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Introduction

Many animals navigate their surroundings efficiently by relying on touch rather than vision. Rats, har-
bour seals, and shrews, for example, sweep their whiskers across surfaces to detect obstacles, esti-
mate object shape, and navigate in complete darkness. This tactile modality is fast, robust to visual
occlusion, and provides direct feedback about contact geometry. Central to its efficiency is the brain’s
processing architecture: neural information is encoded as sparse, event-driven electrical impulses —
spikes — through which complex, adaptive behaviour is achieved at remarkably low energy cost.

Robots are increasingly deployed in challenging, unstructured environments such as caves, tun-
nels, forests, and collapsed buildings. In such settings, conventional perception systems frequently
fail: cameras require adequate lighting, LiDAR is degraded by dust and smoke, and GPS is unavail-
able underground. These limitations motivate alternative sensing modalities that remain functional
during close-range physical interaction with the environment. Biomimetic whisker sensors address this
need directly: passive and lightweight, they encode contact geometry through time-varying signals and
operate independently of ambient lighting or atmospheric conditions.

Inspired by biological vibrissae, robotic whisker arrays have been developed for tasks including con-
tour following, surface reconstruction, and object classification. Modern designs produce rich temporal
signals during sweeping contact, moving well beyond binary collision detection. However, the process-
ing pipelines used in these systems have typically relied on conventional neural networks, which can
be computationally demanding on resource-constrained robotic platforms.

Spiking Neural Networks (SNNs) form a natural processing counterpart to whisker sensors: bio-
logically motivated, they perform sparse, event-driven computation that mirrors neural processing and
promises energy-efficient inference on neuromorphic hardware. Their temporal spike-based process-
ing is inherently suited to time-varying sensor signals. Despite this complementary fit, no prior work has
applied SNNs to the spatially distributed, time-varying pressure signals produced by a whisker array.
This thesis addresses that gap by investigating whether a biomimetic whisker sensor array, combined
with a fully spiking neural network, can classify objects from tactile time-series data — and under what
conditions this approach succeeds.

The central question guiding this work is:

Towhat extent can a biomimetic whisker sensor array, combinedwith spiking neural net-
works, classify objects based on tactile time-series data?

This is addressed along three themes — classification performance, generalisation, and com-
putational efficiency— through the following sub-questions:

Classification performance

RQ-A Are raw pressure signals sufficient for classification, or do temporal derivative features
improve performance?

RQ-D What is the minimum number of contact timesteps required for reliable object classifica-
tion?

1



2 1. Introduction

RQ-E How does the removal of individual whisker sensors affect classification performance?

Generalisation

RQ-B Does the trained SNN generalise to sweep speeds not encountered during training?
RQ-C Does the trained SNN generalise to the reversed sweep direction, and can joint training

recover performance?

Computational efficiency

RQ-F How does the energy consumption of the SNN compare to a structurally equivalent non-
spiking baseline?

The remainder of this report is organised as follows. Chapter 2 presents the scientific paper, cov-
ering the full methodology, experimental setup, results, and conclusions. Chapter 3 provides the lit-
erature study that contextualises and motivated this work. Supplementary material is included in the
appendix.
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Tactile Object Classification Using a Biomimetic
Whisker Sensor Array and Spiking Neural Networks

T.J. van der Weij
Faculty of Mechanical Engineering, Delft University of Technology

Abstract—Robots operating in confined or visually degraded
environments require sensing modalities that provide reliable
close-range feedback. Biologically inspired whisker sensors ad-
dress this need: passive and lightweight, they encode contact
geometry through time-varying signals. Spiking neural networks
(SNNs) form a natural processing counterpart — also biologically
motivated, they perform sparse, event-driven computation that
mirrors neural processing and promises energy-efficient inference
on neuromorphic hardware. Despite this complementary fit,
training data for neuromorphic tactile sensing remains scarce,
and fully spiking architectures have not been evaluated on
whisker-based classification, leaving their practical viability an
open question.

To address this gap, we collected two tactile datasets using a
10-whisker MEMS-based sensor array swept across three object
geometries under varying contact conditions. A compact fully
spiking network with 901 parameters achieved 100% test ac-
curacy, outperforming larger spiking architectures; classification
was reliable from as few as 20 timesteps of contact, and raw
pressure signals alone were sufficient. Generalization experiments
showed that sweep speed had minimal effect on performance,
while indentation depth and sweep direction introduced larger
domain shifts. Compared to a structurally equivalent non-spiking
baseline, the spiking model matched classification accuracy with
an estimated 9.5% reduction in overall inference energy under
analog input and a potential 95% reduction under spike-encoded
input.

These results demonstrate the feasibility of a fully bio-inspired
pipeline — from biomimetic whisker sensing to spiking neural
inference — for tactile object classification.

I. INTRODUCTION

Many animals navigate their surroundings efficiently by
relying on touch rather than vision, using vibrissae (whiskers)
to detect obstacles, estimate object shape, and navigate in com-
plete darkness. Rats, harbor seals, and shrews, for example,
achieve this by sweeping their whiskers back and forth across
surfaces (Fig. 1, left) [1]–[3]. This tactile modality is fast,
robust to visual occlusion, and provides direct feedback about
contact geometry. Central to the efficiency of such biological
systems is the brain’s processing architecture: neural infor-
mation is encoded as sparse, event-driven electrical impulses
— spikes — the global currency through which complex,
adaptive behavior is achieved at remarkably low energy cost.
Imitating this natural intelligence in robotic systems is a
central challenge of modern robotics.

Robots are increasingly deployed in complex, unstructured
environments such as caves, tunnels, forests, and collapsed
buildings. In such settings, conventional perception systems
often fail: cameras require adequate lighting, LiDAR is de-
graded by dust and smoke, and satellite navigation signals

Fig. 1. Biological inspiration and robotic implementation. Left: a rat uses
its vibrissae (whiskers) to explore objects through active whisking (image
courtesy of the Active Touch Laboratory [4]). Right: the biomimetic whisker
sensor array used in this study, sweeping across a test object in the laboratory.

are unavailable underground or indoors [5]–[7]. Even active
acoustic sensing can be unreliable in cluttered or confined
spaces. These limitations create a need for alternative sensing
modalities that remain functional during close-range physical
interaction with the environment. Relevant scenarios include
autonomous navigation of caves and confined spaces [8], [9],
search-and-rescue in collapsed buildings [10], covert opera-
tions benefiting from passive, low-power sensing [11], [12],
and environmental monitoring in dense canopies or other
environments inaccessible to camera-based systems [13].

Inspired by this principle, robotic whisker sensors have
been developed to provide tactile feedback in environments
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Fig. 2. Overview of the bio-inspired tactile classification system. (a) A
10-whisker MEMS-based sensor array is mounted on a linear stage and
performs horizontal sweeps across three objects, recording three channel
pressure signals for each whisker. (b) The resulting time-series data consist
of 30 pressure channels capturing spatiotemporal tactile date as the array
traverses the object surface. (c) The preprocessed pressure signals are fed
as analog input to a spiking neural network, which integrates the temporal
information through LIF neuron dynamics and classifies the trial into one of
the three object classes via rate-coded output neurons.

where vision fails. Early designs used simple contact switches
or bumpers to detect collisions and support wall-following
behavior [3], [14]. While effective for basic obstacle avoid-
ance, these systems provided only binary contact informa-
tion. Modern whisker-inspired sensors, by contrast, produce
time-varying signals during contact [15], encoding richer
information about how and where an object interacts with
the sensor (Fig. 1, right). This has enabled tasks such as
contour following [16], local shape perception, object clas-
sification [17], surface reconstruction [18], and environmental
mapping, including on aerial robotic platforms [5], [15], [19].
The key advance is that these sensors capture the full temporal
dynamics of the whisker-object interaction, moving tactile
sensing beyond collision detection toward precise perception
of surfaces and objects. However, the processing pipelines
used in these systems have typically relied on conventional
neural networks, which can be computationally demanding for
deployment on resource-constrained platforms.

At the same time, robots deployed in these environments
face strict constraints on payload, power consumption, and
onboard computation [20]. Tactile data must therefore be
processed quickly and efficiently on embedded hardware. Con-
ventional artificial neural networks (ANNs) can achieve high
classification performance, but they are often computationally
demanding for edge deployment [21]. Spiking neural networks
(SNNs) offer a potential alternative: by processing information
through sparse, event-driven activity rather than dense matrix
operations, SNNs are widely considered a promising approach
for low-latency and energy-efficient inference [22]. Moreover,
the temporal spike-based processing in SNNs is naturally
suited to time-varying sensor signals such as those produced

by whisker arrays. This makes SNNs a relevant candidate for
tactile perception on resource-constrained robots.

In parallel, neuromorphic tactile systems have demonstrated
that SNNs can efficiently classify tactile data. For example,
SNNs running on dedicated neuromorphic hardware have
achieved high accuracy in texture recognition [23] and Braille
reading [24], with substantial reductions in power consumption
compared to conventional processing. These results suggest
that SNNs are well suited to tactile time-series classification
tasks. Yet, these studies have focused exclusively on fingertip-
style sensors, and no prior work has applied SNNs to the
spatially distributed, time-varying pressure signals produced
by a whisker sensor array. Moreover, labeled datasets for
neuromorphic tactile sensing remain scarce, further limiting
progress in this area.

This gap is notable because whisker arrays and SNNs are
a natural pairing: whisker sensors produce temporal pressure
sequences during sweeping contact, and SNNs are inherently
designed to process temporal spike-based information. Com-
bining the two could yield a tactile perception system that is
biologically inspired, fast and computationally efficient. This
study addresses that gap by investigating whether a biomimetic
whisker sensor array, combined with spiking neural networks,
can classify objects based on tactile time-series data. Figure 2
shows the overall processing pipeline, from whisker-based
pressure sensing to SNN-based classification.

This study investigates to what extent spiking neural net-
works can classify objects with different geometries using
tactile pressure data from a biomimetic whisker sensor array.
To address this, we pursue three objectives: classification
performance, generalization, and computational efficiency.

To address the scarcity of training data for neuromorphic
tactile sensing, we collected and contribute two labeled tactile
datasets by sweeping a 10-whisker MEMS-based sensor array
across three object geometries (cube, rectangular prism, and
sphere) — chosen to represent typical shapes encountered
in navigation and manipulation tasks — under varying in-
dentation depths, sweep speeds, and motion directions. We
then evaluated several fully spiking architectures — multilayer
perceptrons, temporal convolutional networks, and recurrent
SNNs — on this three-class classification task. Beyond overall
accuracy, we investigated which input features, how many
timesteps, and which whisker sensors were needed for reliable
classification. We further tested whether the selected model
generalized to unseen depths, speeds, and reversed sweep
direction, and compared the energy consumption of the SNN
with a structurally equivalent non-spiking baseline. All models
were implemented using the snnTorch library [22].

The results showed that a compact three-layer spiking
network with only 901 parameters achieved perfect classifi-
cation on the held-out test set, outperforming more complex
architectures. Generalization was robust to changes in sweep
speed but degraded under larger domain shifts such as reversed
sweep direction; the SNN matched the non-spiking baseline in
accuracy while offering estimated energy savings of up to 95%
under spike-encoded input.

These findings demonstrate that whisker-based tactile object
classification using SNNs is feasible, and that spiking models
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can match conventional network performance while offering a
path toward substantially more efficient inference — making
them a promising candidate for tactile perception on resource-
constrained robots operating in environments where conven-
tional sensing fails. The main contributions of this work are
as follows:

• We contribute two labeled tactile datasets for whisker-
based tactile object classification, collected under con-
trolled conditions with a 10-whisker MEMS-based sensor
array across varying depths, speeds, and sweep directions.

• We present a proof-of-concept fully bio-inspired pipeline
combining biomimetic whisker sensing with spiking neu-
ral inference, and evaluate multiple fully spiking archi-
tectures on this task, analyzing robustness under varying
contact conditions including sweep speed, indentation
depth, and motion direction.

• We compare SNN models with non-spiking ANN coun-
terparts and analyze their relative computational effi-
ciency, highlighting the potential suitability of SNNs for
resource-constrained robotic platforms.

II. RELATED WORK

A. Robotic Whisker Sensing

Early robotic whisker systems used contact switches or
geometric algorithms for collision detection and surface pro-
filing [3], [25], but provided only limited temporal resolution.

Modern whisker sensors produce richer, time-varying sig-
nals during contact. MEMS-based designs have enabled
lightweight, high-sensitivity whiskers suitable for aerial plat-
forms [15], [26], while vision-based approaches use cameras
to track whisker deflections optically [27], [28]. Multi-element
arrays have also been developed for simultaneous identification
and localization of objects [29], [30]. These advances have
moved whisker sensing beyond binary contact detection to-
ward continuous tactile perception, where time-series contact
signals can encode object shape, texture, and contact geometry.

B. Whisker-Based Classification and Mapping

Whisker sensors have been applied to a range of tactile
tasks. Kim et al. [31] demonstrated that biomimetic whiskers
could discriminate object shapes based on deflection signals
during active whisking. More recent work has combined
whisker arrays with deep neural networks for object classi-
fication from point clouds [17] and with Bayesian filtering
for 3D surface reconstruction [18]. Tactile navigation has also
been explored, from simple surface identification on mobile
robots [32] to aerial contour following [16] and quadrotor
navigation using a compliant tactile finger [5].

A common theme across this work is that richer sensor
signals — capturing the full temporal dynamics of whisker-
object interaction rather than only instantaneous contact —
enable more informative perception. However, the processing
of these time-varying signals has relied on conventional neural
networks or geometric methods. No prior work has applied
spiking neural networks to whisker sensor data.

C. Spiking Neural Networks for Tactile and Time-Series Data

Unlike conventional ANNs, which propagate continuous-
valued activations through dense matrix operations, SNNs
communicate through sparse, binary spike events, making
them naturally suited to neuromorphic hardware. SNNs pro-
cess information through these discrete spikes over time,
offering potential advantages in energy efficiency and temporal
data processing [22], [33]. For time-series tasks, Lv et al. [34]
demonstrated that SNN counterparts of TCNs, RNNs, and
Transformers achieved comparable forecasting performance to
conventional ANNs with substantially lower estimated energy
consumption.

In tactile sensing specifically, neuromorphic systems have
combined event-based sensors with SNNs. Brayshaw et
al. [23] achieved 94% texture classification accuracy using
a neuromorphic tactile sensor and SNN on Loihi2 hardware,
with 96% power reduction compared to GPU execution. Xu
et al. [24] applied spiking convolutional networks to Braille
reading with a neuromorphic tactile sensor, demonstrating
generalization across tapping speed and sensor position. Ward-
Cherrier et al. [35] introduced the NeuroTac sensor, which
transduces contact information into spike trains using an event-
based camera.

These studies demonstrate the viability of SNNs for tactile
classification tasks. However, they have focused on fingertip-
style sensors rather than whisker arrays, and the sensing
modalities differ fundamentally: fingertip sensors measure
local deformation at the point of contact, while whisker arrays
capture spatially distributed, time-varying contact signals.

III. EXPERIMENTAL SETUP

A. Whisker Sensor

Each individual whisker sensor unit consists of three com-
ponents [15]: (1) a nitinol wire serving as the whisker shaft,
(2) a follicle structure containing a plastic tube, UV resin, and
three MEMS barometers, and (3) an integrated microcontroller
PCB for signal acquisition and communication. The whisker
shaft is a 200 mm nitinol wire with a 0.4 mm diameter, which
provides broad sensing coverage and high sensitivity while
keeping stiffness low.

Upon contact with an object, forces and moments are
transmitted through the whisker shaft to the follicle, where the
resulting deformation exerts pressure on the embedded barom-
eters. The whisker base experiences three forces and three
moments, effectively encompassing all mechanical informa-
tion entering the follicle [15]. The three BMP390 barometers
(Bosch) at the whisker base measure the resulting pressure
changes, providing a three-dimensional pressure response.
Bending the whisker toward a barometer compresses the sur-
rounding resin, producing a negative pressure reading, while
bending away produces a positive reading. This directional
sensitivity enables the sensor to capture the full spatial struc-
ture of the contact.

Signal acquisition is managed by an STM32F070F6 mi-
crocontroller, which reads the three barometers sequentially
via an SPI bus. Each hexagonal PCB features communication
ports on all sides, enabling flexible daisy-chain expansion
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Fig. 3. Whisker sensor array with ten whisker units arranged in four columns
(top to bottom, left to right: 0 1 2; 3 4; 6 5 9; 7 8). During a forward sweep the
top row makes contact first; during a backward sweep the bottom row makes
contact first. Sensors 6 and 9 (marked) were excluded due to non-functional or
low-sensitivity readings, leaving eight active whiskers (24 pressure channels).

into larger arrays. However, the use of soft material-based
MEMS whiskers inherently introduces limitations such as non-
linearity and hysteresis in the sensor response [15].

B. Whisker Sensor Array

Ten whisker units of the design described above are ar-
ranged in a fixed spatial layout and connected in a daisy-chain
configuration through the hexagonal PCB communication
ports. The resulting array records 30 pressure channels in total
(10 whiskers × 3 barometers each). An analog multiplexer
(Analog MUX Click, MIKROE-4111) is used to route the
sensor signals, and a Seeeduino XIAO nRF52 microcontroller
coordinates readout across all units.

The physical layout of the array is shown in Fig. 3. During
initial characterization, two whisker units (sensors 6 and 9)
were found to be non-functional or insufficiently sensitive.
Their corresponding six pressure channels were excluded
during preprocessing, leaving 24 input channels (8 whiskers
× 3 channels) for all modeling experiments.

C. Experimental Platform and Test Objects

The experimental platform consists of the whisker sensor
array mounted on a motorized linear stage that performs
controlled sweeping motions across test objects.

Fig. 4. The three test objects used for classification: sphere, cube, and
rectangular prism, oriented at an angle to present a corner-like contact profile.

The array is attached to a belt-driven linear stage (855 mm
travel) actuated by a NEMA17 stepper motor. A Seeeduino
XIAO nRF52 microcontroller simultaneously controlled the
stepper motor and read all whisker sensors via the analog
multiplexer, logging synchronized pressure and motor-position
data to the host computer.

Three rigid objects with distinct contact geometries are used
for evaluation: a sphere (diameter 300 mm), a cube (250 mm
side length), and a rectangular prism (280× 160× 470 mm),
oriented at an angle to present a corner-like profile. During
each trial, the whisker array sweeps toward the object at a
constant velocity. The motion consists of four phases: ap-
proach, contact, dwell, and retraction, covering a total stroke of
700 mm. Recording begins from a fixed zero position located
250 mm from the object surface.

Motor steps are converted to millimeter displacement using
the known belt pitch, providing a position estimate at each time
step. Contact depth is defined as the perpendicular distance
between the whisker tips and the object surface at the moment
of first contact. Pressure signals are sampled at approximately
5 Hz, producing a frame-based dataset. To reduce experimental
bias, the order of object type, sweep speed, and contact depth
is randomized across trials.

D. Tactile Dataset Acquisition

Two datasets were collected using the experimental setup
described above. Representative pressure signals and pre-
processing visualizations for both datasets are presented in
Section VI-A.

1) Forward-sweep dataset: The first dataset consists of
forward sweeps (defined as motion toward the object) against
the three object classes. In each trial, the whisker array
approaches the object, makes contact, and continues the sweep
along the slide axis while pressure signals are recorded.

The forward-sweep dataset varies along three experimental
factors:

1) Object type: cube, rectangular prism, sphere
2) Indentation depth: 55 mm, 80 mm, 100 mm
3) Lateral sweep speed: 19 mm/s, 26 mm/s, 38 mm/s
Five trials were recorded for each combination of condi-

tions, resulting in a total of 3 × 3 × 3 × 5 = 135 trials.
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During each trial, synchronized measurements include the 24
active pressure channels, the motor position along the slide
axis, and the corresponding labels (object type, sweep speed,
and indentation depth). Because sweep speed varies across
conditions, trial duration and sequence length also vary.

2) Backward-sweep dataset: A second dataset was col-
lected to evaluate generalization across motion direction. In
this dataset, the whisker array performs a backward sweep
(defined as motion away from the object) after initial contact.

To isolate the effect of sweep direction, the motion param-
eters were fixed to a single configuration:

1) Indentation depth: D2 (80 mm)
2) Lateral speed: S3 (38 mm/s)
Thirty backward-sweep trials were collected in total, with

ten trials per object class. Data were recorded using the same
sensing and acquisition setup as for the forward-sweep dataset.

IV. DATA PROCESSING

A. Preprocessing

Raw trial recordings were transformed into model-ready
time-series tensors using a fixed preprocessing pipeline con-
sisting of contact-phase cropping, outlier handling, baseline
correction, filtering, normalization, and sequence collation.

The signals were first cropped to retain only the contact-
relevant portion of each trial. Timesteps corresponding to
the initial approach phase, during which the sensor moved
through air without object contact, were removed. For forward
sweeps, this non-contact region corresponded to whisker-array
positions from 0 to −250mm. For backward sweeps, the
non-contact range from 0 to +250mm was removed. This
cropping step ensured that the retained sequences focused on
the physically meaningful contact phase.

To improve signal quality, extreme values exceeding
200 kPa were replaced with NaN, followed by IQR-based
clipping with factor 3.0.

After outlier handling, baseline correction was applied inde-
pendently to each channel by subtracting the first valid value.
The resulting signals were then filtered using a first-order But-
terworth band-pass filter (0.03–2.0 Hz at ≈5.16 Hz sampling
rate), removing slow drift and high-frequency noise. Finally,
the processed signals were standardized using global z-score
normalization computed on the training split only. Because
trial duration varied across sweep conditions, sequences were
padded to a common length with a binary mask to exclude
padded timesteps from loss and prediction.

B. SNN Model Architectures

Three fully spiking model families were evaluated: mul-
tilayer perceptrons (MLPs), temporal convolutional networks
(TCNs), and recurrent neural networks (RNNs). Each architec-
ture follows a standard ANN design, with activation functions
replaced by leaky integrate-and-fire (LIF) neurons to form a
fully spiking equivalent. This approach allows direct struc-
tural comparison between spiking and non-spiking variants
while leveraging architectures with well-understood inductive
biases for time-series data. These families represent the most

widely used architectures for deep learning-based time-series
classification [36]: MLPs provide a simple, parameter-efficient
baseline with no structural assumptions about the input; TCNs
exploit translation invariance along the time axis, enabling
detection of contact patterns regardless of their temporal offset
within the sweep; and RNNs incorporate explicit recurrent
memory, suited to signals where the history of contact shapes
the current response. Because the dataset is relatively small,
all models were intentionally kept low-dimensional to reduce
the risk of overfitting.

1) Fully Connected Models: Two MLP variants were eval-
uated: MLP3 and MLP4. Both consisted of fully connected
layers interleaved with leaky integrate-and-fire (LIF) neurons.
The input layer received the 24-dimensional tactile feature
vector at each timestep, and the final layer produced three
output neurons corresponding to the object classes. MLP3
contained two hidden layers, while MLP4 contained three. The
hidden layer size was varied between 32 and 64 neurons during
the hyperparameter sweep.

2) Temporal Convolutional Models: Temporal convolu-
tional networks (TCNs) were used to capture local temporal
patterns in the tactile signals. These models applied one-
dimensional convolutions over the time axis while treating the
sensor channels as input channels. The architecture consisted
of two Conv1d layers, each followed by LIF neurons, with
optional temporal max pooling (k = 1 or k = 2) along the
time axis before a fully connected spiking classifier.

Two variants were considered. The standard TCN mixed
all sensor channels in the first convolutional layer. The
TCN_Whisker variant used grouped convolution in the first
layer, where the three channels belonging to each whisker were
processed independently before cross-whisker integration oc-
curred in the second convolutional layer. This design reflected
the physical grouping of the tactile sensors.

3) Recurrent Models: A recurrent SNN architecture was
evaluated using recurrent leaky integrate-and-fire neurons
(RLeaky) from snnTorch. In this neuron model, each neuron’s
previous spike output was fed back as additional input current,
giving it an explicit memory of its own recent firing history
beyond the standard membrane decay.

Two configurations were considered: a single recurrent
hidden layer and a two-layer recurrent architecture. The output
layer could optionally use recurrent connections, allowing
evaluation of whether recurrence in the classifier stage im-
proved performance.

C. ANN Baseline Model

To isolate the effect of spiking dynamics on classification
performance and energy consumption, a non-spiking ANN
counterpart was constructed for the best-performing SNN
architecture identified during the hyperparameter sweep (Sec-
tion VI-C). This ANN model, referred to as MLP3_NonSpike,
replicated the connectivity of the spiking MLP3 two fully
connected layers with identical layer sizes (24→32→3) and
no dropout but replaced the LIF neurons with ReLU ac-
tivations and removed all membrane dynamics. Instead of
spike-count decoding, the ANN produced class predictions
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by mean-pooling the per-timestep output logits over the full
sequence length. This ensured that differences in classification
performance and computational cost could be attributed to the
spiking mechanism rather than to architectural differences.

D. Training Procedure
Fully spiking neural networks were trained to perform three-

class object classification from complete whisker-pressure
sequences. Each sample corresponded to one full trial and
was assigned a single object label. Unless stated otherwise,
training on the forward-sweep dataset pooled data across all
sweep speeds and indentation depths.

All models used the standard leaky integrate-and-fire (LIF)
neuron update rule with a fixed threshold of 1.0, trained
via backpropagation through time using surrogate gradients
(arctangent) [22]. Normalized raw sensor values were provided
directly as analog input currents to the first spiking layer,
avoiding the information bottleneck of external rate encoding.
The optimizer was selected as part of the hyperparameter
sweep (Section V-C), with Adam and AdamW producing the
most reliable convergence. Training ran for a maximum of 200
epochs with early stopping based on validation performance
(patience of 50 epochs).

Class prediction was based on spike-rate decoding. Out-
put spikes were accumulated across time, and the predicted
class was taken as the output neuron with the highest total
spike count over the sequence. Training used a cross-entropy
spike-rate loss computed from the output spike activity over
time. Variable-length sequences were padded and masked as
described in Section IV-A.

V. EXPERIMENTAL PROTOCOL

A. Data Splitting and Evaluation
All experiments were conducted at the trial level, where

each recorded trial was treated as one independent sample.
To prevent leakage between temporally related measurements
from the same recording, splitting was performed over com-
plete trials rather than over individual time steps or subse-
quences.

For the main i.i.d. classification experiments on the forward-
sweep dataset, the data were divided into training, valida-
tion, and test sets using a stratified split. Stratification was
performed over object class to preserve class balance across
the three subsets. The split was generated once using a fixed
random seed of 42 and stored as a JSON file so that all models
were evaluated on exactly the same partition. For the 135-trial
forward-sweep dataset, this resulted in 93 training trials, 18
validation trials, and 24 test trials.

The validation set was used for all model-development
decisions; the test set was held out until after all design choices
were finalised.

Model performance was assessed primarily using accuracy
and macro-F1. For the domain generalization experiments,
results were additionally reported per held-out domain, and
confusion matrices were used to analyze class-specific error
patterns. Unless stated otherwise, each reported condition was
evaluated over three random seeds, and results were reported
as mean ± standard deviation.

TABLE I
PREPROCESSING ABLATION CONDITIONS.

Condition Description Purpose

C1_N0 Cropped + min–max Baseline
C0_N0 Uncropped + min–max Effect of cropping
C1_N1 Cropped + z-score Effect of normalization

C0/C1: uncropped/cropped to the contact phase (position ≤ −250mm); N0:
global min–max scaling to [0, 1]; N1: global z-score (µ = 0, σ = 1). Each
row varies one factor relative to the baseline (top row). All other settings

held fixed: MLP3, raw analog input, Adam, batch size 16, 200 epochs with
early stopping.

B. Fixed Pipeline

Using the preprocessing operations defined in Section IV-
A, a controlled ablation was conducted to select the default
cropping and normalization strategy. The purpose of this phase
was to determine one fixed preprocessing pipeline for all
subsequent experiments.

All preprocessing ablations were conducted using a fixed
baseline configuration: three-class object classification with
MLP3, raw analog input, spike-rate decoding, cross-entropy
spike-rate loss, Adam optimization, batch size 16, and a
maximum of 200 epochs with early stopping (patience = 50).
Each condition was evaluated over three random seeds on the
validation set using accuracy and macro-F1.

The ablation focused on two factors: cropping and nor-
malization. Cropping determined whether the sequence was
restricted to the contact-relevant portion of the sweep, while
normalization defined how pressure values were scaled before
training. The evaluated conditions are listed in Table I. The
filtering configuration was kept fixed, as the selected band-
pass range of 0.03–2.0 Hz was treated as a measurement-driven
design choice rather than an experimental variable.

C. Hyperparameter Sweep

After establishing the fixed preprocessing pipeline, a con-
strained hyperparameter sweep was conducted to identify
the best-performing fully spiking architecture for the object-
classification task. The search focused on architectural and
training hyperparameters while keeping preprocessing fixed.
The architectural search space is summarized in Table II, and
the neuron and optimizer parameters in Table III.

The sweep was performed using random search with 150
trials. Random search was chosen because the search space
contained many categorical and discrete parameters across
different model families, for which it provided broad and
uniform coverage.

The candidate model families were MLP3, MLP4, TCN,
TCN_Whisker, and RNN. All models used the fixed analog-
input pipeline with global z-score normalization. Performance
was evaluated on the validation split using macro-F1, and the
best configuration was selected based on validation perfor-
mance. To reduce variance due to stochastic optimization, each
sampled configuration was evaluated over three random seeds
and the mean validation score was used for selection.

Because the validation set contained only 18 trials, the
sweep was intentionally kept constrained to reduce the risk
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TABLE II
ARCHITECTURE HYPERPARAMETER SEARCH SPACE.

Parameter Values Applies to

num_hidden 32, 64, 128 All models
ch1, ch2 16/32, 32/64 TCN, TCN_Whisker
kernel_size 3, 5 TCN, TCN_Whisker
pool_k 1, 2 TCN, TCN_Whisker
num_layers 1, 2 RNN
output_recurrent true, false RNN

num_hidden: hidden layer width; ch1/ch2: first/second Conv1d output
channels; pool_k: temporal max-pooling kernel (k=1: no pooling, k=2:
halves temporal dimension); output_recurrent: whether the RNN output

layer uses recurrent (RLeaky) or non-recurrent (Leaky) neurons.

TABLE III
NEURON AND OPTIMIZER HYPERPARAMETER SEARCH SPACE.

Parameter Search space

β uniform [0.5, 0.99]
learn_beta true, false
optimizer Adam, AdamW, SGD
learning rate log-uniform [10−4, 10−2]
weight decay log-uniform [10−5, 10−2]
batch size 8, 16, 32

β: LIF membrane decay factor (higher values retain more membrane
potential across timesteps); learn_beta: whether β is optimized during

training or kept fixed.

of overfitting to the validation split. In addition to validation
performance, the number of model parameters was considered
as a selection criterion, with preference given to smaller
models to reduce overfitting risk on the small dataset. After
the sweep, the selected configuration was locked and evaluated
once on the held-out test set.

D. Research Question Experiments

After the preprocessing pipeline and baseline model con-
figuration were fixed through the preprocessing ablation and
constrained hyperparameter sweep, the research questions
were evaluated through controlled ablation experiments. These
experiments address two of the objectives introduced in Sec-
tion I: classification performance (effect of finite difference
features, temporal window, whisker ablation) and general-
ization (depth and speed, direction). In each experiment,
the preprocessing pipeline, selected architecture, and tuned
hyperparameters were kept fixed, and only the factor under
investigation was varied. All conditions were trained from
scratch, and the held-out test set was evaluated once per
condition per seed.

1) Effect of finite difference features: Sudden changes in
pressure — such as those occurring at object edges or during
whisker release — may carry discriminative information that
is not equally apparent in the raw pressure magnitude. We
therefore hypothesized that including finite difference fea-
tures alongside raw pressure would improve classification.
To evaluate this, only the input representation was varied.
Three conditions were considered: raw pressure only (D0),
finite difference only (D1), and raw and finite difference

features concatenated (D2). The first-order finite difference
was computed at runtime as

∆X[t] = X[t]−X[t− 1],

where X[t] denotes the z-score normalized pressure signal at
time step t, and ∆X[0] = 0. Finite difference features were
normalized using statistics computed on the training split only.
Under this setup, D0 and D1 used 24 input channels, whereas
D2 used 48 input channels. All other model and training
settings remained unchanged.

2) Temporal window: This experiment investigates how
much temporal information is required for reliable object
classification. Specifically, we evaluated at which point during
the whisker sweep the SNN could make an accurate prediction.

To ensure consistent temporal alignment across samples,
only trials at a fixed sweep speed (S1) are used. This subset
contains 45 trials (15 per class), with nearly uniform sequence
lengths. As a result, timestep index N corresponds to the same
absolute time window across all trials.

Two types of truncated input sequences were evaluated:
• Head (H): the first N timesteps, capturing contact onset

dynamics
• Tail (T): the last N timesteps, capturing late-contact or

full-engagement dynamics
Comparing head and tail conditions at the same N allows us

to determine whether early or late parts of the signal contain
the most discriminative information.

The dataset is split at the trial level into 30 training, 6
validation, and 9 test samples.

A range of temporal windows was evaluated by varying
N ∈ {10, 20, 30, 40, 50, 60, 80} timesteps, corresponding to
approximately 1.9 to 15.5 seconds of data. In addition, a
full-length condition (N = 116) is included as a reference.
Both head and tail truncations are tested for each value of N ,
resulting in a total of 15 experimental conditions.

Each condition was evaluated using three random seeds,
yielding 45 runs in total.

3) Whisker ablation: This experiment evaluates the con-
tribution of individual whiskers to the classification task.
The baseline MLP3 model uses all 24 input channels (8
whiskers with 3 pressure channels each). Here, we assess
whether reliable classification can be achieved using only a
single whisker and identify which whiskers carry the most
discriminative information.

Two types of input configurations were considered. In the
full-input condition (S_all), all whiskers are used. In the
single-whisker conditions (S0 to S7), only one whisker is
provided as input, corresponding to its three pressure channels.
This results in nine experimental conditions in total.

For the single-whisker settings, the MLP3 architecture is
adapted by reducing the input dimensionality to three channels.
Apart from this change in the first layer, all model architec-
ture and training parameters remain identical to the baseline
configuration. This ensures that performance differences can
be attributed solely to the available sensor information.

Each condition was evaluated using three random seeds,
resulting in 27 runs in total.



8

4) Depth and speed generalization: To evaluate robustness
to unseen contact conditions, domain generalization experi-
ments were conducted across indentation depth and sweep
speed. In contrast to the random train/validation/test split used
in the hyperparameter sweep, these experiments used domain-
based splits over the full forward-sweep dataset of 135 trials.
Although these splits overlap with the trials used in earlier
phases, this did not introduce leakage because all models were
trained from scratch within each domain generalization fold.

In the leave-one-depth-out (LODO) setting, models were
trained on trials from two indentation depths and evaluated on
the held-out depth. This yields three folds:

d1 + d2 → d3, d1 + d3 → d2, d2 + d3 → d1.

In the leave-one-speed-out (LOSO) setting, the same pro-
cedure is applied across sweep speed, again resulting in three
folds:

s1 + s2 → s3, s1 + s3 → s2, s2 + s3 → s1.

Within each fold, two training conditions were compared:
no augmentation (A0) and additive Gaussian noise jitter [37]
during training (A1). This noise models realistic session-to-
session sensor variability: barometric sensors can respond
slightly differently across sessions due to temperature drift,
mechanical settling, and contact repeatability. The noise was
injected into the raw baseline signal before band-pass filtering,
so that any artificially introduced high-frequency components
were attenuated by the same filter applied to the original data.
Appendix A, Fig. 15, illustrate the magnitude and qualitative
effect of the selected augmentation level. Augmented samples
were generated only for training trials; validation and test trials
remained unaugmented. Under the balanced design, each held-
out depth or speed domain contained approximately 45 trials,
corresponding to 15 trials per object class. Performance was
reported as accuracy on each held-out domain, together with
confusion matrices.

5) Direction generalization: In real deployment a robot
may approach objects from any direction. This experiment
evaluates whether a model trained on forward sweeps gener-
alizes to backward sweeps. The forward dataset was restricted
to depth D2 and pooled across all three speeds, resulting in
45 trials. The backward dataset consisted of 30 trials collected
at the same depth D2 and fixed speed S3.

Three conditions were evaluated. In C1, only backward data
were used, providing a reference for whether the backward
dataset is intrinsically classifiable. In C2, the model was
trained on forward data only and tested on backward data,
forming the zero-shot transfer setting. In C3, the model was
trained jointly on forward and backward data to test whether
exposure to both directions reduces the transfer gap.

For all direction-generalization conditions, z-score normal-
ization statistics were computed on the corresponding training
split only. In the zero-shot setting, normalization parameters
were fitted on the forward training set and applied unchanged
to the backward test set. Each condition was evaluated over
three random seeds using validation and test accuracy and
macro-F1.

TABLE IV
PER-LAYER OPERATION COUNTS FOR THE ANN AND SNN MLP3

MODELS.

Layer ANN SNN (analog)

fc1 (24→32) T×768 MACs T×768 MACs
LIF updates — T×35 ACs
fc2 (32→3) T×96 MACs rLIF ·T×96 ACs

(T = number of timesteps, rLIF = hidden firing rate) MAC:
multiply-accumulate (dense, used by ANN); AC: accumulate-only (sparse,
triggered by spikes in SNN). LIF updates account for one AC per neuron
per timestep for membrane potential decay. fc1 costs are identical because

both models receive analog input.

E. Comparison with ANN Models

This section addresses the third objective introduced in
Section I: computational efficiency. To isolate the effect of
spiking dynamics, the non-spiking ANN counterpart of the
best-performing SNN (MLP3_NonSpike, described in Sec-
tion IV-C) was trained using the same dataset splits, prepro-
cessing pipeline, and locked hyperparameters as the SNN. The
comparison evaluates two aspects: (1) classification perfor-
mance, measured by accuracy and macro-F1 on the held-out
test set, and (2) estimated energy consumption per inference.

Energy was estimated using the 45 nm hardware model of
Yao et al. [38], with EMAC = 4.6 pJ per multiply-accumulate
and EAC = 0.9 pJ per accumulate operation. This comparison
provides insight into the potential benefits of using spiking
models for tactile perception on resource-constrained plat-
forms.

Because both models receive the same z-score normalized
(analog) inputs, the first-layer costs are identical. The energy
comparison therefore focuses on the internal computations,
summarized in Table IV. The key difference lies in fc2: the
ANN performs dense MAC operations at every timestep, while
the SNN receives binary spike inputs, reducing fc2 to sparse
accumulate operations scaled by the hidden firing rate rLIF.
A second, hypothetical condition simulates an event-based
sensor using delta encoding: a spike is emitted when the
change in the z-scored signal exceeds a threshold θδ = 0.1,
with separate channels for positive and negative crossings.
The threshold was chosen to produce a sufficient spike rate
for accurate classification while remaining small enough to
capture meaningful signal changes, verified via a preliminary
test. This converts the analog input to binary spike trains, so
fc1 becomes a sparse AC operation rather than a MAC. Full
details are provided in Appendix B-C.

VI. RESULTS

A. Datasets and Preprocessing

Representative processed pressure signals, preprocessing
step visualizations, noise augmentation, and backward-sweep
signals are provided in Appendix A.

B. Preprocessing Ablation

Table V summarizes the preprocessing ablation results over
three random seeds.
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TABLE V
PREPROCESSING ABLATION.

Condition Val. acc. (%)

C1_N0 88.89 ± 0.0
C0_N0 33.33 ± 0.0
C1_N1 92.59 ± 5.2

C0/C1: uncropped/cropped to contact phase; N0/N1: min–max/z-score
normalization. Evaluated using the MLP3 baseline with Adam, batch size
16, and 200 epochs with early stopping. The validation set contained 18

samples (one sample ≈ 5.6 pp). Cropping was essential (C0_N0 at chance);
z-score normalization (C1_N1) outperformed min–max.

The results show that cropping is essential for successful
classification. The uncropped condition, C0_N0, performs at
chance level across all three seeds, with a validation accu-
racy of 33.33% and a macro-F1 of 16.67%. This indicates
that, without restricting the sequence to the contact-relevant
segment, the input is dominated by the approach phase,
which contained little or no object-discriminative pressure
information. Under this condition, the model converges to a
trivial majority-class solution. Cropping is therefore retained
as a fixed component of the preprocessing pipeline.

Among the cropped conditions, z-score normalization out-
performs min–max normalization. Condition C1_N1 achieves
the highest mean validation accuracy and macro-F1, reaching
92.59% and 92.38%, respectively, compared with 88.89% and
88.57% for C1_N0.

The variance observed for C1_N1 is higher than for C1_N0,
although this should be interpreted with caution given the
small validation set. Since one validation sample corresponds
to 5.6 percentage points, the difference between 88.89% and
100% corresponds to only two additional correctly classified
samples. The higher standard deviation therefore likely reflects
small-sample variation rather than a qualitatively different
performance regime.

C. Model Selection

Table VI compares the five fully spiking model families
evaluated in the constrained hyperparameter sweep.

Among the five model families, MLP3 achieved the highest
mean validation accuracy, reaching 97.22± 7.1%, while also
requiring by far the fewest parameters. In contrast to the
convolutional and recurrent variants, MLP3 processed each
time step as a flat sensor vector and relied on LIF mem-
brane dynamics for temporal integration. This indicated that
the instantaneous whisker pressure pattern already contained
sufficient discriminative information, while more structured
temporal connectivity provided limited additional benefit on
this dataset.

A notable result was that the validation set became sat-
urated for the strongest models. MLP3, MLP4, TCN, and
TCN_Whisker all achieved at least one run with 100% val-
idation accuracy, and within the MLP3 family a large fraction
of runs reached this ceiling. Because the validation split con-
tained only 18 samples, it had limited power to discriminate
between top-performing configurations. For this reason, model
selection within the best-performing group was based not only

on peak validation score, but also on robustness and parameter
efficiency.

RNN performed substantially worse than the other architec-
tures, with a mean validation accuracy of 65.81±15.5% and a
maximum of only 88.89%, indicating that recurrent structure
did not provide a systematic advantage in this setting.

For the convolutional architectures, temporal max-pooling
consistently improved performance. Applying pooling with
k = 2, which halved the temporal dimension before classifi-
cation, yielded better results than the non-pooled variants for
both TCN and TCN_Whisker.

From a deployment perspective, MLP3 was also the most
parameter-efficient architecture. The smallest MLP3 configura-
tion, using 901 parameters, achieved the same peak validation
accuracy as substantially larger alternatives, including MLP4
and the convolutional models. Based on these results, MLP3
was selected as the baseline architecture for the subsequent
experiments. Because multiple MLP3 configurations reached
the validation ceiling, the final locked configuration was
chosen using parameter count as a tiebreaker, resulting in the
selection of the smallest reproducibly high-performing model.
The training dynamics of the selected model are shown in
Fig. 5.

D. Baseline Evaluation

To verify the robustness of the selected configuration, the
locked MLP3 model was retrained using three random seeds.
All three runs converged successfully and achieved 100%
validation accuracy, confirming that the selected configuration
was reproducible and not an artifact of a single favorable
initialization.

Final evaluation on the held-out test set further supported
this choice. The locked MLP3 configuration achieved 100.0
± 0.0% test accuracy and 100.0 ± 0.0% macro-F1 across
three seeds on the 24-sample test set. This confirmed that the
selected baseline generalized perfectly under i.i.d. evaluation.

A well-tuned TCN also reached 100% test accuracy and
macro-F1, indicating that convolutional spiking models could
match MLP3 on the held-out test split. However, MLP3
remained the preferred baseline because it combined perfect
test performance with substantially lower parameter count and
more reliable training behavior.

E. In-depth Analysis of Selected Model

An example of the layer-wise spiking activity for a single
cube trial is shown in Fig. 6. The input layer (top) displays
the z-score normalized pressure signals as a heatmap across
all 24 channels. The hidden layer (middle) shows the resulting
spike raster for the 32 LIF neurons, illustrating the sparse,
temporally distributed activity that emerged from the analog
input. The output layer (bottom) shows the spikes of the three
class neurons; the sustained firing of output neuron 0 indicated
a correct classification as cube.

F. Classification Performance

1) Effect of Finite Difference Features: Using the selected
MLP3 baseline, a controlled feature ablation was conducted to
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TABLE VI
SPIKING ARCHITECTURE COMPARISON ACROSS TRAINING RUNS.

Spiking Architecture Mean val. acc. (%) Best val. acc. (%) No. of params

MLP3 97.22 ± 7.1 100.0 901
MLP4 89.29 ± 13.9 100.0 20,099
TCN 87.72 ± 11.7 100.0 22,883
TCN_Whisker 87.65 ± 16.5 100.0 9,799
RNN 65.81 ± 15.5 88.89 14,287

150 random-search trials across five fully spiking model families with the fixed z-score preprocessing pipeline. Validation set contained 18 samples (one
sample ≈ 5.6 pp). No. of params refers to the best-performing configuration per family. MLP3 achieved the highest mean accuracy with the fewest

parameters and was selected as the baseline for all subsequent experiments.
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Fig. 5. Training and validation accuracy and loss curves for the selected MLP3 model. The model reached stable high accuracy from approximately epoch
75 onward, while the validation loss did not diverge from the training loss, indicating no clear evidence of overfitting.

TABLE VII
HELD-OUT TEST-SET PERFORMANCE OF THE TOP SELECTED RUNS.

Model Test acc. (%)

MLP3 100.0 ± 0.0
MLP4 69.4 ± 2.0
TCN 100.0 ± 0.0

Test set contained 24 samples (one sample ≈ 4.2 pp). Each model was
retrained with three seeds using the best configuration from the sweep.

MLP3 and TCN both achieved perfect test performance; MLP4 overfitted
despite matching MLP3 on validation.

evaluate whether finite difference features improved classifi-
cation performance. Only the input representation was varied,
while the preprocessing pipeline, architecture, and training set-
tings were kept fixed. Representative finite difference signals
for the three object classes are shown in Appendix A, Fig. 14.

The results showed that raw pressure alone was sufficient
to achieve ceiling performance on this dataset. Condition D0
reached 100.0% validation accuracy and 100.0% test accuracy
across all three seeds, confirming that the selected baseline
was stable and that the raw whisker pressure signals already
contained enough information for perfect classification under
the present evaluation setting.

Using only finite difference features led to slightly lower
performance. Condition D1 achieved 94.4% validation accu-
racy and 94.4% test accuracy on average, indicating that the
temporal rate of change of the pressure signal was informative,

TABLE VIII
EFFECT OF FINITE DIFFERENCE FEATURES ON CLASSIFICATION

PERFORMANCE.

Condition Description Test acc. (%)

D0 Raw pressure only 100.0 ± 0.0
D1 Finite difference only 94.4 ± 5.2
D2 Raw + finite difference 100.0 ± 0.0

D0: 24 raw pressure channels; D1: 24 finite difference channels
(∆X[t] = X[t]−X[t− 1], with ∆X[0] = 0); D2: 48 channels (raw +

finite difference concatenated). D0 and D1 used the locked MLP3 baseline
(901 parameters); D2 used 1,669 parameters due to the doubled input size.

Raw pressure alone was sufficient; finite difference features were
informative but redundant when combined with raw input. All conditions

evaluated on the same 24-trial held-out test set.

but not as informative as the raw pressure sequence itself.
Since performance remained well above the three-class chance
level of 33.3%, finite difference features clearly retained class-
discriminative information.

Combining raw and finite difference features did not im-
prove performance over the raw baseline. Condition D2
matched D0 exactly, reaching 100.0% on both validation and
test sets. This indicated that, for the present task, the finite
difference representation did not provide additional discrimi-
native information beyond what was already available in the
raw pressure sequence.

2) Temporal Window: Fig. 7 shows the performance of
the selected MLP3 model under different temporal truncation
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Fig. 6. Layer-wise activity of the selected MLP3 model for a single cube trial. Top: z-score normalized analog input across 24 pressure channels (8 whiskers
× 3 channels); several channels remain near zero throughout, reflecting whiskers with low sensitivity or weak contact response. Middle: spike raster of the
32 hidden LIF neurons. Several hidden neurons (indices 8–11) are silent throughout the trial, indicating dead neurons that do not contribute to classification.
The remaining hidden neurons fire at a steady rate after an initial transient of approximately 15 timesteps. Bottom: output layer spikes for the three class
neurons (0: cube, 1: sphere, 2: rectangular prism). Neurons 1 and 2 fire briefly at the start before becoming silent, while neuron 0 fires continuously from
around timestep 15 onward, showing that the model commits to the correct cube classification early in the sweep — well before the characteristic pressure
release at the end.

conditions. Both head (first N timesteps) and tail (last N
timesteps) segments of the sequence were evaluated to deter-
mine where discriminative information was concentrated. Each
condition was trained from scratch on the S1-only subset (45
trials at fixed speed), with a 9-sample test set.

For the head conditions, a clear threshold was observed.
Using only the first 10 timesteps (∼2 s of contact) resulted in
reduced performance (70.4 ± 5.2% test accuracy), indicating
that the very earliest signals were insufficient for reliable
classification. However, performance improved sharply at 20
timesteps (∼4 s), where the model achieved 100% test accu-
racy across all three seeds. The head conditions remained at
ceiling performance through 60 timesteps, confirming that the
first 20 timesteps contained sufficient discriminative informa-
tion.

The tail conditions demonstrated even stronger perfor-
mance: the final 10 timesteps alone were sufficient to achieve
100% test accuracy, and performance remained at ceiling
through 60 timesteps. This indicated that discriminative object
information was also present during the late-contact phase,

when the whiskers were fully engaged with the object.
Apparent degradation was observed at the largest windows

(H80, H_full, and T80). However, these drops corresponded to
only one or two misclassifications and should be interpreted
with caution given the small test set: on 9 samples, a single
error produced an 11.1 percentage point drop. Since a fresh
model was trained for each condition, these variations were
attributed to stochastic optimization on the small training
set rather than to a systematic effect of window length.
Notably, this degradation at H_full does not reflect an inherent
limitation of longer sequences: the main model, trained on the
full dataset (135 trials) with the full sequence length, achieved
100% test accuracy, confirming that full-length sequences are
sufficient when sufficient training data is available.

3) Whisker Ablation: Table IX summarizes the perfor-
mance of the selected MLP3 model under different input
configurations, ranging from the full whisker array (S_all) to
single-whisker inputs (S0 to S7). The physical positions of the
whiskers in the array are shown in Fig. 3.

The full-array condition (S_all) achieved 100.0 ± 0.0% test
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Fig. 7. Test accuracy as a function of the number of input timesteps N for
head (first N ) and tail (last N ) truncations. Head conditions required at least
20 timesteps (∼4 s) to reach ceiling performance; tail conditions achieved
100% accuracy with as few as 10 timesteps. The degradation at N = 80 and
N = 116 (full) was attributed to small-sample variability (9-sample test set,
one error ≈ 11.1 pp). All conditions used the locked MLP3 baseline on S1-
only trials (45 trials, fixed speed). Error bars show ±1 std over three seeds.

TABLE IX
WHISKER ABLATION RESULTS (RQ-E).

Condition Channels Test Acc (%)

S_all 24 100.0 ± 0.0

S0 3 79.2 ± 5.9
S1 3 86.1 ± 10.9
S2 3 75.0 ± 6.8
S3 3 90.3 ± 2.0
S4 3 84.7 ± 3.9
S5 3 88.9 ± 2.0
S6 3 62.5 ± 3.4
S7 3 43.1 ± 3.9

S_all: all 8 active whiskers (24 channels); S0–S7: individual whiskers (3
pressure channels each). MLP3 input layer adapted to 3 channels for

single-whisker conditions; all other settings identical to the locked baseline.
Test set contained 24 samples. Best single whiskers (S3, S5) reached

∼90%; no single whisker matched the full array.

accuracy across all seeds, confirming the reproducibility of
the selected baseline. All single-whisker models converged
successfully, indicating that the SNN was able to extract
discriminative information even from a single whisker, albeit
with reduced performance and higher variability.

Performance varied substantially across individual whiskers.
The best-performing single whiskers (S3 and S5) achieved ap-
proximately 90% test accuracy, approaching the performance
of the full array. In contrast, weaker whiskers such as S6 and
S7 achieved significantly lower performance (approximately
63% and 43%, respectively), indicating that not all sensors
contributed equally to the classification task.

Despite the strong performance of the best individual
whiskers, none matched the full-array performance. The re-
maining gap suggested that combining multiple whiskers pro-
vided complementary spatial information that could not be
fully recovered from any single sensor.

G. Generalization
1) Depth and Speed: The domain generalization experi-

ments evaluated whether the selected MLP3 model transferred
to unseen indentation depths and sweep speeds. The results
are shown in Fig. 8. Speed generalization was nearly perfect
even without augmentation. In all leave-one-speed-out (LOSO)
folds, the model trained on two speeds generalized to the held-
out speed with at least 99.3% test accuracy. This indicated
that variation in sweep speed did not constitute a meaningful
domain shift for the whisker pressure signals in this task.

Depth generalization was more challenging. In the leave-
one-depth-out (LODO) setting, performance varied substan-
tially across folds. The shallow depth condition (D1) was
the most difficult, achieving 77.1% test accuracy without
augmentation, while D3 reached 88.9%. The intermediate
depth (D2) generalized perfectly.

Data augmentation consistently improved or matched the
baseline performance. Across all folds, additive noise augmen-
tation (A1) performed at least as well as the non-augmented
condition (A0). The largest improvement occurred for the
hardest fold (LODO D1), where augmentation increased accu-
racy from 77.1% to 85.2%. In folds where the baseline already
reached ceiling performance, augmentation had little effect.

Overall, these results indicated that sweep speed was not
a meaningful source of domain shift, while indentation depth
–particularly shallow contact– remained the primary general-
ization challenge. Noise augmentation reduced this gap with-
out degrading performance in easier domains. The confusion
matrices in Appendix B-A, Fig. 17, reveal that the primary
failure mode was cube–corner confusion: at the shallow depth
(D1), cube was frequently misclassified as corner, while at
the deep depth (D3), the pattern reversed. Sphere was never
confused regardless of depth.

2) Direction: The direction generalization experiment eval-
uated whether the selected MLP3 model trained on forward
sweeps transferred to backward sweeps. The results are sum-
marized in Table X; full numerical results including macro-F1
are provided in Table XII in Appendix B-B. Note that all
results in this section were obtained using the locked MLP3
baseline; other architectures may exhibit different transfer
behavior.

The backward sweep dataset was intrinsically classifiable. In
condition C1, where training and testing were both performed
on backward data, the model achieved 100.0% test accuracy
across all three seeds. This showed that the backward dataset
was clean and that the classification task remained fully
solvable under reverse motion.

In contrast, zero-shot transfer from forward to backward
motion failed completely. In condition C2, the model was
trained only on forward sweeps and tested on backward
sweeps, yielding a mean test accuracy of 24.4% and a mean
macro-F1 of 12.9%, both well below the backward-data base-
line. This indicated that the features learned by the MLP3 from
forward sweeps did not directly transfer to reverse motion.

Joint training substantially restored performance. In con-
dition C3, where the model was trained on both forward
and backward sweeps, test accuracy increased to 88.9% and
test macro-F1 to 85.2% on average. This recovery showed
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Fig. 8. Domain generalization accuracy across indentation depth (a) and sweep speed (b). LODO: leave-one-depth-out; LOSO: leave-one-speed-out. A0: no
augmentation; A1: additive Gaussian noise jitter (σ = 0.0064). All models used the locked MLP3 baseline trained from scratch per fold. Error bars show
±1 std over three seeds. Speed generalization was near-perfect; shallow depth (D1) was the hardest domain, improved by augmentation.

TABLE X
DIRECTION GENERALIZATION RESULTS.

Condition Source val. acc. (%) Test acc. (%)

C1 (backward only) 100.0 ± 0.0 100.0 ± 0.0
C2 (forward→backward) 100.0 ± 0.0 24.4 ± 6.8
C3 (joint training) 88.9 ± 15.7 88.9 ± 15.7

C1: trained and tested on backward data only; C2: trained on forward data,
tested zero-shot on backward data; C3: trained jointly on forward and

backward data, tested on backward. All conditions used the locked MLP3
baseline. Source val. acc. reflects performance on the source-domain

validation split (forward for C2, backward for C1/C3) and is reported to
confirm successful training, not as a measure of target-domain

generalization. Backward test set contained 6 samples (one sample ≈ 16.7
pp). Forward→backward zero-shot transfer failed; joint training recovered

most performance.

that the direction shift could be mitigated when both motion
directions were represented during training. The remaining
variance across seeds was amplified by the small backward
test set (6 samples), where a single misclassification produced
a large change in percentage score.

H. Comparison with ANN Model

The SNN MLP3 was compared against the structurally
equivalent non-spiking ANN (MLP3_NonSpike, described in
Section IV-C). Both models were trained with the locked
hyperparameters on the canonical split over three seeds.

Classification performance. Both models achieved 100%
test accuracy (mean ± std over three seeds), confirming that
the ANN baseline was equally capable on this task. The SNN
therefore matched ANN performance while operating through
spiking dynamics.

Estimated energy consumption. Because the SNN re-
ceived analog (z-scored) inputs, the first layer still performed
multiply-accumulate (MAC) operations identical to the ANN;
the energy advantage of accumulate-only (AC) operations
applied only from the hidden layer onward.

Under this analog-input scenario, the mean SNN total
energy was 314.9 nJ per inference, compared to 347.8 nJ
for the ANN — a reduction of approximately 9.5%. The
saving arose from the output layer: the SNN performed AC
operations driven by sparse hidden spikes (mean firing rate
rLIF = 0.39± 0.08), consuming 3.0 nJ, while the ANN output
layer required 38.6 nJ in MACs. Fig. 9 illustrates this fc2
energy difference.

The delta-encoded condition (see Section IV-C) reduced
total energy to 17.6 nJ, a reduction of approximately 95%
compared to the ANN. This represents an upper bound on
SNN energy efficiency for this architecture if spike-encoded
sensors were used. The full numerical comparison is provided
in Table XIII in Appendix B-C, and Fig. 18 shows the per-
layer energy breakdown for all three scenarios.

VII. DISCUSSION AND LIMITATIONS

This study presented the first application of spiking neural
networks to tactile pressure data from a multi-whisker sensor
array, addressing a gap in neuromorphic tactile sensing where
prior work had focused exclusively on fingertip-style sensors.
The results showed that SNN-based classification was feasible
under controlled conditions. The selected model generalized
well across sweep speed, less well across indentation depth,
and poorly across sweep direction unless both directions were
represented during training. This indicated that the learned
representation was robust to some nuisance factors, but re-
mained sensitive to motion conditions that substantially altered
the temporal structure of the whisker signals. The direction
sensitivity is expected for an MLP: because a fully connected
layer assigns a fixed weight to each input channel, the model
learns a spatial map associating specific sensor positions with
specific objects. Reversing the sweep direction changes which
whiskers make first contact and inverts the temporal ordering
of pressure signals across channels, so the learned weights
no longer correspond to the correct spatial relationships. Joint
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Fig. 9. Output layer (fc2) energy comparison between the ANN and SNN
under analog input. The ANN performed dense MAC operations at every
timestep, while the SNN fc2 layer received sparse binary spikes (mean hidden
firing rate rLIF = 0.393), reducing fc2 energy by approximately 13×.

training on both directions resolves this by exposing the model
to both spatial mappings.

A notable finding was that the simplest architecture a three-
layer fully connected SNN with only 901 parameters outper-
formed more complex convolutional and recurrent alternatives.
Although the MLP3 lacked explicit temporal connectivity, its
high membrane decay factor (β = 0.938) enabled the LIF neu-
rons to retain information across many timesteps through their
membrane dynamics, effectively providing implicit temporal
integration. The results suggested that this implicit temporal
memory, combined with the spatial pressure pattern across
whiskers, was sufficient for coarse object classification, and
that the additional structural complexity of convolutional or
recurrent layers provided limited benefit on this dataset. The
temporal window experiment supported this interpretation: as
few as 20 timesteps from the onset of contact were sufficient
for perfect classification, indicating that the discriminative
signal appeared early and did not require integration over the
full sweep duration. Notably, discriminative information was
present in both early and late contact phases: as few as 10
timesteps from the end of the sweep were equally sufficient
for perfect classification, suggesting that the release phase
carries geometry-specific signatures that are as informative as
the initial contact transient. This indicates that object identity
is encoded across the full sweep, not only at contact onset.
The whisker ablation further showed that classification was
possible from a single whisker, although the full array provided
the most reliable performance. The depth generalization exper-
iments revealed that the primary failure mode was confusion
between cube and corner at extreme indentation depths, likely
because both objects share a flat surface and edge geometry,

which the model finds difficult to distinguish under varying
contact conditions. The preprocessing results also offered an
insight specific to analog SNN inputs: z-score normalization
outperformed min-max scaling, which may be explained by
the fact that min-max compression restricts all values to
[0, 1], discarding the relative magnitude differences that carry
information about increasing and decreasing pressure patterns,
whereas z-score normalization preserves these differences and
centers the distribution around zero, naturally producing both
excitatory and inhibitory drive and improving gradient flow
during training.

The energy comparison showed that the SNN achieved
a modest 9.5% reduction in estimated energy relative to a
structurally equivalent ANN when both received analog input.
This limited saving arose because the first layer which domi-
nated the energy budget performed identical MAC operations
in both models. The advantage of spike-driven accumulate
operations applied only to the output layer, where the hidden
firing rate of rLIF ≈ 0.39 reduced fc2 energy by approximately
13×. A hypothetical delta-encoded input would reduce total
energy to 5.1% of the ANN baseline by converting the first
layer to sparse AC operations. However, this energy estimation
followed a simplified theoretical model [38] that ignores
hardware implementation details and the temporal dynamics
of spiking neurons; actual energy savings on neuromorphic
hardware may differ. Nevertheless, this type of simplified
estimation is considered useful for algorithm-level comparison
and design guidance [34].

The broader neuromorphic tactile literature provides useful
context. Prior SNN-based tactile studies have demonstrated
high classification accuracy and substantial energy reductions
on dedicated neuromorphic hardware, for example in tex-
ture recognition [23] and Braille character reading [24]. The
present results are broadly consistent with those findings in
showing that SNNs can match conventional network accu-
racy on tactile time-series tasks. Unlike those studies, the
present work includes a direct comparison with a structurally
equivalent non-spiking baseline, confirming that the spiking
model matched ANN classification accuracy on the same
task and dataset while offering an estimated reduction in
inference energy. However, a direct quantitative comparison
with prior neuromorphic tactile work is not meaningful, as
those studies used different sensor modalities, task structures,
and hardware platforms. The contribution of the present work
lies specifically in extending spiking tactile classification to the
spatially distributed, sweep-based signals of a multi-whisker
array, a sensing paradigm not previously evaluated with SNNs.

Several limitations of the sensing setup should be noted.
First, the whisker array exhibited channel-level variability,
and two whisker units had to be excluded because of non-
functional or low-sensitivity measurements. More generally,
differences in sensor sensitivity across whiskers may have re-
duced the effectiveness of global normalization, since channels
with smaller dynamic range could be compressed relative to
more responsive channels. This also offers a likely explanation
for the variation in single-whisker performance observed in
the whisker ablation experiment: whiskers with lower intrinsic
sensitivity produced weaker signals regardless of object geom-
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etry. Additionally, the vertical position of a whisker in the array
affected contact quality with curved objects — for the sphere,
center whiskers contacted the widest equatorial region and
followed a smooth, consistent arc, whereas whiskers toward
the top or bottom of the array may have slid off the curved
surface, producing noisier and less discriminative signals.
Second, the dataset was relatively small, particularly for the
backward-sweep experiments, which limited statistical power
and increased the variance of held-out evaluations.

A further limitation was that the current system was not
fully neuromorphic end-to-end. Although the classifier was
implemented as an SNN, the whisker array produced con-
ventionally sampled pressure measurements rather than event-
based output, and all experiments were executed offline on
standard computing hardware. The approach therefore demon-
strated the value of spiking processing for tactile sequences,
but did not yet realize the full sensing and energy-efficiency
benefits associated with neuromorphic hardware.

The conclusions were also bounded by the experimental
regime. Data were collected under slow, quasi-static conditions
and at relatively low sampling frequency, which appeared
sufficient for coarse object classification but would be un-
suitable for tasks that require higher-frequency information
such as texture recognition. Moreover, the experiments were
conducted under controlled laboratory conditions and did not
account for real-world effects such as actuator-induced vibra-
tion, aerodynamic disturbances, gravity-dependent motion, re-
peated probing behavior, or whisker buckling during arbitrary
contacts. Finally, the backward-sweep dataset covered only
one depth-speed configuration, which limited how broadly the
direction-generalization results could be interpreted.

VIII. CONCLUSIONS AND FUTURE WORK

This work demonstrated that spiking neural networks can
reliably classify objects from biomimetic whisker sensor data,
with a compact three-layer spiking MLP achieving 100% test
accuracy while matching a conventional ANN in performance
and offering a path to substantially lower energy consumption.
The following summarises the findings across three objectives:
classification performance, generalization, and computational
efficiency.

Regarding classification performance, a compact three-layer
spiking MLP with only 901 parameters achieved 100% test ac-
curacy on a three-class object classification task, outperform-
ing more complex convolutional and recurrent SNN architec-
tures. Raw pressure signals were sufficient for classification;
temporal derivative features were informative but redundant.
The temporal window experiment showed that as few as 20
timesteps (∼4 s) from the onset of contact were sufficient for
reliable classification, and the whisker ablation demonstrated
that single whiskers could classify above chance, although the
full array provided the best performance.

Regarding generalization, sweep speed had little effect on
classification, while indentation depth introduced a moderate
shift particularly at shallow depths, where cube and corner
objects became confusable. Sweep direction represented the
strongest domain boundary: zero-shot transfer from forward

to backward motion failed, but joint training on both direc-
tions recovered most performance. These results indicated that
generalization depended strongly on the motion regime under
which data were collected.

Regarding computational efficiency, the SNN achieved a
9.5% reduction in estimated energy consumption compared
to a structurally equivalent ANN under analog input, with
the saving concentrated in the output layer due to sparse
spiking activity. A hypothetical delta-encoded input scenario
would reduce energy by approximately 95% compared to
the ANN. The SNN therefore matched ANN classification
performance while offering a path toward substantially lower
energy consumption.

These findings establish that fully spiking architectures
are a viable candidate for low-power tactile perception on
resource-constrained robotic platforms, where the combination
of biological inspiration, temporal processing, and energy ef-
ficiency offers a compelling alternative to conventional neural
networks. Overall, the present system should be interpreted
as a proof of concept for spiking tactile perception rather
than as a complete demonstration of deployable end-to-end
neuromorphic sensing.

Several directions for future work follow directly from
this study. A first priority is validation on neuromorphic
hardware such as Intel Loihi, including explicit measurement
of inference latency and energy consumption under realistic
deployment conditions. A second direction is the integration
of event-driven whisker sensors, which would convert the first
layer from dense MAC to sparse AC operations and could
substantially reduce energy consumption beyond the analog-
input scenario studied here. A third direction is to increase the
sampling frequency beyond the current 5 Hz to enable higher-
frequency tactile tasks such as texture recognition. Finally,
extending the task toward surface mapping or 3D localization
and deploying the system on a mobile robotic platform such
as a UAV would allow evaluation under realistic disturbances
including actuator-induced vibration, aerodynamic effects, and
unconstrained contact dynamics.
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APPENDIX A
TACTILE DATASETS AND SIGNAL PROCESSING

A. Whisker Sweep Signals
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(a) Cube

0 2 4 6 8 10

0.04

0.02

0.00

0.02

0.04

Fil
te

re
d 

Pr
es

su
re

Sensor 0: s0_ch0, s0_ch1, s0_ch2
Ch0
Ch1
Ch2

0 2 4 6 8 10

0.02

0.01

0.00

0.01

0.02

Fil
te

re
d 

Pr
es

su
re

Sensor 1: s1_ch0, s1_ch1, s1_ch2
Ch0
Ch1
Ch2

0 2 4 6 8 10

0.015

0.010

0.005

0.000

0.005

Fil
te

re
d 

Pr
es

su
re

Sensor 2: s2_ch0, s2_ch1, s2_ch2
Ch0
Ch1
Ch2

0 2 4 6 8 10

0.020

0.015

0.010

0.005

0.000

0.005

0.010

Fil
te

re
d 

Pr
es

su
re

Sensor 3: s3_ch0, s3_ch1, s3_ch2
Ch0
Ch1
Ch2

0 2 4 6 8 10
0.06

0.04

0.02

0.00

0.02

Fil
te

re
d 

Pr
es

su
re

Sensor 4: s4_ch0, s4_ch1, s4_ch2
Ch0
Ch1
Ch2

0 2 4 6 8 10
0.10

0.05

0.00

0.05

0.10

0.15

Fil
te

re
d 

Pr
es

su
re

Sensor 5: s5_ch0, s5_ch1, s5_ch2
Ch0
Ch1
Ch2

0 2 4 6 8 10
0.06

0.04

0.02

0.00

0.02

0.04

0.06

0.08

Fil
te

re
d 

Pr
es

su
re

Sensor 7: s7_ch0, s7_ch1, s7_ch2
Ch0
Ch1
Ch2

0 2 4 6 8 10
Time (s)

0.04

0.03

0.02

0.01

0.00

0.01

0.02

Fil
te

re
d 

Pr
es

su
re

Sensor 8: s8_ch0, s8_ch1, s8_ch2
Ch0
Ch1
Ch2

(b) Sphere
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(c) Rectangular prism

Fig. 10. Processed whisker pressure signals from the forward sweep dataset for the three object classes. (a) Cube: pressure gradually increases after contact and remains relatively stable before a sharp release when
the whisker disengages. (b) Sphere: more varied pressure responses across whiskers due to the curved surface; central whiskers maintain sustained contact while outer whiskers exhibit more fluctuating signals.
(c) Rectangular prism: pressure increases steadily as the whisker slides along the inclined surface before releasing at the edge.
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B. Cropping Procedure

0.0 2.5 5.0 7.5 10.0 12.5 15.0 17.5

0.10

0.05

0.00

0.05

0.10

Fil
te

re
d 

Pr
es

su
re

Sensor 0: s0_ch0, s0_ch1, s0_ch2
Ch0
Ch1
Ch2

0.0 2.5 5.0 7.5 10.0 12.5 15.0 17.5
0.15

0.10

0.05

0.00

0.05

0.10

Fil
te

re
d 

Pr
es

su
re

Sensor 1: s1_ch0, s1_ch1, s1_ch2
Ch0
Ch1
Ch2

0.0 2.5 5.0 7.5 10.0 12.5 15.0 17.5
0.15

0.10

0.05

0.00

0.05

0.10

Fil
te

re
d 

Pr
es

su
re

Sensor 2: s2_ch0, s2_ch1, s2_ch2
Ch0
Ch1
Ch2

0.0 2.5 5.0 7.5 10.0 12.5 15.0 17.5

0.10

0.05

0.00

0.05

Fil
te

re
d 

Pr
es

su
re

Sensor 3: s3_ch0, s3_ch1, s3_ch2
Ch0
Ch1
Ch2

0.0 2.5 5.0 7.5 10.0 12.5 15.0 17.5

0.075

0.050

0.025

0.000

0.025

0.050

0.075

Fil
te

re
d 

Pr
es

su
re

Sensor 4: s4_ch0, s4_ch1, s4_ch2
Ch0
Ch1
Ch2

0.0 2.5 5.0 7.5 10.0 12.5 15.0 17.5
0.2

0.1

0.0

0.1

0.2

Fil
te

re
d 

Pr
es

su
re

Sensor 5: s5_ch0, s5_ch1, s5_ch2
Ch0
Ch1
Ch2

0.0 2.5 5.0 7.5 10.0 12.5 15.0 17.5
0.10

0.05

0.00

0.05

0.10

Fil
te

re
d 

Pr
es

su
re

Sensor 7: s7_ch0, s7_ch1, s7_ch2
Ch0
Ch1
Ch2

0.0 2.5 5.0 7.5 10.0 12.5 15.0 17.5
Time (s)

0.04

0.03

0.02

0.01

0.00

0.01

0.02

0.03

Fil
te

re
d 

Pr
es

su
re

Sensor 8: s8_ch0, s8_ch1, s8_ch2
Ch0
Ch1
Ch2

(a) Before cropping (full sequence)
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(b) After cropping (contact phase only)

Fig. 11. Example of the cropping procedure applied to the whisker pressure signals. Using the recorded position data, the initial 250 mm of motion before
contact is removed. This eliminates the phase where the sensor moves through air and retains only the contact-relevant portion of the signal used for training
the network.
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C. Before Baseline Removal
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Fig. 12. Whisker pressure signals before baseline correction. Differences in
baseline pressure between channels are substantially larger than the variations
within each channel. Baseline correction was applied by subtracting the first
valid value of each channel.

D. Band-pass Filtering
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Fig. 13. Effect of the band-pass filter on three example channels. The high-
pass component removed slow baseline drift, while the low-pass component
attenuated high-frequency measurement noise.
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E. Finite Difference Signals
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(c) Rectangular prism

Fig. 14. First-order finite difference (∆X[t] = X[t]−X[t− 1]) of whisker pressure signals from the forward sweep dataset for the three object classes. (a) Cube: gradual increase in the rate of change during
contact and a large spike when the whisker suddenly releases from the object. (b) Sphere: more oscillatory finite difference signals due to the curved surface interaction, with the largest peaks occurring when the
whiskers bend most strongly. (c) Rectangular prism: finite difference values remain small during the initial contact phase but increase sharply when the whiskers reach and slide off the edge.
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F. Data Augmentation

0.0 2.5 5.0 7.5 10.0 12.5 15.0 17.5
Time (s)

0.06

0.04

0.02

0.00

0.02

0.04

Pr
es

su
re

 = 0.01  (0.0013)
Original
=0.01

0.0 2.5 5.0 7.5 10.0 12.5 15.0 17.5
Time (s)

 = 0.05  (0.0064)
Original
=0.05

0.0 2.5 5.0 7.5 10.0 12.5 15.0 17.5
Time (s)

 = 0.1  (0.0128)
Original
=0.1

0.0 2.5 5.0 7.5 10.0 12.5 15.0 17.5
Time (s)

 = 0.2  (0.0256)
Original
=0.2

Effect of noise level (noise before bandpass)  channel 's0_ch0'

(a) Augmentation levels

0.0 2.5 5.0 7.5 10.0 12.5 15.0 17.5
Time (s)

0.05

0.04

0.03

0.02

0.01

0.00

0.01

0.02

Pr
es

su
re

s0_ch0
Original processed
Augmented ( =0.05)

0.0 2.5 5.0 7.5 10.0 12.5 15.0 17.5
Time (s)

0.2

0.1

0.0

0.1

0.2

s2_ch1
Original processed
Augmented ( =0.05)

0.0 2.5 5.0 7.5 10.0 12.5 15.0 17.5
Time (s)

0.04

0.02

0.00

0.02

0.04

0.06

0.08
s5_ch2

Original processed
Augmented ( =0.05)

Original processed vs. augmented  (noise_std = 0.00640)

(b) Effect across channels

Fig. 15. Noise augmentation used in the depth and speed generalization experiments. (a) Gaussian noise with different standard deviations (σ) applied to the pressure signals. The selected value σ = 0.0064
provided sufficient variation while preserving signal structure. (b) Effect of the selected augmentation level across different pressure channels.
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G. Backward Sweep Signals
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(c) Rectangular prism

Fig. 16. Processed whisker pressure signals from the backward sweep dataset for the three object classes. These trials were collected at fixed depth D2 and speed S3 with the whisker array moving away from
the object. Compared to the forward sweep signals (Fig. 10), the temporal structure is reversed: pressure release occurs at the start of the contact phase rather than at the end.
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APPENDIX B
ADDITIONAL EXPERIMENTAL RESULTS

A. Depth and Speed Generalization
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Fig. 17. Confusion matrices for the LODO depth generalization experiment (A0, no augmentation), aggregated across three seeds (45 samples per class). At
shallow depth (D1), cube was predominantly misclassified as corner. At deep depth (D3), corner was confused with cube. At intermediate depth (D2), all
classes were perfectly separated. Sphere was never confused regardless of depth.

TABLE XI
DEPTH AND SPEED DOMAIN GENERALIZATION RESULTS ACROSS THREE RANDOM SEEDS.

Fold Domain type A0 Test Acc. (%) A0 Test F1 (%) A1 Test Acc. (%) A1 Test F1 (%)

LODO testD1 Held-out depth D1 77.1 ± 2.5 73.8 ± 3.6 85.2 ± 6.3 84.0 ± 7.5
LODO testD2 Held-out depth D2 100.0 ± 0.0 100.0 ± 0.0 100.0 ± 0.0 100.0 ± 0.0
LODO testD3 Held-out depth D3 88.9 ± 7.7 88.2 ± 8.3 89.6 ± 5.6 89.2 ± 6.0

LOSO testS1 Held-out speed S1 99.3 ± 1.3 99.3 ± 1.3 100.0 ± 0.0 100.0 ± 0.0
LOSO testS2 Held-out speed S2 99.3 ± 1.3 99.3 ± 1.3 100.0 ± 0.0 100.0 ± 0.0
LOSO testS3 Held-out speed S3 100.0 ± 0.0 100.0 ± 0.0 100.0 ± 0.0 100.0 ± 0.0

LODO: leave-one-depth-out; LOSO: leave-one-speed-out. A0: no augmentation; A1: additive Gaussian noise (σ = 0.0064). All models used the locked
MLP3 baseline trained from scratch per fold. Results are mean ± std over three seeds.
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B. Direction Generalization

TABLE XII
DIRECTION GENERALIZATION RESULTS ACROSS THREE RANDOM SEEDS.

Condition Val. Acc. (%) Test Acc. (%) Test F1 (%)

C1 (backward only) 100.0 ± 0.0 100.0 ± 0.0 100.0 ± 0.0
C2 (forward→backward) 100.0 ± 0.0 24.4 ± 6.8 12.9 ± 2.9
C3 (joint training) 88.9 ± 15.7 88.9 ± 15.7 85.2 ± 21.0

C1: trained and tested on backward data only; C2: trained on forward,
tested zero-shot on backward; C3: joint training on both directions, tested

on backward. All conditions used the locked MLP3 baseline. Backward test
set contained 6 samples per seed (one misclassification ≈ 16.7 pp).

C. SNN vs. ANN Energy Comparison

TABLE XIII
SNN VS. ANN COMPARISON ON THE 24-SAMPLE TEST SET.

Metric ANN SNN (analog) SNN (delta-enc.†)

Test accuracy 100 % 100 % 100 %
Input spike rate (rδ) — — 0.203± 0.039
Activation density 0.508± 0.028 0.393± 0.075 0.393± 0.075
fc1 energy (nJ) 309.1 309.1 11.8
LIF energy (nJ) — 2.8 2.8
fc2 energy (nJ) 38.6 3.0 3.0
Total energy (nJ) 347.8 314.9 17.6
Energy ratio vs. ANN 100 % 90.5 % 5.1 %

Energy estimated using 45 nm hardware model (EMAC = 4.6 pJ,
EAC = 0.9 pJ) from Yao et al. Values are mean over 24 test samples.

Activation density: fraction of active hidden neurons (ReLU for ANN, spike
rate for SNN). rδ : input spike rate under delta encoding (θδ = 0.1).

†Hypothetical scenario: analog input replaced by spike-encoded signal using
a change-detection threshold, converting fc1 from MACs to ACs. The

analog SNN saves 9.5% total energy; delta encoding would reduce it to
5.1% of the ANN.
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Fig. 18. Theoretical energy per inference (45 nm hardware model) for the
ANN, SNN with analog input, and the hypothetical delta-encoded SNN. The
stacked bars show fc1, LIF update, and fc2 contributions. The analog SNN
saves 9.5 % via sparse fc2 operations; delta encoding reduces total energy by
approximately 95%.
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Abstract
Unmanned Aerial Vehicles (UAVs) increasingly operate in environments where traditional perception
systems, such as cameras, LiDAR, and GNSS, struggle due to occlusion, poor lighting, or signal loss.
Biological systems, by contrast, rely on tactile sensing through whiskers (vibrissae) to navigate and in-
teract with their surroundings. Inspired by this, whisker-based tactile sensing has emerged as a promis-
ing research direction in robotics. These sensors offer lightweight, compliant, and energy-efficient
solutions for close-proximity perception and can complement existing modalities in unstructured or
vision-denied settings.

In parallel, Spiking Neural Networks (SNNs) have gained attention as a biologically plausible and
power-efficient computing paradigm. They process information using discrete spikes, allowing event-
driven and low-latency computation ideally suited for real-time robotic applications. Literature shows
significant progress in tactile sensing and neuromorphic processing individually; however, their inte-
gration, particularly for aerial tactile systems, remains largely unexplored.

Building on this gap, the proposed research investigates how accurately a hybridMulti-Layer Perceptron–
Spiking Neural Network (MLP–SNN) can classify object shapes based on signals from a biomimetic
whisker sensor array. This study serves as a first step toward combining tactile sensing and neuro-
morphic computing for energy-efficient perception in autonomous aerial systems.

ii



Contents

1 Introduction 1
1.1 Research Context and Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1
1.2 Problem Definition . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1
1.3 Research Scope . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3
1.4 Organization . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3

2 Literature Review Method 4

3 Aerial Tactile Perception 7
3.1 Tactile Sensing in Robotics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7

3.1.1 Types of Tactile Sensors . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8
3.1.2 Overview of Existing Tactile Sensors . . . . . . . . . . . . . . . . . . . . . . . . . 8

3.2 Whiskers . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8
3.2.1 Biological Whiskers. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8
3.2.2 Whisker Sensorimotor System. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9
3.2.3 Whisker-Inspired Sensors . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 11
3.2.4 Contact Whiskers. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12
3.2.5 Airflow Whiskers . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 14
3.2.6 Applications of Whisker-Inspired Sensors. . . . . . . . . . . . . . . . . . . . . . . 14
3.2.7 Whiskered Robot Projects . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19

3.3 Chapter Insights . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20

4 Spiking Neural Networks 22
4.1 Foundations of Spiking Neural Networks . . . . . . . . . . . . . . . . . . . . . . . . . . . 22

4.1.1 Brief Overview . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23
4.1.2 Comparison with Artificial Neural Networks . . . . . . . . . . . . . . . . . . . . . . 24
4.1.3 Neuron Models . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24
4.1.4 Neuromorphic Computing Pipeline . . . . . . . . . . . . . . . . . . . . . . . . . . 26

4.2 Encoding and Training Spiking Neural Networks . . . . . . . . . . . . . . . . . . . . . . . 26
4.2.1 Input Encoding Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27
4.2.2 Output Encoding Methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27
4.2.3 Training Spiking Neural Networks . . . . . . . . . . . . . . . . . . . . . . . . . . . 28

4.3 Tools and Resources for Neuromorphic Tactile Perception. . . . . . . . . . . . . . . . . . 29
4.3.1 Software Framework . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29
4.3.2 Tactile Dataset . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29
4.3.3 Tactile Signal Processing. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30

4.4 Applications of Neuromorphic Tactile Perception . . . . . . . . . . . . . . . . . . . . . . . 30
4.4.1 Event-Based Tactile Sensing Systems . . . . . . . . . . . . . . . . . . . . . . . . 31
4.4.2 Event-Based Object Detection . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31
4.4.3 Whisker-Inspired Sensors and Spiking Neural Networks. . . . . . . . . . . . . . . 32

4.5 Challenges in Spiking Neural Networks . . . . . . . . . . . . . . . . . . . . . . . . . . . 33
4.6 Chapter Insights . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33

5 Conclusion 35
5.1 Summary of Findings. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35
5.2 Gaps in Literature . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 36
5.3 Future Research Directions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 37

6 Research Proposal 38
6.1 Scope and Feasibility. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 38
6.2 System Scenario . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39
6.3 Research Question . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 39

iii



iv Contents

Appendix 39

A Use of Generative AI 40



Acronyms
ANN Artificial Neural Network. 22–24, 28, 29, 31, 33, 36, 37

AP Action Potential. 22–25

BNN Biological Neural Network. 22

BPTT Backpropagation Through Time. 28, 33, 34, 36

GNSS Global Navigation Satellite System. 1, 7, 14, 20, 32, 35, 37, 38

LIF Leaky Integrate-and-Fire. 25, 26, 31, 33, 34, 38

MAV Micro Air Vehicle. 18

MLP Multi-Layer Perceptron. 38

RNN Recurrent Neural Network. 13, 28

SLAM Simultaneous Localization And Mapping. 14, 15

SNN Spiking Neural Network. 1, 3, 21–39

STDP Spike-Timing Dependent Plasticity. 26, 29, 31

UAV Unmanned Aerial Vehicle. 1–3, 7, 12–14, 18, 20, 21, 31, 35–39

v





1
Introduction

1.1. Research Context and Motivation
Imagine perceiving the world primarily through touch. Many animals do exactly that by using their
vibrissae (also known as whiskers) to explore and navigate complex environments through tactile in-
teractions [1]. This sensory modality plays a critical role in perception, enabling the precise detection
of nearby objects, obstacles, and textures [60].

In contrast, Unmanned Aerial Vehicles (UAVs) have traditionally been designed to avoid physical
contact with their surroundings at all costs. However, nature demonstrates that contact and even col-
lisions can be exploited to gain valuable information, providing animals with essential perceptual and
navigational capabilities [35]. Shifting from a purely sense-and-avoid paradigm to a contact-based
perception strategy could therefore expand the application potential of UAVs.

To fully exploit tactile sensing in aerial robotics, fast and efficient on-board processing is required.
Neuromorphic computing provides a biologically inspired and energy-efficient framework for processing
tactile information in real time [17]. In particular, a Spiking Neural Network (SNN) mimics the temporal
dynamics of biological neurons, enabling low-latency decision-making in power-constrained platforms
such as UAVs [17].

The combination of artificial tactile sensing and neuromorphic computing represents a promising
research direction for robotic perception and navigation [64]. Physical touch can provide direct infor-
mation about the presence of objects [63], as well as their properties such as shape, surface texture,
stiffness, and weight [60]. Importantly, tactile perception complements visual and auditory sensing
modalities, especially in environments where conventional, indirect sensors struggle to provide reliable
data [63]. Moreover, tactile signals are inherently sparse, offering a low-bandwidth and low-latency
source of information that can augment visual input [49].

In nature, tactile intelligence plays a central role in behavior. Seals, rats, and cats rely heavily on
whiskers as a core sensory channel [1]. Humans also turn to touch in the absence of visual or auditory
cues to interpret their surroundings [65]. In rodents, for example, facial whisker arrays are organized to
enable the recognition of shapes and the discrimination of textures [35]. These animals actively control
their whisker movements, a process known as active whisking, to maximize environmental contact and
information gain [35]. Figure 1.1, adapted from [83], illustrates both biological and robotic examples of
whisker use.

1.2. Problem Definition
UAVs are increasingly deployed in complex, unstructured, and low-visibility environments such as
caves, forests, tunnels, and collapsed buildings. In such conditions, conventional sensing modalities
including cameras, LiDAR, and Global Navigation Satellite System (GNSS) often underperform [45, 76,
62]. Visual systems are particularly unreliable in low-light, high dynamic range, or foggy environments,
while GNSS signals are frequently unavailable indoors or underground [8]. Dense particulate matter,
such as smoke or dust, can further degrade the performance of visual and laser-based systems, and
even active acoustic or radar sensing may fail in cluttered or confined spaces [66].
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2 1. Introduction

Figure 1.1: a) Seals use their whiskers to detect vortices underwater; b) Rats use their whiskers extensively for navigation and
mapping; c) Cats rely on whiskers, among other functions, to catch prey; d) Artificial whiskers can provide tactile perception for
robots. Adapted from [83].

These limitations highlight the need for alternative perception strategies in UAVs. Tactile sensing,
unlike conventional methods, provides direct and robust physical feedback. Many animals rely on this
modality to navigate dark or obstructed environments, using whiskers to detect obstacles and contours
through contact [8]. This approach is both non-intrusive and energy-efficient, and it translates well to
robotic systems [64].

Furthermore, UAVs aim to achieve maximum performance with minimal power consumption [81].
UAV platforms are inherently constrained by weight, power, and size, which limits the computational
capacity of on-board hardware. At the same time, advanced tasks require energy-efficient, low-latency,
and autonomous processing. Therefore there is a clear and pressing need for local processing solutions
that combine high performance with strict payload and power consumption constraints [81].

Whisker-inspired sensors represent a promising tactile modality for UAVs. They are lightweight,
flexible, and scalable, enabling reliable physical interaction with the environment even in conditions
where vision fails [79]. When integrated into a multi-modal sensor suite, they can significantly enhance
situational awareness and robustness [45, 76, 62].

The ability for UAVs to perceive and safely navigate in complex environments through touch has
broad implications. Aerial tactile sensing is especially valuable in:

• Navigation and mapping of unstructured environments: autonomously exploring confined spaces
(e.g. caves) where visibility is limited and physical contact is likely [40, 39].

• Search-and-rescue operations: locating survivors in collapsed buildings, where tactile navigation
can play a critical role in life-saving missions [64].

• Covert and military applications: enabling stealthy operations with passive, low-power sensing
strategies [55, 19].

• Environmental monitoring: documenting biodiversity in dense canopies or other environments
inaccessible to vision-based systems [5, 73].

In each of these cases, aerial tactile perception, enabled by whisker-inspired sensors and neuro-
morphic computing, offers a real-time, efficient, and biologically plausible solution to environmental
perception.
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1.3. Research Scope
This literature review examines current scientific work on aerial tactile perception and neuromorphic
computing, with a particular focus on whisker-inspired sensors. The guiding research question is:

What are the emerging research directions in aerial tactile perception using whisker-
inspired sensors and Spiking Neural Networks?

This question frames the exploration of recent advancements in tactile sensing, neuromorphic pro-
cessing, and their integration for enhancing UAV capabilities in complex environments. To scope and
structure the review, the following sub-questions (SQs) have been formulated:

• SQ1: What is tactile sensing, and what types of sensors are available, and what are its applica-
tions?

• SQ2: What are biological whiskers? And how have they inspired tactile sensing in robotics?

• SQ3: What are Spiking Neural Networks, and how do they differ from Artificial Neural Networks?

• SQ4: How can whisker-inspired sensors complement existing UAV sensors such as camera’s
and LiDAR?

• SQ5: How can tactile data from whisker-inspired sensors be processed using neuromorphic com-
puting?

• SQ6: Why is tactile sensing promising for UAVs in low-visibility or unstructured settings?

• SQ7: Why is neuromorphic computing suitable for real-time tactile perception?

• SQ8: What are the potential societal, industrial, or environmental impacts of UAVs equipped with
tactile sensing and neuromorphic processing?

• SQ9: Who could benefit from UAVs with tactile sensing?

• SQ10: Where are such UAV systems most needed?

In the introduction, SQ6–SQ10 are briefly considered to provide context. The main research ques-
tion will be revisited in the conclusion, while SQ1–SQ5 form the core of the main outline of the report.

1.4. Organization
Section 2 presents the methodology applied in this literature review. Section 3 explores the domain of
aerial tactile perception, focusing on tactile sensors and their applications, with particular attention to
whiskers in both biological and robotic contexts. Chapter 4 introduces neuromorphic computing with
SNNs, highlighting its distinctions from conventional neural networks. Chapter 5 summarizes the key
findings of the review, addresses gaps in the literature and presents future reseach directions. Finally,
Chapter 6 outlines the proposed master’s thesis project.



2
Literature Review Method

For this research, a systematic and comprehensive literature search was conducted. A search plan
was developed to ensure a comprehensive exploration of relevant topics and to identify high-quality
sources for the study.

The process began with the creation of a general concept map (Figure 2.1), which provided an
overview of the key themes and relationships within the research domain.

Based on this concept map, the main research question for the literature review was formulated as
presented in the introduction. To address the research question, it was further analyzed into several
terms and decomposed into sub-questions, which were discussed in Chapter 1 and are shown in Figure
2.2.

From these sub-questions, a structured search plan was designed. The most relevant concepts
associated with the research topic are organized in a search table (Figure 2.3), from which specific
search queries were derived (Figure 2.4). Alternative search terms were identified and combined using
the Boolean operator OR, followed by integration of these groups with the operator AND. This strategy
facilitated a targeted literature search across Google Scholar and Scopus, ensuring coverage of all
critical aspects of the research topic.

Figure 2.1: Concept maps of relevant concepts for the literature review.
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Figure 2.2: Subquestions guiding this literature review, aligned with the main research question.



6 2. Literature Review Method

Figure 2.3: Search Table for the literature review.

Figure 2.4: Search Queries for the literature review.
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Aerial Tactile Perception

Tactile perception refers to the interpretation of pressure data to gain information about the environment.
In the context of aerial robotics, aerial tactile perception involves equipping platforms such as UAVs
with the ability to sense and interpret contact or flow-based stimuli. This sense of touch can enhance
a UAV’s ability to navigate and explore environments that are challenging for traditional sensors like
cameras or LiDAR.

Tactile sensing becomes particularly valuable in scenarios with poor visibility such as darkness, dust,
fog, or cluttered indoor spaces and in GNSS-denied or unstructured environments [76, 8, 79]. While
tactile sensing has been widely explored in ground-based robotics, its application in aerial platforms is
an emerging area of research with distinct challenges and promising opportunities.

This chapter explores the concept of aerial tactile perception, beginning with a general overview of
tactile sensing in robotics. It introduces different types of tactile sensors and discusses their relevance
to UAV applications. Particular attention is devoted to whiskers from biological systems to robotic imple-
mentations, highlighting how their sensing principles can be adapted to aerial platforms. The chapter
distinguishes between contact-based and airflow-based whiskers, each with their own applications and
implementation challenges. Finally, it concludes with a summary of key insights and a transition to the
next chapter on neuromorphic processing of tactile signals.

In addressing this topic, the chapter answers the following sub-questions: SQ1 - What is tactile
sensing, what types of sensors are available, and what are its applications?, SQ3 -What are biological
whiskers, and how have they inspired tactile sensing in robotics? and finally SQ4 - How can whisker-
inspired sensors complement existing UAV sensing systems such as cameras and LiDAR?

3.1. Tactile Sensing in Robotics
In nature, tactile intelligence plays a central role in behavior. Seals, rats, and cats rely heavily on
whiskers as a core sensory channel [1]. Humans also turn to touch in the absence of visual or auditory
cues to interpret their surroundings [65]. In rodents, facial whisker arrays are organized to enable
the recognition of shapes and the discrimination of textures [35]. These animals actively control their
whisker movements, a process known as active whisking, to maximize environmental contact and
information gain [35].

Humans rely on their sense of touch daily to perceive and interact with the physical environment.
The human tactile system uses mechanoreceptors located beneath the skin to gather information about
objects, such as their shape, texture, and compliance [29]. These mechanoreceptors efficiently encode
tactile information, providing precise data on contact timing, location, and pressure [42]. Similarly, tactile
sensing is crucial for robots to physically interact with their surroundings. It enables the perception of
external stimuli, including surface roughness, textures, and shape, which are essential for tasks such
as object recognition, manipulation, and navigation [42].

This section continues by presenting the various types of tactile sensors used in robotics, distin-
guishing between non-whisker-based and whisker-inspired approaches. This is followed by concrete
examples of tactile sensors developed for robotic systems, laying the groundwork for understanding
their relevance to aerial tactile perception.

7
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3.1.1. Types of Tactile Sensors
To understand how robots acquire tactile information, it is essential to examine the different types of
tactile sensors and the underlying transduction principles they employ. Tactile sensors are ”devices
that acquire tactile information through physical interaction with the environment” [77]. They play a
vital role in robotics by enabling systems to perceive and interact with their surroundings in a way that
mimics biological touch. Tactile transduction techniques in such systems include piezoresistive, strain
gauge, piezoelectric, capacitive, optical, and magnetic methods, each offering distinct advantages for
different applications [80]. Yi, Zhang, and Peters provide a comprehensive review of the human sense
of touch and its replication using biomimetic techniques [80]. Human mechanoreceptors, including
Pacinian corpuscles, Meissner’s corpuscles, Merkel discs, and Ruffini endings, enable recognition of
shapes, textures, and hardness. These receptors exhibit adaptive behaviors classified as slowly or
rapidly adapting [29]. Artificial tactile sensors emulate these biological properties, enabling robots to
perform human-like tactile perception. These various sensing principles serve as the foundation for
a wide range of tactile sensor implementations, which will be explored in the next subsection through
specific examples used in robotic applications.

3.1.2. Overview of Existing Tactile Sensors
Building on the sensing principles outlined above, this subsection presents prominent examples of
tactile sensors that have been developed for robotic applications, particularly those that incorporate
biomimetic and neuromorphic design features. Notable examples include the BioTac sensor [18], which
emulates the form and function of a human finger. It was developed to investigate tactile performance
with the aim of approaching human-like perception. Building on this, Ward-Cherrier, Pestell, and Lepora
developed the NeuroTac sensor, a novel neuromorphic optical tactile device that advances biomimetic
tactile systems [74]. Neuromorphic tactile sensors mimic biological processes by employing spike-
based representations inspired by the nervous system (see Chapter 4), thereby enabling more sophis-
ticated tactile sensing inspired by human’s sense of touch. In their work, hardware from the TacTip
sensor [75] was combined with an event-based camera. Algorithms encoded contact information into
spike trains for processing, enabling the NeuroTac sensor (Figure 3.1) to perform texture classification
tasks and evaluate different coding methods’ impacts on performance. A similar development is the
NeuTouch fingertip sensor by Taunyazov et al., which contains 39 taxels (short for tactile pixels). This
scalable sensor design supports larger numbers of taxels for robot end-effectors [72]. These examples
illustrate how tactile sensors are evolving from conventional designs toward increasingly biomimetic
and neuromorphic systems, paving the way for their integration into aerial platforms with advanced
tactile perception capabilities.

3.2. Whiskers
Whiskers, also known as vibrissae, are specialized tactile hairs present in nearly all mammalian species
[1]. The term originates from the Latin word vibrio, meaning “to vibrate” [1], which reflects their ability to
oscillate and transmit mechanical stimuli to highly sensitive mechanoreceptors at their base. Vibrissae
are integral to the sensory functioning and behavioral repertoire of animals, supporting activities such
as navigation, prey detection, and environmental exploration in conditions where vision and hearing
are limited. Whiskers are effective in confined and cluttered environments, especially where vision
is limited [4, 40]. They provide valuable information about surrounding objects and surfaces as they
make contact or brush past. Due to their low mechanical stiffness, whiskers can detect even very light
contacts without disturbing the environment, a key advantage for state estimation [44].

This section first examines the biological foundations of whisker systems, including their morphology
and the sensorimotor processes involved in tactile perception. It then explores how these biological
principles have inspired the development of artificial whisker-based sensors. Distinctions are made
between contact whiskers and airflow whiskers, each serving different perceptual roles. Finally, the
section discusses practical applications of these whisker types and highlights recent robotic implemen-
tations that integrate them into real-world systems.

3.2.1. Biological Whiskers
To understand the principles underlying whisker-inspired tactile sensing, it is essential to first examine
the biological function and adaptive behaviors of vibrissae in animals. In animals like cats and rats, vib-
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Figure 3.1: The recently developed NeuroTac sensor is a neuromorphic optical tactile sensor that enables the processing of
event-based data for efficient and biologically accurate computing. Adapted from [74]

rissae supplement vision, enabling navigation in environments where visual cues are insufficient [76].
For instance, whiskers allow cats to assess whether openings are large enough for passage and detect
minute changes in air currents deflected by nearby objects, facilitating movement in complete darkness
without collisions [76]. Whisker-based touch forms a primary sensory modality for rodents, enabling
them to detect floors, walls, and objects, especially in low-light conditions [14]. This sophisticated tactile
system has inspired artificial whisker sensors in robotics, where similar sensing and processing capa-
bilities are researched to enhance perception and autonomy. Figure 3.2 illustrates several mammalian
species that rely on whiskers for environmental sensing [60]. Rats, seals, and shrews are particularly
adept in using their whiskers. Whiskers naturally occur in various shapes. In Figure 3.3 an overview of
different shapes of whiskers is presented, from [83].

While whiskers are often conceptualized as passive sensors, many animals actively control their
vibrissae, a behavior named “active whisking.” As Prescott et al. note, active whisking offers several
functional advantages:

1. Sampling across a broader spatial area.

2. Directing whiskers toward objects of interest.

3. Modulating contact force and duration for richer sensory input.

This dynamic sensing strategy enables animals to explore and recognize objects effectively in clut-
tered or dark environments. Its translation to robotics has inspired the development of actuated whisker
arrays capable of similar exploratory and object recognition behaviors [49]. These biological insights
form the foundation for designing artificial whisker systems.

3.2.2. Whisker Sensorimotor System
Beyond their mechanical properties, whiskers are part of a highly specialized sensorimotor system that
allows animals to extract detailed spatial and textural information through neural processing. Research
on whisker-based sensorimotor control and neuronal representations provides insights into how an-
imals use vibrissae for navigation and object recognition. Diamond et al. investigated how ”where”
(object location) and ”what” (object identity) are encoded in the rat’s neuronal system [14]. Their exper-
iments included tasks such as navigating narrow alleys, discriminating cookie shapes, and recognizing
textures. Rats were shown to use multiple whiskers simultaneously to infer object shapes, highlight-
ing the importance of integrating contact information with self-motion cues. Non-intrusive sensing via
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Figure 3.2: Examples of animals with whiskers. Three species with highly developed tactile sensory systems based on facial
vibrissae: (a) common rat, (b) harbor seal, and (c) water shrew. Adapted from [60].

Figure 3.3: Overview of whisker shapes. (a) Rodents and large terrestrial mammals typically have conical whiskers. (b) Aquatic
mammals, such as seals, possess whiskers with elliptical cross-sections and undulating diameters. (c) Cylindrical whiskers
sensors are sometimes used in whiskered robots. Adapted from [83].
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Figure 3.4: Schematic of the rat whisker sensory system illustrating the pathway from follicles to the barrel cortex. (a) Mechanore-
ceptors in each follicle respond to whisker deflections and rotations, encoding direction, velocity, and duration of stimuli. (b)
Whiskers form a two-dimensional grid of five rows on each side of the snout. Adapted from [14].

whiskers is particularly advantageous for navigating and localizing objects in dynamic environments.
In rats, the large whiskers (named macrovibrissae) are arranged in a precise grid of five rows (la-
beled A–E) and several numbered arcs on each side of the snout. Each whisker is rooted in a follicle
richly innervated by approximately 200 sensory neurons of the trigeminal ganglion, which transduce
mechanical deflections into action potentials [14]. These afferent signals travel through the trigeminal
nerve to the brainstem’s trigeminal nuclei, ascend to the thalamus, and ultimately project to the barrel
cortex in the somatosensory region of the brain [14]. Remarkably, the layout of the whiskers on the
snout is mirrored in the organization of the barrel cortex, forming a topographic “whisker-to-barrel” map
(Figure 3.4) [14]. This highly ordered mapping facilitates the encoding of detailed spatial information
about the environment. Research indicates that the direction, duration, and velocity of whisker deflec-
tions can be encoded in these neural signals [60]. Unique receptor responses in mammalian brains
allow these animals to accurately estimate radial contact locations along their whiskers, inspiring sim-
ilar approaches in robotics [61]. This intricate biological architecture demonstrates how mechanical
deflections of whiskers are transformed into structured neural representations, insights that continue
to influence the design of bio-inspired tactile processing in robotics.

3.2.3. Whisker-Inspired Sensors
Inspired by animal vibrissae, artificial whiskers have been developed as tactile sensors to enhance the
perception capabilities of robots. Whiskers offer attractive features like high sensitivity, broad sens-
ing range, mechanical compliance, robustness and simplicity in design [77, 67]. These engineered
systems aim to replicate the unique properties of vibrissae that enable animals to gather rich spatial
and textural information from their surroundings [77]. What makes whiskers particularly effective in
the animal kingdom is the quality and quantity of sensory information they provide. They can detect
subtle vibrations and surface textures without disturbing the environment, a feature especially valuable
for state estimation in dynamic or delicate settings. Translating these capabilities into robotics allows
for improved tactile exploration, object detection, and navigation in unstructured or visually impaired
environments [83]. A comprehensive review of robotic platforms equipped with artificial whiskers is
presented by Yu et al. in [83], highlighting various design approaches and applications across ground,
aerial, and underwater robots.

Among whisker-inspired systems, the BIOTACTG2 sensor by Mitchinson et al. improves on the ear-
lier G1 design [69]. It integrates 18 whisker modules, each with a composite tapered whisker mounted
on a rotating shaft, motor, and controller for whisker protraction. Hall effect sensors measure pro-
traction angles and two-dimensional whisker deflections [49]. Zhao, Jiang, and Li introduced a bio-
inspired whisker array utilizing fiber Bragg grating sensors for measuring whisker deflection [85]. This
lightweight, compact sensor offers high precision and robustness, supporting accurate 3D shape recog-
nition in robotic applications. Optical tactile sensors also remain active in research. For example, the
TacWhiskers system by Lepora, Pearson, and Cramphorn extends the TacTip family [75] by introduc-
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Figure 3.5: Biomorphic whisker design and fabrication process, featuring a nitinol wire, follicle structure, and integrated micro-
controller PCB. This highly sensitive and scalable sensor can accurately localize contact points between the whisker and objects.
Adapted from [79].

ing whisker arrays in static and dynamic configurations. The dynamic array allows controlled whisking
motions, improving tactile perception accuracy. Designed for cost-effectiveness and customizability,
TacWhiskers addresses issues of complexity and high costs in earlier tactile sensors [43]. Expanding
on this approach, Kent et al. developed the Whisksight system which is a reconfigurable, vision-based
whisker array sensor using a variation of the GelSight tactile sensor [84]. It measures whisker rotations
and can separate contact, airflow, and inertial forces, supporting broader environmental sensing ca-
pabilities [33]. In [40], an innovative, open-source tactile sensor array was developed with telescoping
whiskers adjustable in length and stiffness for task-specific optimization. This low-cost design sup-
ports navigation in confined spaces and compares favorably with LiDAR and cameras. The 16-whisker
sensor demonstrated superior deflection sensitivity and range resolution, with decent spatial resolution
and adaptability [40]. To address the limitations of traditional tactile systems, Xiao et al. developed
a whisker tactile sensor with both high sensitivity and a wide sensing range, enabling more effective
environmental perception [77].

In the recently published work by Ye, De Croon, and Hamaza [79], a lightweight, compact, and
low-stiffness MEMS-based whisker sensor is introduced for integration on UAVs without compromising
their flight performance. This design enables non-obtrusive interactions and offers a broad sensing
range. The fabrication and structure of the whisker sensor are shown in Figure 3.5. To address key
challenges in whisker sensor development, such as non-linearity, hysteresis, and the ambiguity of con-
tact point localization (where multiple points can produce similar deflections), the authors proposed a
novel approach that achieved high localization accuracy with low inference times. The sensor con-
sists of a printed circuit board (PCB), barometric pressure sensors, and a nitinol wire serving as the
whisker element. These lightweight whiskers are particularly advantageous for UAVs operating in dark,
dusty, smoky, or turbulent environments, where conventional heavier sensors such as LiDAR may be
ineffective [13].

These advancements in whisker-inspired tactile sensors demonstrate their growing potential to en-
hance robotic perception, particularly in environments where traditional sensing modalities fall short. In
the next subsections, using robotic whiskers for either contact mapping or airflow sensing is discussed.

3.2.4. Contact Whiskers
Contact whiskers enable fine-grained tactile perception by identifying precise points of contact along
the whisker shaft, a process known as radial contact estimation. By collecting multiple contact points,
robots can reconstruct detailed 3D representations of nearby surfaces and objects [32]. Early work,
such as Russell [63], demonstrated tactile whisker sensors for surface mapping using simple binary
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Figure 3.6: The 3D contact localization problem: Deflection at contact point P1 produces similar signal outputs as at P2, P3, and
P4 due to the whisker’s geometry. These points are shown in cylindrical coordinates. Adapted from [79].

contact/no-contact signals. However, accurately identifying the 3D contact location on a whisker has
since emerged as a crucial requirement for efficient scene mapping [32]. At least nine different algo-
rithms have been developed to estimate radial contact points on whiskers [32].

An essential aspect of tactile sensing with whiskers is thus not only detecting contact but also deter-
mining its precise location in space. As Wijaya and Russell notes, “If the contact point is at the whisker
tip, then the information can be used directly to reconstruct the surface shape of the object. However,
there is an ambiguity in the interpretation of the sensor data if the contact point is along the whisker
length” [76]. This ambiguity complicates accurate surface reconstruction and requires additional pro-
cessing strategies to resolve.

Moving from 2D to 3D localization further increases complexity. Robots must infer not only the
radial distance but also the angular position and depth of contacts. This information is critical for re-
constructing object shapes and supporting tasks such as manipulation, exploration, and navigation
in unstructured environments [26]. However, multiple contact points along the whisker can produce
nearly identical deflections, making it difficult to distinguish between them based solely on mechanical
signals. To compute the 3D contact coordinates, algorithms typically rely on different types of sensing
at the base(timing information, whisker strain, forces, or moments) and each approach comes with spe-
cific limitations [32].As shown in Figure 3.6, the deflection caused by contact at point P1 may generate
similar signal outputs at subsequent contact points (P2, P3, P4), all defined in cylindrical coordinates
[79].

One of the earliest algorithms for estimating contact points along a whisker was developed by Wi-
jaya and Russell. The Tip Test Algorithm distinguished between tip and shaft contacts, using only tip
contacts to reconstruct object surfaces with greater accuracy [76]. Building on this, Huet, Rudnicki,
and Hartmann introduced the Elastica3D model, which maps six mechanical signals recorded at the
whisker base to unique 3D contact point locations. Their findings showed that tapered whiskers out-
performed straight ones in terms of localization precision, highlighting the importance of biomimetic
design in whisker-based tactile systems [26].

Further simplifying the sensing process, Emnett, Graff, andHartmann demonstrated that time deriva-
tives of mechanical signals were not necessary for accurate localization. Instead, their approach used
triplets of raw signals to directly estimate 3D coordinates [15]. Most recently, Ye, De Croon, and
Hamaza addressed common challenges in whisker-based sensing, such as non-linearity and hystere-
sis, by developing a Recurrent Multi-output Network. This architecture integrates Recurrent Neural
Networks (RNNs) to learn from streaming mechanical data and achieves high-accuracy 3D contact lo-
calization. Importantly, the sensor remains lightweight and scalable, making it well-suited for integration
on UAVs operating in environments where traditional sensors like LiDAR are ineffective [79].

Addressing the complex challenge of radial contact estimation in whisker-inspired sensors can en-
able precise and reliable tactile perception in whisker-based robotic systems.
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3.2.5. Airflow Whiskers
One promising application of whisker-inspired sensors is the detection of airflow [32]. In nature, vibris-
sae are not limited to contact-based sensing but also function as flow sensors. This capability is partic-
ularly developed in pinniped mammals, whose whiskers are both longer and denser with mechanore-
ceptors, featuring ten times more sensory receptors than those of terrestrial mammals [27]. These
specialized whiskers allow marine animals to detect subtle water movements for tasks such as prey
tracking and environmental navigation.

Translating this concept to aerial robotics, airflow sensing is particularly valuable for maintaining
UAV stability in unsteady aerodynamic environments. As Hollenbeck et al. noted, airflow-sensitive
tactile sensors can capture localized aerodynamic data, enabling rapid responses to disturbances such
as gusts or turbulence [24].

Engineered airflow-sensing whiskers operate by deflecting under drag forces caused by either rel-
ative airflow (from the motion of the UAV itself) or global airflow (from wind in the environment) [32].
Unlike traditional sensors, whisker-inspired sensors are capable of detecting airflow in multiple direc-
tions, making them better suited for dynamic and unpredictable flight conditions [32].

With their multi-directional sensitivity and ability to distinguish between self-induced and environ-
mental airflow, whisker-inspired flow sensors present an interesting research direction for enhancing
situational awareness and flight control in UAVs.

3.2.6. Applications of Whisker-Inspired Sensors
The following section explores applications of whisker-inspired sensors in navigation, mapping, texture
classification, object recognition and flow detection.

Navigation
In the natural world, many nocturnal or visually impaired animals rely on touch rather than vision to
navigate their surroundings. By physically sensing their environment, these animals can determine the
position and orientation of nearby objects and move safely. Tactile navigation uses physical contact to
estimate both object locations and the animal’s position relative to them [8]. Traditional UAV navigation
primarily relies on GNSS and Simultaneous Localization And Mapping (SLAM) methods for localization
and mapping [39]. However, in environments where GNSS signals are unavailable or visual sensors
are obstructed, the sense of touch can be explored to enable autonomous navigation.

One of the earliest studies on whisker-based mobile robot navigation was conducted by Jung and
Zelinsky on the Yamabico robot [31]. This system utilized proportional whisker sensors to represent
the robot’s inclination to walls and demonstrated high-speed wall-following capabilities. Two decades
later, more advanced scientific research on tactile navigation was conducted. In 2019, Hamaza, Georgi-
las, and Richardson presented a UAV capable of contour following through tactile feedback using an
energy-tank-based force control strategy. This approach supports applications such as crack marking
during inspections and search-and-rescue missions [22]. In another study, Papachristos, Khattak, and
Alexis developed a bio-inspired UAV system and experimented with its use in a corridor like environ-
ment. However, instead of using a energy tank system like in the paper by Hamaza, Georgilas, and
Richardson, the authors use integrated antennae for haptic feedback in GNSS-denied and smoke-filled
environments [53]. This design enhanced collision tolerance and resilience in confined spaces. Kos-
sas et al. explored whisker sensors for wall-following and pathfinding in such environments. Their work
demonstrated, both in simulation and real-world experiments, how tactile feedback can complement
traditional techniques when performance deteriorates [39]. Another example is the work of Breden-
beck, Santina, and Hamaza, where a UAV was equipped with a compliant robotic finger inspired by
human morphology and sensitivity [8]. The system allowed the UAV to follow contours and gener-
ate waypoints based on inferred contact forces, enabling robust navigation in visually and acoustically
challenging environments. This is illustrated in Figure 3.7.

In a separate study [44], Lin et al. explored the use of a soft, curved whisker attached to a robotic arm
to investigate tactile-based navigation and partial surface reconstruction. One of the key motivations
for using whisker sensors in this work was their ability to overcome limitations inherent to traditional
sensing modalities such as light, laser, and ultrasonic sensors. As Lin et al. point out, light and laser-
based systems often fail when faced with challenging surfaces. Transparent objects tend to be nearly
invisible to these sensors, while highly reflective surfaces can cause significant signal noise and mea-
surement errors. Specifically, narrow infrared laser beams suffer from large errors near the edges of
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Figure 3.7: Aerial tactile navigation along walls with unknown shape and orientation: the quadrotor approaches the wall, makes
physical contact using a compliant finger sensor, and computes new reference positions based solely on the deformation of the
soft finger. Adapted from [8].

reflective objects [44]. Ultrasonic sensors, though more robust in some cases, exhibit high noise levels
on irregular or non-flat surfaces due to their wide acoustic wave probes. By contrast, the whisker-based
approach provides direct, physical interaction with objects, making it immune to such optical limitations.
The tactile data collected from the whisker sensor array was used to generate occupancy maps, which
are spatial representations of the environment that enable the robot to navigate and avoid obstacles
effectively [44].

These studies highlight the potential of whisker-based tactile sensing to enhance UAV navigation
in environments where traditional sensors fail, offering a physically grounded and resilient alternative
for spatial awareness and obstacle avoidance.

Mapping
Tactile sensing also holds significant potential for applications in mapping, enabling robots to build
maps of their surroundings through physical interaction. This capability is particularly valuable in sce-
nario’s where standard sensing methods face limitations. Whisker-based tactile sensing offers several
advantages in this context: unlike vision systems, whiskers operate reliably in high dynamic range and
are particularly effective at close distances [79]. Their compliant structure allows for gentle contact,
reducing the risk of damaging either the sensor or the environment [32]. To enhance mapping speed
and spatial resolution, arrays of whiskers are often employed, enabling robots to collect richer tactile
data during exploration tasks [32].

Early studies, such as Fox et al., experimented with simple robots using four artificial whiskers for
wall-following and exploration, laying groundwork for tactile SLAM systems [19]. In another example,
Salman and Pearson applied biomimetic whiskers to unstructured environments. Building on the RAT-
Slam algorithm [48], they demonstrated whisker-based mapping and localization capabilities [64]. In
this bio-inspired approach, the aim is to develop a system that has the ability of ”building a map of
its environment and maintaining an accurate estimate of its location through whisker based touch” as
stated by Salman and Pearson. Simultaneous estimation of both object pose and shape through tactile
interaction is a complex problem [70]. To address this challenge, Suresh et al. proposed an online tac-
tile SLAM framework for simultaneous object shape and pose estimation. A robotic arm equipped with
a force/torque sensor applied controlled pushes to objects during multiple tasks, showing the feasibility
of active tactile exploration in environments where visual sensing is inadequate [70].

These developments demonstrate how whisker-inspired systems can enable robust exploration and
mapping, especially in environments where vision-based SLAM approaches are limited or unreliable.
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Texture Classification
In general, tactile sensing for surface texture classification has been explored in several studies. For
instance, Sullivan et al. demonstrated an early application using the first version of the BIOTACT sensor,
which was mounted on a robotic end-effector. In their experiments, the robot performed surface texture
recognition tasks by applying controlled vibrational patterns at specific frequencies. This approach
enabled the system to distinguish between three different surface textures, showcasing the feasibility
of biomimetic tactile sensing for robotic applications [69].

More broadly, such methods allow robots to detect and interpret fine-grained surface characteris-
tics (such as roughness, smoothness, and patterns) that are critical for object manipulation and en-
vironmental interaction. Understanding surface properties can improve grip, handling precision, and
the robot’s adaptability to diverse materials. As Jamali and Sammut emphasize, integrating machine
learning techniques with tactile sensors further enhances a robot’s ability to classify and respond to
surface textures in dynamic environments [29].

A related application is terrain classification for mobile robots, which also benefits from tactile sens-
ing. Yu, Childs, and Nanayakkara developed a system using tapered whiskers as compliant springs,
combined with reservoir computing, to reliably identify six distinct terrain types. The approach achieved
high classification accuracy while maintaining low computational requirements, making it particularly
suitable for resource-constrained platforms [81]. While demonstrated on ground robots, this method
could be adapted to aerial platforms equipped with whisker-inspired sensors for in-situ surface identi-
fication.

These findings demonstrate that biomimetic tactile sensors, when paired with intelligent processing
techniques, support both texture and terrain classification in complex and variable environments. They
highlight the potential of whisker-based tactile systems for efficient, low-power, and accurate perception
in aerial robotic platforms.

Object Recognition
Tactile-based object recognition has gained increasing interest as a robust alternative to vision in clut-
tered, low-light, or visually ambiguous environments [11]. Inspired by the sophisticated tactile percep-
tion of humans and animals, researchers have explored methods for robots to discriminate between
object shapes and contours using whisker-like sensors.

Russell demonstrated in the 1990s that convex surfaces could be successfully measured using
whisker sensors and proposed using arrays of whiskers for denser surface profile data [63]. Another
early effort in this domain was conducted by Solomon and Hartmann, who developed a 4×1 array
of robotic whiskers to reconstruct 3D object representations. By measuring the bending moments at
the whisker bases, their system was able to infer the shape of contacted objects. They suggested
this approach could significantly enhance robotic tactile perception and performance in unstructured
environments [66]. Building on this, Solomon and Hartmann investigated two methods for inferring
object shape: sweeping and tapping. Sweeping involved moving the whisker along or across an object
to collect a series of contact points, while tapping used small rotational or translational movements
to detect initial contact locations [67]. They developed a new algorithm for continuous object contour
extraction using a single whisker sweep, which was tested on aluminium bars.

The influential work [77] of Xiao et al. focused on recognizing objects in unknown environments
using a whisker-equipped UR16e robot. They proposed autonomous exploration strategies inspired
by human tactile behaviors, such as contour tracing and volumetric sampling. During experiments
(Figure 3.9), the robot’s whisker sensor mounted on its end-effector explored cluttered scenes, suc-
cessfully constructing object contours from contact points. Their deep learning classifier effectively
categorized objects based on their contours (Figure 3.10), demonstrating strong performance across
11 real-world objects including a banana, hammer, and game controller [77]. These contours provided
sufficient categorical information for accurate object classification. However, in highly cluttered environ-
ments, overlapping contours sometimes led to merged shapes, presenting challenges for recognition
algorithms [77].

These advancements underscore the growing potential of whisker-based tactile systems, combined
with learning models, to accurately recognize object shapes through physical interaction.

Flow Detection
Whisker-inspired airflow sensors on drones are a relatively recent innovation [32]. While their basic
architecture consisting of a drag-sensitive body with sensing in the base shares similarities with bio-
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Figure 3.8: Whisker-based object detection process: contact point sampling and contour reconstruction. (a) Whisker sensor
mounted on a UR16e robotic arm. (b) Object searching phase on a desktop environment. (c) Feature sampling by probing the
objects from above to enhance shape discrimination. (d) The set of 11 real-world objects used in the experiments, including a
banana, game controller, hammer, and apple. Adapted from [77].

Figure 3.9: Tactile exploration experiments: scenes (top row) and reconstructed object contours (bottom row) with green regions
representing recognized shapes. Adapted from [77].
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Figure 3.10: Deep learning object detection architecture that uses tactile contour and surface features to classify objects. Adapted
from [77].

Figure 3.11: Airflow sensing on a multirotor equipped with four bio-inspired whisker-like sensors, enabling estimation of a 3D
wind vector to distinguish aerodynamic drag from other forces. Adapted from [71].

logical vibrissae, engineered systems differ significantly in terms of symmetry, signal processing, and
sensor integration [32].

In one example, Tagliabue et al. equipped a UAV with bio-inspired airflow sensors capable of dis-
tinguishing between airflow, drag, and interaction forces using deep learning models for relative airflow
estimation [71]. Similarly, Deer and Pounds developed a lightweight whisker sensor designed for pre-
contact force detection. This sensor enabled UAVs to perceive air pressure waves before direct contact,
supporting improved obstacle avoidance and velocity control. Its low weight and robust construction
make it suitable for aerial applications in dynamic environments [13].

A more complex design was introduced by Kim et al., who developed a whisker-fin sensor for multi-
directional airflow detection. Inspired by animals that navigate using airflow cues, the design combines
a whisker base with a fin structure to increase air resistance. Unlike conventional airflow sensors that
are often limited to a single direction, this system enables detection across multiple directions, a critical
feature for Micro Air Vehicle (MAV) stability in unpredictable airflow conditions. The sensor was vali-
dated both in wind tunnel experiments and real-world flights [37]. Related work on soft airflow sensors
using artificial hair structures also shows promise for mobile robot platforms [38].

To address the challenge of distinguishing self-generated airflow from environmental wind, Kent
and Bergbreiter developed a whisker sensor array that exploits a phenomenon they named ”flow shad-
owing” [34]. By arranging whiskers in a dense grid, airflow is unevenly distributed across the array,
creating directionally dependent signal variations. According to Kent, this technique allows for the si-
multaneous detection of multiple flow sources by analyzing the signal response in relation to the flow
heading. A secondary array can be used to resolve ambiguities between relative motion and ambient
wind, enabling more precise control and interpretation of aerodynamic conditions.

These developments show that airflow-sensitive tactile sensors significantly enhance UAV respon-
siveness and flight control in complex aerodynamic environments, paving the way for safer, more adap-
tive, and robust flight strategies.
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3.2.7. Whiskered Robot Projects

Robotic whisker systems have evolved significantly over the past two decades, drawing inspiration
from the sophisticated tactile capabilities of animal vibrissae. Early implementations demonstrated the
potential of whiskers for tasks such as navigation, object detection, and shape recognition, particu-
larly in unstructured environments. This section provides an overview of complete robotic platforms
that integrate whisker-based tactile systems, highlighting their design features, sensing strategies, and
application domains.

One of the earliest platforms was Whiskerbot, introduced by Russell and Wijaya [62] and later
refined in [57]. Whiskerbot featured an array of eight passive whiskers equipped with potentiometers
to measure deflections. Since these whiskers were passive, the robot relied on its own motion to make
contact with surrounding objects. Even at this early stage, researchers highlighted the benefits of tactile
whiskers for navigation in poor visibility conditions, such as dust or low light.

The Koala platform, developed by Kim and Möller [35], advanced these ideas by implementing
two arrays of biomimetic whiskers with Hall effect sensors and active whisking enabled by DC motors.
Active whisking allowed the Koala robot to sweep its whiskers (steel beams with magnetic Hall-effect
sensors) across objects, gathering tactile data to discriminate between simple geometric shapes (e.g.,
cubes, cylinders, and cones).

An improvement over Whiskerbot came with SCRATCHbot, developed by Pearson et al. [56]. This
platform featured both micro- and macro-vibrissae and transitioned from potentiometers to magnets
with Hall-effect sensors (like the Koala platform project), improving sensing performance and robust-
ness.

Building on this work, the team introduced Shrewbot [55], which incorporated an array of 18 biomimetic
whiskers that could be individually actuated. Hall effect sensors measured deflections, allowing the
robot to explore surfaces and evaluate active whisking strategies. The design of the robot was inspired
by the Etruscan shrew, the smallest terrestrial mammal, which exhibits remarkable tactile abilities.
This animal can detect and capture prey, such as crickets, by using a single rapid whisk of its vibris-
sae to determine the prey’s location and select an optimal bite point. Shape cues, like the cricket’s
legs, are critical in guiding its hunting behavior [14]. Experiments demonstrated how compliant, light-
contact whisking improves tactile sensing and object recognition while minimizing disturbance to the
environment. In more recent research, Andresen, Aucone, and Mintchev developed a whisker-based
haptic perception system for navigating dense vegetation [5]. Unlike vision-basedmethods, this system
exploited vegetation compliance to distinguish between rigid branches and flexible foliage, providing
“pre-touch” awareness by detecting contact with whiskers before the robot itself reached an obstacle.

While whiskers have primarily been deployed on ground-based robots, recently scientists have re-
searched their application to aerial and underwater platforms. For instance, Liu et al. designed whisker-
inspired sensors to enhance underwater robots’ perception, enabling obstacle avoidance and reactive
behavior based on marine mammal whisker function [46]. Similarly, Guo et al. developed a piezo-
electric whisker sensor for detecting underwater flow fields, inspired by seals’ ability to sense subtle
water disturbances caused by prey [21]. Although non-ground-based implementations have begun to
emerge (particularly in the context of flow detection, as discussed in the previous subsection) com-
plete aerial and underwater whisker-equipped platforms remain limited. Nonetheless, these advances
demonstrate the growing potential of whisker-based systems in domains where conventional sensors
often underperform, including aerial navigation and underwater exploration.

A non-exhaustive overview of robotic whisker projects is summarized in Table 3.1. Together, these
projects demonstrate the growing versatility of whisker-inspired sensing systems, with ongoing ad-
vancements pushing their applications beyond ground-based robotics into aerial and aquatic environ-
ments where tactile perception offers distinct advantages.
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Figure 3.12: Whiskered robots, in chronological order from left to right: Whiskerbot 2005 (from [59], SCRATCHBot 2009 (from
[50] and Shrewbot 2012 (from [10])

Whiskered Robot Project Year Description

aMouse 2004
A biomimetic whisker sensor system developed for
a mobile platform, inspired by rodent vibrissae for
active touch sensing.

Whiskerbot 2005
One of the first biomimetic robots using artificial
vibrissae for texture discrimination, inspired by rat
whiskers.

Koalabot 2007 A mobile robot integrating a small array of artificial
whiskers for obstacle avoidance and surface following.

Scratchbot 2009
Designed for tactile exploration in complex environ-
ments, featuring a full array of artificial whiskers for
navigation and surface characterization.

Whisking Sensobot 2011
Developed for haptic exploration in cluttered envi-
ronments, using whiskers to sense object contours
and textures.

Shrewbot 2012
Focused on using tactile sensing for object localiza-
tion and navigation in total darkness, modeled after
Etruscan shrews.

Table 3.1: Overview of whiskered robot projects and their key features.

3.3. Chapter Insights
This chapter explored the emerging domain of aerial tactile perception, focusing on the use of whisker-
inspired sensors for UAV applications. It synthesized insights from biology, sensor design, and robotics
to answer three guiding sub-questions.

• SQ1—What is tactile sensing, what types of sensors are available, and what are its applications?
Tactile sensing refers to the acquisition and interpretation of mechanical contact or pressure in-
formation. In robotics, tactile sensors have traditionally been used for manipulation and object
recognition, and recent advancements have introduced biomimetic and neuromorphic designs to
enable more sophisticated perception. Sensors vary widely in transduction methods including
piezoresistive, capacitive, and optical techniques, and have been successfully applied to surface
texture classification, shape recognition, and environmental exploration. For UAVs, tactile sens-
ing offers an alternative in environments where vision or GNSS-based systems are unreliable or
fail completely.

• SQ3 — What are biological whiskers, and how have they inspired tactile sensing in robotics?
Biological whiskers (vibrissae) are highly sensitive tactile hairs used by mammals for navigation,
object detection, and prey tracking, especially under poor visibility. Their characteristics of being
lightweight, fast and non-intrusive has inspired the design of artificial whiskers for robots. These
robotic whiskers mimic mechanical compliance, contact sensitivity, and array-based sensing to
replicate the capabilities of biological systems. They are increasingly being researched on both
ground and aerial robots for close-range sensing tasks.
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• SQ4 — How can whisker-inspired sensors complement existing UAV sensing systems such as
cameras and LiDAR?
Whisker-inspired sensors offer critical advantages in environments where traditional sensors
struggle. Unlike vision or LiDAR, which can be limited by lighting, dust, fog, or surface reflectivity,
whiskers enable direct physical interaction and are capable of perceiving objects in low-visibility
or unstructured settings. They enhance UAV perception in close-proximity tasks such as wall-
following, terrain mapping, texture recognition, and airflow sensing, serving as complementary or
fallback sensors for aerial navigation.

However, not only advanced sensor hardware but also intelligent signal processing techniques are
needed for real-time autonomous control and flight of UAVs. The next chapter builds on this founda-
tion by exploring the role of neuromorphic computing, particularly SNNs, in processing tactile signals
from whisker-inspired sensors. It investigates how biological computing principles can be leveraged to
enable efficient, event-based, and real-time perception for aerial tactile systems.



4
Spiking Neural Networks

SNNs have emerged as a promising approach for low-power, mobile, and hardware-constrained appli-
cations [47]. Unlike traditional Artificial Neural Networks (ANNs), which encode and process information
as continuous values, SNNs transmit and compute information through discrete spikes over time. This
spike-based communication is inspired by biological neural systems, where Action Potentials (APs)
serve as the primary means of transmitting information between neurons [47]. By mimicking these
temporal and sparse coding principles, SNNs represent a paradigm shift in machine learning toward
energy-efficient and biologically plausible computation.

Building on the contents of Chapter 3, tactile perception, particularly from whisker-inspired sensors,
generates high-dimensional, time-varying signals. SNNs provide a suitable computational framework
for processing such inputs efficiently, making them highly relevant for neuromorphic aerial systems.
Their spike-based architecture naturally aligns with the dynamic and event-driven nature of tactile data,
offering the potential for low-latency, low-power, and scalable processing.

This chapter is organized as follows. It begins by introducing the principles of SNNs and comparing
them to ANNs. Next, it explores how continuous tactile signals are encoded into spike trains and how
SNNs can be trained using both biologically inspired and gradient-based methods. The chapter then
presents relevant datasets, software tools, and signal processing techniques that support neuromorphic
tactile perception. Finally, it highlights recent applications of SNNs in aerial tactile sensing, including
object recognition and whisker-inspired systems, concluding with a discussion of challenges and future
research directions.

In addressing this topic, the chapter answers the following sub-questions: SQ2 - What are Spiking
Neural Networks, and how do they differ from Artificial Neural Networks? and SQ5 - How can tactile
data from whisker-inspired sensor be processed using neuromorphic computing?

4.1. Foundations of Spiking Neural Networks
SNNs represent a new generation of neural network models, inspired by the temporal coding and
sparse communication strategies found in biological neural systems. Unlike traditional ANNs, which
continuously process input data at every timestep, SNNs operate in an event-driven manner, transmit-
ting information only when significant input triggers a response [17]. This asynchronous and sparse
computation enables SNNs to significantly reduce energy consumption while maintaining the capacity
for complex information processing [17].

These characteristics make SNNs particularly suitable for real-time, low-power applications such as
mobile robotics and embedded systems. In the context of aerial tactile perception, where fast reaction
times, energy efficiency, and high-dimensional sensory input are essential, SNNs offer a compelling
computational framework. Their biologically inspired encoding mechanisms, learning rules, and net-
work architectures aim to combine the computational power of ANNs with the adaptability and energy
efficiency of the human brain [47].

A key insight from biological systems is the efficiency of Biological Neural Networks (BNNs), in
which the majority of neurons remain inactive unless stimulated by relevant sensory events [47]. This
inherent sparsity enables energy efficiency in neural processing. As shown in Figure 4.1, sensory
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Figure 4.1: Schematic of a biological neural network (BNN). Sensory stimuli are perceived by specialized sensory organs, where
neurons perform sensory transduction by converting analog inputs into spike trains. These spike trains are then relayed to the
central nervous system for further processing. Adapted from [68].

stimuli are transduced into spike trains by specialized sensory neurons, which are then relayed through
the central nervous system for further processing [68]. SNNs emulate this behavior by using spikes
as the fundamental unit of communication, leading to computation that is both temporally precise and
resource-conscious [17].

This section begins by presenting an overview of key terminology in neuromorphic computing. Next,
SNNs are compared to conventional ANNs to highlight their distinctive properties and computational
advantages. It continues by presenting an introduction to commonly used neuron models, ranging from
biologically realistic to computationally efficient implementations. Finally, the complete neuromorphic
pipeline, with neuromorphic sensors, algorithms and processors, is discussed.

4.1.1. Brief Overview
To understand how neuromorphic computing principles translate into artificial systems, it is first neces-
sary to outline the biological foundations on which these systems are modeled, focusing on neurons,
synapses, and action potentials. In biological systems, afferent neurons transform analog signals from
sensory organs into spike trains. These spike-encoded signals are then transmitted to the central ner-
vous system for processing [68]. Interestingly, biological transduction includes an element of stochas-
ticity, which contributes to enhanced noise tolerance and energy efficiency [68]. In the following, a brief
overview of neurons, synapses, and APs is presented. See Figure 4.2 from [17]for a visual overview.

• Neurons: Neurons are the fundamental atomic units of the brain, responsible for processing and
transmitting information through electrical and chemical signals [47].

• Synapses: Synapses are the junctions between neurons, specifically the spaces between axon
terminals of presynaptic neurons and the dendrites of postsynaptic neurons. They facilitate the
transfer of information via neurotransmitters across these small gaps [47].

• Action Potentials: APs are discrete electrical signals, often referred to as ”spikes” through which
biological neurons communicate [47]. These rapid events occur within milliseconds and can
effectively be encoded as binary signals in computational models.

Together, these biological building blocks provide the basis for neuromorphic computing, enabling
SNNs to replicate key properties of biological networks such as sparsity, event-driven signaling, and
energy efficiency.
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Figure 4.2: A visual overview of neurons and spikes. (a) Diagram of a biological neuron. (b) Measurement of an action potential
propagating along the axon. (c) Approximation of a neuron’s spike using a binary representation. (d) Event-driven processing.
(e) Comparison between an active pixel sensor and an event-based camera. Adapted from [17].

4.1.2. Comparison with Artificial Neural Networks
Traditional ANNs encode and process information using continuous floating-point numbers. SNNs, on
the other hand, communicate via discrete binary events. These spikes do not require precise floating-
point representations, allowing SNNs to mimic biological neural processing more closely and potentially
achieve greater energy efficiency [47].

The differences between ANNs and SNNs can be summarized in three key aspects according to
Eshraghian et al.:

1. Spikes:
Neurons in SNNs process and transmit information through discrete APs or spikes, whereas
ANNs use continuous-valued activations [17].

2. Sparsity:
Like biological neurons, which spend most of their time at rest, SNNs exhibit sparse activity. This
means that at any given moment, most neurons are inactive, resulting in lower energy consump-
tion and improved computational efficiency [17].

3. Static Suppression:
SNNs are inherently more sensitive to dynamic changes in input, focusing on new or varying
information. This mirrors biological sensory systems, which prioritize detecting changes in stimuli
over static signals [17].

This comparison underscores how SNNs bridge the gap between biological realism and computa-
tional efficiency, positioning them as a promising paradigm for energy-efficient, event-driven processing
in tasks such as tactile perception.

4.1.3. Neuron Models
Spiking neuron models define the computational core of SNNs, capturing the dynamic behavior of bio-
logical neurons through varying levels of abstraction and complexity. Artificial neuron models, as used
in traditional ANNs, are relatively simple. Inputs are multiplied by corresponding weights, summed,
and passed through an activation function (e.g., ReLU or sigmoid) to produce an output. In contrast,
SNNs employ more biologically inspired neuron models. These models integrate weighted inputs over
time to update the neuron’s membrane potential. When the membrane potential exceeds a threshold,
the neuron generates a spike and resets its potential.
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To model this spiking behavior, researchers have proposed various neuron models of differing com-
plexity, ranging from biophysically detailed frameworks like the Hodgkin-Huxley model to simplified
abstractions such as the Leaky Integrate-and-Fire (LIF) model.

Leaky Integrate-and-Fire
The LIF model offers a simplified yet biologically inspired approach to modeling neuronal spiking, mak-
ing it one of the most widely used neuron models in SNNs. Neurons accumulate incoming weighted
inputs over time, updating their membrane potential 𝑈(𝑡). When the potential exceeds a threshold 𝜃,
the neuron fires and resets. As noted by Eshraghian et al., a spiking neuron closely resembles a low-
pass RC circuit consisting of a resistor 𝑅 and a capacitor 𝐶, leading to the LIF neuron model [17]. The
dynamics of the passive membrane, modeled as an RC circuit, can be expressed as

𝜏𝑑𝑈(𝑡)𝑑𝑡 = −𝑈(𝑡) + 𝐼in(𝑡)𝑅 (4.1)

where 𝜏 = 𝑅𝐶 is the membrane time constant, 𝑈(𝑡) is the membrane potential, and 𝐼in(𝑡) is the
input current. In discrete time, accounting for membrane potential decay and reset after spiking gives

𝑈[𝑡] = 𝛽𝑈[𝑡 − 1]⏝⎵⎵⏟⎵⎵⏝
decay

+𝑊𝑋[𝑡]⏝⎵⏟⎵⏝
input

−𝑆out[𝑡 − 1]𝜃⏝⎵⎵⎵⏟⎵⎵⎵⏝
reset

(4.2)

where 𝛽 represents the decay factor, 𝑊𝑋[𝑡] is the weighted input at time step 𝑡, and 𝑆out[𝑡 − 1]𝜃
subtracts the threshold 𝜃 from the membrane potential if the neuron fired at the previous time step. A
spike is generated whenever the membrane potential exceeds 𝜃, described as

𝑆out[𝑡] = {
1, if 𝑈[𝑡] > 𝜃
0, otherwise

(4.3)

where 𝑆out[𝑡] ∈ 0, 1 indicates whether the neuron fires at time step 𝑡. Figure 4.3 illustrates a spiking
neuron and the LIF model. In this model, both the input and output of the neuron are represented as
binary spikes. The balance of biological plausibility and computational efficiency makes the LIF model
a foundational building block for practical implementations of SNNs.

Figure 4.3: Spiking neuron model: schematic representation where both input and output are binary spike events. Adapted from
[86].

Hodgkin-Huxley Model
A biophysically accurate and complex neuron model for the initiation and propagation of APs was
introduced by Hodgkin and Huxley in 1952 [23]. The Hodgkin-Huxley model describes the neuron’s
membrane as an electrical circuit consisting of capacitors and resistors in parallel. The total current
flow 𝐼 in the neuron is given by:

𝐼 = 𝐶𝑚
𝑑𝑉𝑚
𝑑𝑡 + 𝑔𝐾(𝑉𝑚 − 𝑉𝐾) + 𝑔𝑁𝑎(𝑉𝑚 − 𝑉𝑁𝑎) + 𝑔𝑙(𝑉𝑚 − 𝑉𝑙)

where 𝐶𝑚 is themembrane capacitance, 𝑉𝑚 is themembrane potential, 𝑔𝐾 , 𝑔𝑁𝑎 , 𝑔𝑙 are conductances
for potassium, sodium, and leak channels respectively, 𝑉𝐾 , 𝑉𝑁𝑎 , 𝑉𝑙 are their corresponding reversal po-
tentials. This model treats the neuron’s current flow as the sum of the capacitive current 𝐶𝑚

𝑑𝑉𝑚
𝑑𝑡 and
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the ionic currents through potassium (𝑔𝐾), sodium (𝑔𝑁𝑎), and leak (𝑔𝑙) channels. While highly detailed
and accurate, the Hodgkin-Huxley model comes at a significant computational cost. For this reason,
most SNNs use simplified models such as the LIF for practical applications.

Izhikevich Model
The Izhikevich model provides a trade-off between biological realism and computational efficiency [28].
It can reproduce many spiking behaviors of real neurons using a simple two-variable system:

𝑑𝑣
𝑑𝑡 = 0.04𝑣

2 + 5𝑣 + 140 − 𝑢 + 𝐼

𝑑𝑢
𝑑𝑡 = 𝑎(𝑏𝑣 − 𝑢)

with a reset condition:

if 𝑣 ≥ 30mV, {𝑣 ← 𝑐𝑢 ← 𝑢 + 𝑑
where 𝑣 is the membrane potential, 𝑢 is a recovery variable, and 𝑎, 𝑏, 𝑐, 𝑑 are parameters control-

ling the neuron’s dynamics [28]. This model allows efficient simulation of networks with diverse neuron
types and firing patterns. This flexibility enables the Izhikevich model to simulate large networks of het-
erogeneous neurons efficiently, making it well-suited for studying complex spiking dynamics in SNNs.

By offering a spectrum from biologically detailed to computationally efficient models, these neuron
frameworks provide flexible tools for implementing SNNs to meet the specific application demands.

4.1.4. Neuromorphic Computing Pipeline
The neuromorphic computing pipeline integrates biologically inspired sensors, algorithms, and hard-
ware to enable efficient, spike-based information processing in robotics. This pipeline comprises three
key components: neuromorphic sensors, neuromorphic algorithms, and neuromorphic hardware [17].

Neuromorphic sensors generate event-driven outputs by encoding changes in sensory stimuli as
asynchronous spikes, enabling efficient and low-latency perception. These sensors emulate biological
sensory systems, enabling robots to interact with their environment in a more biologically plausible and
responsive manner. Examples include event-based cameras and tactile sensors that directly generate
spike trains suitable for processing by SNNs [74, 72].

Neuromorphic algorithms process spike-based data streams, utilizing temporal and spatial dynam-
ics characteristic of biological networks. These algorithms leverage properties such as sparsity, asyn-
chronous processing, and local learning rules (e.g., Spike-Timing Dependent Plasticity (STDP)) to
achieve energy-efficient computation [47]. Applications include motor control, pattern generation, and
navigation tasks like simultaneous localization and mapping (SLAM) [86].

Neuromorphic processors deviate from the traditional von Neumann architecture by employingmas-
sive parallelism, asynchronous event-driven operations, and highly distributed memory. This architec-
ture reduces redundant computations and lowers energy consumption, making them particularly suit-
able for mobile and resource-constrained robotic platforms that require low-latency and energy-efficient
processing [47, 86]. Architectures such as TrueNorth, Loihi, and SpiNNaker implement near-memory
computing, leveraging sparse, event-driven processing for ultra-low power operation. However, most
platforms are still limited to model inference and local learning and cannot yet train large-scale SNNs
directly [86]. Table 4.1 summarizes currently popular neuromorphic chips.

Together, these three components form a complete pipeline that supports low-power, real-time, and
adaptive computation, making neuromorphic systems especially promising for mobile and embodied
AI applications.

4.2. Encoding and Training Spiking Neural Networks
SNNs process information through discrete spike events. Input data can either be fed directly as con-
tinuous values or transformed into spike trains using specialized encoding methods. Likewise, spike-
based outputs must be decoded to yield meaningful predictions. A critical challenge in deploying SNNs
is the training process, which is complicated by the non-differentiable nature of spikes.
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Neuromorphic Chip Developer Characteristics

TrueNorth [3] IBM
Digital neuromorphic processor with
1 million neurons, event-driven architecture,
supports low-power inference.

Loihi [12] Intel
Digital, supports local online learning (STDP,
Hebbian rules), scalable, energy-efficient
for SNNs.

SpiNNaker [52] University of Manchester
Digital architecture designed for real-time
large-scale neural simulations,
massively parallel.

Table 4.1: Non-exhaustive overview of neuromorphic hardware platforms found in literature.

The section begins by introducing common input and output encoding techniques for transforming
sensory data into spike trains and interpreting SNN outputs. It then presents four prominent training
strategies for SNNs: shadow training, spike-based backpropagation, local learning rules, and surrogate
gradient methods.

4.2.1. Input Encoding Methods
To effectively process continuous sensory data, SNNs may require input encoding methods that con-
vert analog signals into spike trains, with different strategies offering trade-offs between efficiency,
robustness, and temporal precision. Several encoding strategies have been proposed to achieve this
conversion:

1. Rate coding: represents stimulus intensity as the firing rate of a neuron, where a stronger stim-
ulus results in a higher number of spikes per unit time. This approach is robust to noise, making
it reliable for many applications [17]. However, it suffers from higher power consumption and
slower reaction times because it relies on accumulating spike counts over a period [17].

2. Latency (or temporal) coding: uses a time-to-first-spike model where only a single spike per
neuron is required to encode the stimulus fully. Stronger stimuli result in earlier spikes, creating a
negative correlation between stimulus intensity and spike timing [47]. This method offers reduced
power consumption due to its sparse spiking behavior, which is particularly advantageous for low-
energy systems [17]. However, it is more susceptible to noise and timing inaccuracies, which can
affect the reliability of encoded information in dynamic environments [17].

3. Delta modulation: encodes temporal changes in input intensity by generating spikes whenever
significant variations occur. This approach captures the derivative of the input signal, allowing
for efficient compression of time-series data and making it well-suited for applications involving
rapidly changing inputs [17]. While highly effective for such use cases, delta modulation’s perfor-
mance can degrade if the input signal is relatively static, as it may fail to produce sufficient spikes
for accurate representation.

These encoding schemes (rate coding, latency coding and delta modulation) highlight the diverse
approaches available for representing input stimuli as spikes.

4.2.2. Output Encoding Methods
The spike trains produced by SNNs must be decoded into meaningful outputs for interpretation. Com-
mon decoding strategies include:

1. Rate coding: The predicted class is determined by the output neuron with the highest firing rate
(i.e., the most spikes within a time window) [17].

2. Latency (or temporal) coding: The prediction is based on which output neuron fires first, making
it a fast and time-efficient strategy [17].

3. Population coding: A group of neurons collectively represents each class. The overall activity
pattern across this population determines the predicted class [17].
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Figure 4.4: Visual representation of input and output encoding schemes in SNNs. Different methods such as rate coding, latency
coding, and delta modulation illustrate how temporal changes in input intensity are transformed into spike trains for processing
and how spike patterns are decoded for outputs. Adapted from [17].

These decoding methods (rate, latency and population coding) illustrate the flexibility of SNNs in
transforming spike-based representations into actionable predictions or classifications.

In Figure 4.4, the various input and output encoding schemes used in SNNs are displayed visually,
providing an overview of how continuous data can be represented as spike trains for processing [17].

4.2.3. Training Spiking Neural Networks
Training SNNs presents unique challenges due to the non-differentiability of spikes [17]. Unlike ANNs,
where gradients can be computed directly through continuous activation functions, SNNs rely on dis-
crete spike events, making traditional gradient-based optimization difficult [17]. Several approaches
have been developed to address this. A common challenge in SNN training is the dead neuron prob-
lem, where neurons fail to fire due to poor weight initialization or suboptimal learning dynamics [17].
This results in underutilization of the network’s capacity and can hinder performance.

Shadow Training
In shadow training, a non-spiking ANN is first trained using standard methods [17]. Once trained, the
ANN is converted into an SNN by interpreting the neuron activations as firing rates or spike times. This
approach takes advantage of the mature training algorithms and infrastructure of ANNs while enabling
deployment in energy-efficient spiking architectures. However, this conversion process often leads to
performance degradation due to differences in dynamics between ANNs and SNNs.

Backpropagation Using Spikes
An alternative is to train SNNs natively using error backpropagation, specifically Backpropagation
Through Time (BPTT) [47]. This method propagates gradients through the temporal sequence of spike
events, similar to how RNNs are trained. While computationally intensive, BPTT directly accounts for
the temporal dynamics and sparsity of spike trains.

Local Learning Rules
Local learning rules update synaptic weights based on spatially and temporally local information at the
synapse, rather than relying on a global error signal [47]. These biologically inspired methods include
[17]:

• Hebbian learning: Synaptic weights strengthen when pre- and postsynaptic neurons are active
simultaneously (”cells that fire together, wire together”) [9].
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Figure 4.5: Surrogate gradients enable gradient-based training of SNNs despite the non-differentiability of spikes. Adapted from
[47].

• STDP: A biologically plausible unsupervised learning rule where synaptic weight changes depend
on the relative timing of pre- and postsynaptic spikes [47]. If a presynaptic spike precedes a
postsynaptic spike, the synapse is strengthened; if the order is reversed, the synapse is weakened
[17].

Surrogate Gradient Methods
To address the non-differentiability of spike functions, surrogate gradient methods replace the hard
threshold of the spiking neuron with a smooth, differentiable approximation during training [51, 17].
This enables the use of standard gradient-based optimizers such as SGD or Adam. A schematic rep-
resentation of surrogate gradient learning is shown in Figure 4.5.

Together, these training strategies, ranging from conversion-based to biologically inspired and gradient-
based methods, highlight the diverse and evolving landscape of approaches for making SNNs trainable
and effective in practical applications.

4.3. Tools and Resources for Neuromorphic Tactile Perception
Neuromorphic computing for tactile perception is an interesting research direction due to its potential for
energy-efficient and low-latency sensory processing [78]. However, progress in this field is often hin-
dered by the limited availability of suitable datasets and specialized tools [65]. This section introduces
the publicly available neuromorphic tactile dataset ST-MNIST [65], and reviews software frameworks
and processing pipelines that support the implementation and training of SNNs in tactile applications.

In this section, we progress from data acquisition to system implementation and, finally, to sensor
interfacing and preprocessing. First, we review a software framework designed for building and training
SNNs. Next, we present a neuromorphic tactile dataset that enables the benchmarking of SNN-based
tactile systems. Lastly, we discuss recent advances in tactile signal processing, focusing on methods
that translate analog sensor data into spike-based representations suitable for neuromorphic compu-
tation.

4.3.1. Software Framework
Software frameworks play a critical role in advancing the development and application of neural net-
works. Popular deep learning frameworks such as PyTorch provide powerful tools for constructing and
training ANNs. [86] However, these frameworks are primarily developed for ANNs and do not natively
support the unique requirements of SNNs. With the growing interest in large-scale brain-inspired neu-
ral networks, specialized frameworks have emerged to facilitate the modeling, simulation, and efficient
computation of SNNs [86]. SNNTorch [17], a Python library, was developed to extend the capabilities
of PyTorch and introduce networks of spiking neurons [16]. SNNTorch supports a range of biologically
inspired learning algorithms, including variants of online backpropagation that are better aligned with
the principles of neural computation observed in the brain. Building on this software framework, the
next subsection considers an exaple of a neuromorphic tactile dataset to benchmark the performance
of SNN models.

4.3.2. Tactile Dataset
Traditional tactile sensors often operate synchronously, using serial readout mechanisms to acquire
data from multiple taxels. However, as the number of taxels or sensors increases, these synchronous
systems face significant scalability challenges due to latency bottlenecks [65]. Event-based tactile sen-
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sors, by contrast, process data asynchronously, enabling more efficient handling of large-scale sensor
arrays and dynamic interactions. Despite these advantages, the lack of publicly available neuromor-
phic tactile datasets has historically limited progress in developing neuromorphic tactile systems. To
address this gap, See et al. introduced a pioneering dataset: the Spiking Tactile MNIST (ST-MNIST)
[65]. Analogous to the widely used MNIST dataset for vision tasks, ST-MNIST provides a benchmark
for evaluating neuromorphic algorithms on tactile perception tasks. The ST-MNIST dataset consists
of handwritten digits (0–9) collected from human subjects using a 100-taxel biomimetic event-based
tactile sensor array. Each digit is recorded as a sequence of spatio-temporal events, capturing both
the location and timing of contact across the sensor surface. This format closely mimics how biological
systems perceive and process tactile information. Importantly, See et al. also reported baseline per-
formances on this dataset. The introduction of datasets such as ST-MNIST provides a standardized
benchmark for developing and evaluating neuromorphic tactile algorithms. While this datasets facili-
tates algorithmic development, the effectiveness of neuromorphic tactile systems also depends on how
analog sensor signals are transformed into spike�based representations, which is discussed next.

4.3.3. Tactile Signal Processing
Biomimetic tactile perception with spikes has attracted increasing attentions in the past decade [80].
Advances in research can enable more biologically plausible and energy-efficient sensory systems.
Inspired by the properties of biological mechanoreceptors, these approaches aim to replicate the tem-
poral and spatial dynamics of natural tactile perception.

Over the past decade, research has explored how tactile sensors, typically producing analog out-
put, can be interfaced with neuromorphic architectures through various analog-to-spike encoding tech-
niques. Particularly promising are event-based tactile sensors, which bypass the need for explicit
spiking neuron models by directly producing asynchronous spike trains in response to tactile stimuli
[80]. These sensors offer a natural fit for spiking neural networks and represent a step toward fully
integrated neuromorphic pipelines.

Table 4.2 provides an overview of studies in the last decade on biomimetic tactile perception using
spikes. These works span a range of sensor types, encoding strategies, and decoding algorithms, with
applications including gait event detection and texture discrimination. Despite their significance, many
of these studies are now dated. More recent developments and application-focused studies will be
discussed next.

Year Author Tactile Sensor Analog-to-spike trans-
formation Spike train decoding Application

2012 Spigler et al. [102] A 2×2 piezoresistive
tactile sensor array The Izhikevich model Spike frequency domain

analysis Grating discrimination

2013 Bologna et al. [91] A 4×6 capacitive tactile
sensor array

The integrate-and-fire
model

Naïve Bayesian classi-
fier Braille letter recognition

2013 Lee et al. [104] A fabric based binary
tactile sensor array The Izhikevich model Tempotron Curvature discrimina-

tion

2014 Lee et al. [135] A low-cost foot pressure
sensor The Izhikevich model Synaptic kernel inverse

method (SKIM) Gait event detection

2015 Rongala et al. [100] A 2×2 piezoresistive
tactile sensor array The Izhikevich model k-NN based on spike

features Texture discrimination

2015 Chou et al. [136] Interactive neurorobot
with 9×8 trackballs The Izhikevich model STDP Learning touch prefer-

ences

2017 Yi and Zhang [112] Biomimetic fingertip
with PVDF films The Izhikevich model Spike train distance-

based kNN
Roughness discrimina-
tion

Table 4.2: Tactile sensors and neuromorphic processing techniques. Adapted from [80].

Together, these datasets, software tools, and signal processing techniques form the foundation for
implementing neuromorphic tactile systems. In the next section, we explore how these components are
integrated in practice, particularly in the context of aerial robotics, where lightweight, energy-efficient,
and responsive tactile sensing is essential.

4.4. Applications of Neuromorphic Tactile Perception
SNNs are increasingly adopted for tactile perception due to their energy efficiency, event-driven oper-
ation, and compatibility with asynchronous sensory data [72]. These features make them particularly
attractive for mobile and aerial robots that operate under strict power and latency constraints. This
section explores how SNNs have been implemented in neuromorphic tactile systems, object detection
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tasks, and whisker-inspired perception architectures. These applications demonstrate the growing ma-
turity and versatility of neuromorphic approaches in robotic sensing and perception, but also highlight
future research opportunities.

In this section, we move from system-level implementations to specific use cases of SNNs in tac-
tile perception. First, we present fully neuromorphic tactile sensing systems that integrate sensors,
algorithms, and hardware for real-world tasks. Next, we highlight applications in object detection and
recognition, showcasing how SNNs and hybrid architectures enable efficient and robust tactile per-
ception. Finally, we examine whisker-inspired systems that explore biologically plausible models for
processing tactile input.

4.4.1. Event-Based Tactile Sensing Systems
Neuromorphic tactile sensing systems combine event-based tactile sensors, spiking neural networks,
and dedicated hardware to create fully integrated, low-power pipelines for real-world perception tasks.

In [78], a complete neuromorphic tactile sensing system is developed to tackle the real-world task
of reading Braille letters. The system integrates a NeuroTac sensor [74] with a SCNN algorithm and
deploys it on neuromorphic hardware, creating a fully neuromorphic pipeline. After training, the system
achieves high classification accuracy on Braille letters. The setup is shown in Figure 4.6 (from [78]).
Xu, Lepora, andWard-Cherrier demonstrated that SNNs hold strong potential for increasing robustness
to noise in dynamic and uncertain environments compared to conventional ANNs [78]. Ultimately, this
work presents an energy-efficient tactile system with promising applications in low-power robotics.

In another study, Taunyazov et al. combine their NeuTouch tactile sensor with data from an event-
based camera. By fusing visual and tactile information in a SNN, the system achieves improved clas-
sification performance. When deployed on Intel’s Loihi chip, the SNN demonstrated comparable infer-
ence speed to an ANN while consuming approximately 1900 times less power [72]. This highlights the
potential of end-to-end neuromorphic systems for power-constrained robotic platforms.

In [7], a fully neuromorphic system is presented for real-time texture classification using tactile data
from the NeuroTac sensor. Similarly, Guo et al. propose DeepTactile, a novel network that leverages
event-driven tactile sensing. By structuring tactile spikes from the NeuTouch sensor [72] as graphs and
processing them with their model, the system achieves high classification accuracies while consuming
up to ten times less energy compared to ANN baselines [20].

These studies demonstrate that fully neuromorphic pipelines (sensor + SNN + hardware) can op-
erate with low energy consumption, real-time responsiveness, and noise robustness. These are all
critical requirements for drones or UAVs that are power-constrained and operate in dynamic, uncertain
environments (e.g., aerial inspection or search-and-rescue).

4.4.2. Event-Based Object Detection
Beyond tactile sensing, SNNs and hybrid architectures have been applied to event-driven object de-
tection, making use of their asynchronous and energy-efficient processing for real-world tasks.

Regarding object detection, SNNs have particularly been applied in combination with event-based
cameras. Kugele et al. propose a hybrid architecture that combines an SNNs backbone for efficient
event-based feature extraction with an ANN head for classification and detection. This design uses the
asynchronous, low-power processing of SNNs while maintaining high task performance [41]. In [25],
the TacFormer network introduces attention mechanisms from Transformer models into SNNs for tactile
object recognition. Evaluated on the EvTouch-Objects and EvTouch-Containers datasets, TacFormer
demonstrates significant performance improvements over previous methods.

Another hybrid model is proposed in [2], which integrates SNNs and ANNs to combine spike-based
processing efficiency with state-of-the-art detection performance. Using event camera data, the system
achieves comparable accuracy to ANN baselines while reducing energy consumption and latency.
Further contributions include Jin et al.’s R-SNN, which uses region proposals encoded as spike inputs
for object detection [30]. Deployed on the Darwin Mouse neuromorphic system, R-SNN achieved
improved energy efficiency, consuming only 6W during testing, though its performance still trails state-
of-the-art ANNs [30].

In tactile sensing, Dabbous et al. address the limitations of fixed-rate sampling by developing a
neuromorphic architecture with two layers of LIF neurons. Trained using STDP, their system achieves
100%accuracy in classifying eleven objects based on tactile shape data. Similarly, Kim et al. employ the
Izhikevich neuron model to convert tactile signals into spike trains for unsupervised shape recognition.
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Figure 4.6: Neuromorphic Braille reading system using a NeuroTac sensor and SNN. (a) The NeuroTac sensor collects Braille
information with inherent uncertainties in depth, center position, and speed. (b) Captured data is transmitted to the SNN for
processing. (c) LIF neuron model employed in the system. Adapted from [78].

These applications highlight how SNNs can deliver competitive performance in real-world tasks like
object detection while reducing energy and latency, emphasizing their potential for aerial tactile per-
ception and other edge-computing scenarios. Event-based vision allows high-speed object detection
with minimal power use, critical for drones that must detect and react to obstacles or objects in flight.
In tactile contexts (e.g., drones physically interacting with surfaces), the use of SNNs for mapping,
shape detection, or material recognition could enable intelligent touch-based interaction. These capa-
bilities are essential for applications such as structure inspection, aerial manipulation, or autonomous
navigation in unstructured environments.

4.4.3. Whisker-Inspired Sensors and Spiking Neural Networks
Moving on from event-based tactile sensing and object detection, we focus on whisker-inspired sen-
sors. Building on the biological inspiration of vibrissae, several works investigate how spiking neural
models can replicate the processing of whisker-based sensory input, providing insights into future neu-
romorphic tactile systems.

Although no studies have yet applied SNNs directly to whisker-based tactile systems, several works
investigate how biological systems process whisker input. In [6] the authors develop a biologically
inspired neurorobotic whisker system to replicate the functional mechanisms of animal somatosensory
processing. Their SNN model processes information encoded during whisking, offering insights into
neural dynamics. A related effort is presented by Petschenig et al. in [58], who focus on evoked sensory
responses in the rat barrel cortex. Their work contributes to understanding how whisker sensory data
can be processed in neuromorphic architectures. These approaches allow for better understanding of
the neuroscientific background for merging bio-inspired tactile sensing and neuromorphic computing in
tactile platforms.

Whisker-inspired sensors may be valuable in close-proximity sensing and collision detection in ar-
eas where vision and LiDAR are less effective due to occlusions or poor lighting (e.g., in tunnels, under
bridges, or near infrastructure) [8]. The use of SNNs for whisker signal processing, even in simulation
or neuroscience contexts, offers the potential for biomimetic, low-latency autonomous tactile navigation
in aerial robots operating in tight or GNSS-denied spaces.

Collectively, these applications illustrate the versatility of spiking neural networks in tactile percep-
tion, from low-power sensing systems to object recognition, setting the stage for their integration into
aerial platforms that demand efficient, real-time interaction with the environment.
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4.5. Challenges in Spiking Neural Networks
Despite the promising advancements of SNNs in recent years, several key challenges remain that
hinder their broader adoption and performance parity with ANNs.

• Firstly, although many studies have demonstrated that deep SNNs can achieve accuracy compa-
rable to their ANN counterparts on certain tasks, they still lag behind conventional state-of-the-art
ANNs, particularly on large-scale datasets such as ImageNet [86]. Bridging this performance gap
requires further research efforts in network architecture design, training algorithms, and optimiza-
tion techniques.

• Secondly, while SNNs are often praised for their energy efficiency, this metric does not account
for the energy cost of other processes such as data movement and memory access [86]. To
accurately assess energy savings, it is crucial to deploy well-performing SNNs on neuromorphic
hardware or high-fidelity simulators that fully exploit the event-driven nature of these systems and
provide realistic energy consumption measurements [86].

• Thirdly, applications requiring high processing speed and low power consumption, such as robotics,
could greatly benefit from integrating neuromorphic vision and audio sensors with neuromor-
phic processing chips. However, current approaches often convert event-based sensor data
into frame-based representations before processing, which undermines the advantages of event-
driven systems. Greater efforts are needed to develop methods that directly process raw neu-
romorphic sensing events using SNNs, thus maintaining their inherent temporal resolution and
energy efficiency [86].

Addressing these limitations is essential to fully realize the potential of SNNs in real-world applica-
tions, particularly in domains like robotics, where low-latency, energy-efficient, and event-driven pro-
cessing can offer a substantial advantage over conventional approaches.

4.6. Chapter Insights
This chapter explored the foundations, implementation, and applications of SNNs, focusing on their
relevance for tactile perception in aerial systems. By doing so, it aimed to answer two guiding sub-
questions.

• SQ2—What are Spiking Neural Networks, and how do they differ from Artificial Neural Networks?
SNNs differ fundamentally from ANNs by using discrete spikes instead of continuous activations
to encode and process information. This event-driven approach mirrors the asynchronous signal-
ing of biological neural systems, enabling energy-efficient and low-latency computation. Further-
more, SNNs exhibit sparse activity, meaning most neurons are inactive at any moment, which is
unlike ANNs, where neurons are always ’on’. Finally, SNNs focus on new and dynamic changes,
mirroring biological sensory systems. Compared to ANNs, SNNs can achieve similar task per-
formance on certain benchmarks while offering advantages in temporal precision and scalability
for embedded and mobile platforms.

• SQ5 - How can tactile data from whisker-inspired sensor be processed using neuromorphic com-
puting?
This chapter showed that tactile data, especially from high-dimensional, time-varying whisker-
inspired sensors, can be efficiently encoded as spike trains and processed by SNNs using neuro-
morphic algorithms and processors. A spiking neura model captures the dynamics of biolpogical
neurnosn and replaces the artiical neurons models, of which the most popular is the LIF model
for LIF for practical implementations. Input encoding methods consist of rate coding, latency cod-
ing and delta modulation, wehreas output encoding skips deltat modulation and has rate, latenct
and populstion coiding. Seeral training stragetfies exist, of wihc shadowrding traing, BPTT, local
learning rules and suurgoate gradient methods are mentioned By employing encoding and train-
ing strategies for SNNs, such systems achieve low-power operation, robustness to noise, and
real-time responsiveness, which are critical for aerial tactile perception.
This chapter demonstrated that tactile data, particularly from high-dimensional, time-varying,
whisker-inspired sensors, can be efficiently encoded as spike trains and processed by SNNs
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using neuromorphic algorithms and hardware. Unlike traditional artificial neuron models, SNNs
employ biologically inspired spiking neuron models, with the LIF model being the most commonly
used for practical applications. Input encoding strategies include rate coding, latency coding, and
delta modulation, while output encoding typically involves rate coding, latency coding, or popula-
tion coding. Several training approaches have been developed to address the challenges posed
by the non-differentiable nature of spikes, including shadow training, BPTT, local learning rules,
and surrogate gradient methods. By combining appropriate encoding and training techniques,
SNN-based systems can achieve low-power operation, robustness to noise, and real-time re-
sponsiveness, which are all key advantages for aerial tactile perception.
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Conclusion

UAVs are increasingly deployed in complex, unstructured, and low-visibility environments such as
caves, forests, tunnels, and collapsed buildings. In such settings, conventional sensing modalities
(including cameras, LiDAR, and GNSS) often underperform due to occlusion, poor lighting, or signal
loss [45, 76, 62]. At the same time, UAVs are inherently constrained by payload capacity, power avail-
ability, and size, limiting the computational capabilities of onboard systems. As UAV missions become
more advanced and autonomous, there is a growing demand for perception systems that are not only
low-power and low-latency, but also capable of functioning reliably under these adverse conditions
[81]. These limitations underscore the need for alternative perception strategies that combine robust
performance with stringent energy and hardware constraints.

This conclusion discusses the key findings from Chapter 3 and Chapter 4 in light of this research
problem. First, we summarize the main insights of the literature review. Then, we critically reflect on the
findings and identify gaps in the current literature. Finally, we offer a perspective on future opportunities
by returning to the main research question: What are the emerging research directions in aerial tactile
perception using whisker-inspired sensors and Spiking Neural Networks?

5.1. Summary of Findings
In this section, we summarize the key findings from the two main chapters: one on aerial tactile per-
ception and the other on SNNs.

Aerial Tactile Perception
This chapter examined the emerging field of aerial tactile perception, highlighting how tactile sensing
(particularly through whisker-inspired sensors) can enhance UAV capabilities in environments where
traditional modalities like vision, LiDAR, or GNSS often underperform. Tactile sensing refers to the inter-
pretation of mechanical interactions such as contact or pressure, with applications ranging from robotic
manipulation and texture classification to environmental exploration (SQ1). A range of sensor types
exists, including piezoresistive, capacitive, optical, and neuromorphic designs. Drawing inspiration
from biology, whisker-inspired systems replicate the functionality of mammalian vibrissae, lightweight
and sensitive hairs used for close-range perception in poor visibility. These artificial whiskers mimic
mechanical compliance and contact-based sensing and have been implemented on both ground and
aerial platforms (SQ3). The chapter reviewed key applications such as navigation, mapping, object
recognition, and airflow sensing, showing that whisker-inspired systems serve as robust, low-power
complements to traditional UAV sensors (SQ4). By drawing on biological principles and reviewing re-
cent robotic implementations, this chapter established a foundational understanding of tactile sensing’s
role in aerial robotics. These insights set the stage for the next chapter, which investigates how neuro-
morphic computing, particularly SNNs, can be used to encode, process, and classify tactile signals in
a power-efficient and real-time manner, further advancing the potential of autonomous aerial systems
in challenging environments.

35
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Spiking Neural Networks
This chapter provided an in-depth exploration of SNNs, emphasizing their biological foundations, com-
putational advantages, and relevance for tactile perception in aerial robotics. SNNs differ fundamentally
from ANNs by using discrete spike events rather than continuous activations to encode and process
information (SQ2). This event-driven mechanism closely mimics the operation of biological neurons,
enabling sparse, asynchronous activity that translates to low-latency and energy-efficient computation.
Such characteristics make SNNs particularly suitable for embedded systems with strict power and real-
time constraints.

The chapter examined the core components of neuromorphic pipelines, including input and output
encoding strategies, training methodologies, and deployment on neuromorphic hardware. Tactile data
from high-dimensional, time-varying sensors, particularly whisker-inspired arrays, can be effectively
encoded into spike trains through methods such as rate coding, latency coding, and delta modula-
tion (SQ5). Output decoding typically involves rate, latency, or population coding. To overcome the
challenge of non-differentiable spikes during learning, several training strategies have been introduced,
including shadow training, BPTT, biologically inspired local learning rules, and surrogate gradient meth-
ods. These approaches enable SNNs to learn temporal patterns and achieve robustness to noise while
operating under low power budgets.

Through a review of recent applications, such as event-driven object recognition and tactile classifi-
cation, the chapter demonstrated that SNNs are not only theoretically grounded but also increasingly vi-
able in real-world robotic systems. When combined with tactile inputs, especially from whisker-inspired
sensors, SNNs offer a biologically plausible and computationally efficient path forward for autonomous
aerial platforms. While challenges remain in training scalability and hardware integration, the findings of
this chapter underscore the potential of SNNs to serve as the processing backbone for next-generation,
situation-aware UAVs.

5.2. Gaps in Literature
Critically reviewing the findings of the literature reseach leads us to gaps in the literature. In this section
we present and discuss several important gaps Although significant progress has been made in tactile
sensing and neuromorphic computing, several important gaps remain in the literature:

• Lack of Whisker-Equipped UAV Platforms
Despite their promising potential, the integration of whisker-inspired sensors on UAV platforms
remains significantly underexplored. Numerous studies have demonstrated the effectiveness
of such sensors in ground-based robotic systems, including mobile robots, manipulators, and
subterranean exploration platforms [82, 45, 39, 57, 56, 55]. Similar implementations have also
emerged in underwater robotics [46, 21], yet their deployment in aerial systems is still rare. Exist-
ing studies addressing flow detection for UAVs typically evaluate sensor arrays in isolation rather
than on-board drones [34]. Other related works focus on alternative tactile approaches, such as
compliant robotic fingers [8] or bio-inspired airflow disturbance sensors [71], without employing
whisker-like structures. Only one study has explored the use of haptic antennae for UAV naviga-
tion in confined spaces [53], highlighting the novelty of tactile aerial systems. Although biomorphic
whisker designs specifically intended for aerial platforms have recently been proposed [79], they
have not yet been validated through practical UAV experiments. This reveals a clear research gap
in the development, integration, and evaluation of whisker-equipped UAVs capable of performing
close-proximity tactile interactions in unstructured or low-visibility environments.

• Limited Integration of SNNs with Whisker-Based Sensing
While SNNs and whisker-based tactile sensing have both been studied extensively in isolation,
their combined application in robotic systems remains largely unexplored. SNNs have shown
promising results in object detection tasks, particularly when paired with event-based visual or
general tactile data [25, 30, 2]. Similarly, whisker-inspired sensors have been successfully em-
ployed for object recognition and exploration in various robotic platforms [62, 41, 77]. However,
the direct integration of SNNs with robotic whisker arrays for tactile data processing is scarcely
addressed in the literature. Existing work on SNNs with tactile sensors involves fingertip sen-
sors or piezoresistive arrays [72, 11], rather than whisker-like modalities. While some studies
have applied SNNs to process biological whisker data for understanding neural mechanisms in
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animals [6, 58], no published research has demonstrated a fully integrated robotic system that
combines artificial whisker sensors with SNN-based processing. This represents a significant
gap and an opportunity for future work to develop energy-efficient, biologically plausible tactile
systems capable of real-time perception in complex environments.

• Absence of Fully Neuromorphic Tactile UAV Systems
To date, only a single study has demonstrated the integration of SNNs with neuromorphic sensors
and hardware on a UAV platform. Paredes-Vallés et al. presented a fully neuromorphic vision
and control framework enabling autonomous drone flight [54]. Beyond this example, there are no
studies that combine neuromorphic processing with tactile or whisker-inspired sensing on UAVs.
Consequently, the development of fully neuromorphic whiskered drones, integrating event-driven
sensors, SNN-based processing, and neuromorphic hardware, remains an open and promising
research direction.

5.3. Future Research Directions
This literature review explored the intersection of aerial tactile perception and neuromorphic computing,
with particular emphasis on the potential of whisker-inspired sensors. The guiding research question
was:

What are the emerging research directions in aerial tactile perception using whisker-
inspired sensors and Spiking Neural Networks?

To advance the field, future research should prioritize the development and experimental validation
of neuromorphic whisker-equipped UAVs. Potential application domains include airflow sensing, aerial
tactile exploration, and close-proximity mapping, which can all support autonomous navigation in clut-
tered, confined, or vision-denied environments. These scenarios would particularly benefit from the
lightweight, low-power, and high-resolution processing capabilities offered by SNNs.

Although whisker-inspired tactile sensors and SNNs have each shown individual promise, their in-
tegration in aerial robotics remains largely unaddressed. The fusion of whisker arrays with neuromor-
phic computing for real-time, event-driven tactile perception represents a compelling and underdevel-
oped area of research. Such systems could deliver biologically plausible and energy-efficient sensing
pipelines that enable UAVs to operate effectively in GNSS-denied and low-visibility environments. This
holds for both flow-sensitive whiskers, which respond to air currents, and contact-sensitive whiskers,
which detect physical interaction with surfaces.

Whisker-inspired flow sensors, with their sensitivity to multi-directional airflow and ability to distin-
guish between self-induced and external stimuli, offer unique advantages for enhancing UAV situa-
tional awareness, flight stability, and collision avoidance. Meanwhile, contact whiskers could enable
high-fidelity tactile interaction. A neuromorphic tactile system, for example, could detect a whisker con-
tact and immediately trigger evasive maneuvers, such as stopping or turning, to avoid obstacles in real
time.

Despite this conceptual promise, several technical challenges remain. These include improving
large-scale training methods for SNNs, closing the performance gap with state-of-the-art ANNs, and
developing end-to-end neuromorphic pipelines that process raw event-based data without requiring
frame-based conversions. Addressing these challenges is essential to realize responsive, efficient,
and scalable tactile systems for UAV platforms.

Ultimately, the long-term vision is to develop animal-like tactile perception on UAVs by emulating
the event-driven and parallel processing principles of biological systems. Such platforms could achieve
fast, low-latency, and autonomous operation in unstructured environments. This research direction
offers a promising pathway toward biologically inspired UAVs capable of navigating their environments
with enhanced tactile awareness and minimal energy usage.



6
Research Proposal

While several future research directions mentioned in Chapter 5 are conceptually promising, some
remain distant from practical implementation. In particular, the development of a fully neuromorphic
tactile UAV capable of autonomous operation in unstructured environments is a long-term objective.
A more feasible and immediate step is to investigate the integration of SNNs with whisker-inspired
sensors, an area that remains largely unexplored yet holds strong potential for enabling energy-efficient,
real-time tactile perception.

Whisker-based tactile perception represents a foundational capability for achieving robust and au-
tonomous UAV navigation in unstructured or GNSS-denied environments, where conventional vision-
based systems may fail. A natural progression from the identified gaps is to explore tactile object
detection through integration of SNNs with a biomorphic whisker array. By focusing on object classifi-
cation tasks, this study aims to provide a practical proof of concept for integrating whisker-based tactile
sensing and neuromorphic processing. The primary objective of the proposed research is to develop
and evaluate a SNN model that analyses tactile data from a biomorphic whisker array. The proposed
system will classify objects relevant to UAV navigation and assess the feasibility of real-time, low-power
tactile perception using SNNs.

This chapter is structured as follows: First, we discuss the scope and feasibility of the project,
including technical considerations and constraints. Next, we present the system scenario that motivates
and contextualizes the proposed research. Finally, we formulate the main research question that will
guide the thesis project.

6.1. Scope and Feasibility
This study aims to develop a proof-of-concept system that combines a biomorphic whisker sensor array
with a SNN to perform tactile object classification. The experiment will be conducted in a controlled
laboratory environment using a fixed setup, in which objects are swept past a static array of whiskers
mounted on a linear stage. At this stage, no deployment on a UAV or real-time inference on neuro-
morphic hardware (e.g., Intel Loihi) is required. The outcomes will serve as a foundational step toward
future research on neuromorphic tactile UAVs .

The tactile dataset will be generated by sweeping three rigid object shapes (e.g., wall, sphere, and
box) across a 10-whisker sensor array mounted on a rail-based linear actuator. The actuator will move
the objects at a controlled speed, enabling reproducible contact events. Each shape is expected to
produce a distinct spatio-temporal pressure pattern across the whisker array.

Sensor signals will be preprocessed using simple filtering techniques, including optional bandpass
filtering to reduce noise and temperature compensation for sensor drift. The processed signals will be
encoded into spike trains using rate encoding, although direct input of continuous signals into the SNN
will also be explored for comparison.

A simple Multi-Layer Perceptron (MLP) model with LIF neurons will serve as the initial SNN archi-
tecture. The network will be trained with surrogate gradient descent and must classify the three object
shapes based on the encoded tactile input. The output will use rate decoding, with the neuron exhibiting
the highest spike count representing the predicted class.
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Scenario Tactile Perception with aWhisker-Inspired Sensor Array Using a Spiking
Neural Network

System
A biomorphic whisker sensor array, combined with an MLP-SNN and
GPU-based local training for tactile object detection.

Objectives

• Convert analog whisker signals into spike trains using rate coding
• Create a tactile event-based dataset by recording whisker array
interactions with various shapes.
• Train an SNN to process tactile events for shape detection
• Design and fabricate test objects for experiments
• Evaluate system performance with accuracy metrics

Limitations
• Proof-of-concept only, simplified research
• Offline computing; no neuromorphic chip available

Constraints
• Computational complexity of SNN training
• Whisker sensor signal issues (e.g., hysteresis, noise)

Concepts
• Whisker-inspired sensor array
• Spiking Neural Network
• Tactile object detection

Table 6.1: Proposed system scenario.

Model performance will be assessed using accuracy metrics on a train/test split of the dataset, along
with confusion matrices to visualize misclassifications. Additional evaluations will include robustness
checks, ablation studies, and hyperparameter searches to optimize performance.

6.2. System Scenario
The system scenario, including its objectives and constraints, is presented in Table 6.1.

6.3. Research Question
The following research question has been proposed for the MSc thesis project:

”To what extent can a MLP-SNN model classify a wall, an inclined wall and a spherical
object based on pressure signals from a 10-whisker biomorphic sensor array? ”

We will quantify performance using: (i) rate-coding output decoding accuracy, (ii) accuracy on
train/validation/test sets and (iii) confusion matrices. To assess the contribution of the SNN compo-
nent, we will compare against a non-spiking MLP with the same feature inputs. Architectural ablations
(e.g., MLP-only vs. hybrid MLP–SNN) will be included. The dataset comprises three classes: sphere,
wall (planar), and inclined wall (planar with fixed tilt). Each sample is a multivariate whisker-pressure
time series from the 10-sensor array, labeled by ground truth object class. If the proof-of-concept clas-
sification is feasible, we will extend toward tactile mapping: from discrete classification to regression-
based surface reconstruction. Additional directions include alternative whisker configurations, richer
input features, and other SNN architectures.

This would form a critical first step toward enabling autonomous UAV navigation in unstructured
environments. A new world opens up with the advent of extremely-fast and energy-efficient computing
on robots. This advancement enables perception to approach the speed of natural sensory systems,
allowing the development of animal-like robots with advanced perceptual capabilities. Such systems
can operate in a biologically plausible and energy-efficient manner, pushing the boundaries of robotics.



A
Use of Generative AI

In composing this literature assignment, I employed OpenAI’s language model, ChatGPT, as a tool to
improve the linguistic quality of the document. This AI-powered tool played a key role in enhancing sen-
tence structures, expanding vocabulary, and ensuring grammatical precision, thus boosting the overall
readability and professional quality of the text. It is important to note, however, that while ChatGPT
assisted in refining the clarity and style of the text, the concepts and arguments presented are entirely
my own.
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A
AI Statement

This thesis was completed with the support of several AI tools, used deliberately and selectively across
different phases of the project. All ideas, interpretations, and conclusions presented in this thesis are
my own.

The following tools were used:

Academic writing Claude Sonnet & Opus (Anthropic) — used to support drafting, editing, and im-
proving the clarity of written sections.

Software assistance Claude Sonnet (Anthropic)— used to assist with code development, debugging,
and implementation of the experimental pipeline.

Brainstorming and general knowledge ChatGPT (OpenAI) — used for exploratory discussion and
background orientation during early stages of the project.
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