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ABSTRACT

Emulating the sense of touch is fundamental to endow robotic systems with perception abilities. This work presents an
unprecedented mechanoreceptor-like neuromorphic tactile sensor implemented with fiber optic sensing technologies. A
robotic gripper was sensorized using soft and flexible tactile sensors based on Fiber Bragg Grating (FBG) transducers and
a neuro-bio-inspired model to extract tactile features. The FBGs connected to the neuron model emulated biological
mechanoreceptors in encoding tactile information by means of spikes. This conversion of inflowing tactile information
into event-based spikes has an advantage of reduced bandwidth requirements to allow communication between sensing
and computational subsystems of robots. The outputs of the sensor were converted into spiking on-off events by means of
an architecture implemented in a Field Programmable Gate Array (FPGA) and applied to robotic manipulation tasks to
evaluate the effectiveness of such information encoding strategy. Different tasks were performed with the objective to
grant fine manipulation abilities using the features extracted from the grasped objects (i.e., size and hardness). This is
envisioned to be a futuristic sensor technology combining two promising technologies: optical and neuromorphic sensing.
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1. INTRODUCTION

Neuromorphic computing permits to process a massive amount of multisensory data with low power consumption, high
scalability and reduced data bandwidth [1]. Neuromorphic information processing takes inspiration from the biological
neuronal systems where one hundred billions of biological neurons are connected, through thousands of synapses that form
local memories, to process the sensory information in real time to provide unrivaled perceptual cognition [2].

Neuromorphic systems aim at mimicking the structural and functional characteristics of the neuronal networks using
asynchronous event-driven spiking networks, and several biological systems provided a relevant source of inspiration,
including the retinal [3], cochlear [4] and mechanoreceptive [5,6] neuronal architecture. Along this research stream, we
addressed tactile neuromorphic systems with applications towards neuro-prosthetics [5], neurorobotics [7] and telepresence
[8]. Indeed, tactile information is mediated by four types of functional units present in the cutaneous tissue (Merkel and
Ruffini, which are slowly adapting, and Meissner and Pacinian, fast adapting), and human fingertips are innervated by
largest amount of these mechanoreceptor organs extending into nerve fibers, which carry spiking information
corresponding to tactile stimuli experienced by their respective receptive fields [9].

Various technologies are exploited to realize tactile transduction based on capacitive sensors [10], piezoelectric [11],
piezoresistive [5]. The robotic community has taken many structural and functional inspirations to mimic the mechanics
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the human hand [12,13,14] according to individual focused application. Recent advancements towards the human-machine
interactions has seen a boom in robotic manipulators [15] with human-like perception.

In this work, an under-actuated four-fingered hand (Cam-hand) of the JPL’s four-legged RoboSimian robot with versatile
mobility and manipulation capabilities [16] was used to perform grasping tasks. The complexity of tactile perception is
being studied for years-long research [17,9,5]. This paper extends towards emulation of such a study with an upcoming
tactile transduction technology of optical fibers. This technology offers various advantages in terms of high sensitivity,
flexibility, electromagnetic immunity, multiplexing and scalable capabilities [18,19]. For the purpose of the tactile sensing,
the Fiber Bragg Gratings (FBG) were chosen for their ability to measure and localize the applied strain [20,21]. Here, the
contribution of temperature is negligible, since the whole experimental session was performed at room temperature.

Neuromorphic tactile encoding is a powerful tool to facilitate neuroscientists to study biological models through a robotic
environment [22,5], which in turn can also be used to develop human-like manipulative intelligence for robots [6,23]. Here
we present a novel tactile sensor aimed at providing relevant spatiotemporal spiking information as for first-order neurons
[17] complementing neuromorphic chips inspired by brain networks. In particular, the proposed sensor is based on Fiber
Bragg Grating (FBG) transducers [24] coupled to an Izhikevich neuron model [25]. Building on a previous implementation
[20], the proposed sensor was integrated in a robotic gripper and experimentally validated by discriminating the stiffness
of grasped samples made of different materials. We propose a novel neuromorphic FBG-based tactile system that is
flexible, sensitive and easily adaptable for different platforms and applications.

2. MATERIALS AND METHODS

2.1 Experimental setup and protocol

The JPL’s quadruped RoboSimian robot is equipped with an under-actuated hand (Cam-Hand) with manipulation and
versatile mobility capabilities [16]. The hand consists of four aluminum fingers that were equipped with two optical fibers
(running along the length of the finger) encased in a soft polymeric material in our previous work [20]. Each fiber hosted
6 FBGs. Each FBG has a microstructure etched periodically over few millimeters, along the length of optical fiber.
Sensitivity to strain and temperature is obtained due to a change in period of these microstructures [26]. More in detail, the
change in grating spatial period (Ag) is given by Ag = 2. nesr. Ag, Where Ag denotes the reflected band of wavelength (Bragg
wavelength), and nesr represents the effective refraction index. The chosen FBG technology can be easily multiplexed
(inside a single optical fiber, each grating has unique Ag well separated from the others) and multiplexed FBGs provide
multiple sensor sites, thus increasing sensor resolution.

Figure 1 illustrates the working concept through a parallel in between the proposed neuromorphic sensor [20] encoding
and human touch [9]. Experimental validation was performed by grasping cylindrical samples (30mm diameter, 150mm
height). Four materials were considered, namely Dragon Skin (Young modulus E = 0.34 MPa), Vytaflex (E = 2 MPa),
ABS (E = 2.2 GPa) and Aluminum (E =~ 70GPa) with the purpose to categorize their stiffness. Each grasping task was
repeated 10 times; fingers rotation was stopped when reaching a given threshold (0.01nm) on wavelength variation. Data
were recorded at 1kHz and processed as reported in the following.
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Figure 1 Neuromorphic FBG-based tactile sensor inspired by human mechanoreceptors. Top: The applied force
on the human skin opens ionic channels of mechanoreceptors producing the chemical exchanges that lead the
neurons to spike. Bottom: The applied force on the FBG changes the wavelength of the reflected light which then
acts as the input current to an artificial neuron model producing correponding spikes

2.2 Neuromorphic model

In this study, we implemented and evaluated a model emulating fast adapting mechanoreceptors (RAL) to investigate its
stiffness encoding capacity during the loading phase with constant velocity. RA1 receptors are responsive to encode the
interaction with the skin during the dynamic phases of the grasp, unlike SA1 units that are more sensitive not only during
the loading phase, but also during the static holding phase [27]. Two FBGs (FBG1 and FBG2 in Figure 1), each one
integrated in optical fibers along the longitudinal axis of the finger, were chosen to mimic these receptors through
neuromorphic processing. The raw sensor signals, from each FBG, were cut into an observational window that included
the data points of the loading phase for each trial. The pre-processing of the windowed sensor data (A4) was carried out
by first-order bandpass IR filter (forward coefficients: [0.045, 0, -0.045]; reverse coefficients: [1,-1.919,0.91]).The filtered
output (Ir;, ), with an amplification factor of 180, was fed as current value into the following differential equation
(1zhikevich neuron model):

dv 5
E=Av +Bv+C—u+ Sy,

du

dt
where v is the membrane potential, u is the membrane recovery variable and the constants for the model: A=0.04ms™'mV';
B=5ms™!;C=140mVms™!; a=0.02ms™! b=0.2ms™!; c=-65mV; d=8mV; Vth=30mV; k=10mVms™' N~'157; dt = 0.0625ms;
S=180. The value of S was so chosen that all the neurons spike for every trial while staying below the saturation of the
neuron model during rest phases. All the other constants are the same as our previous works [8]. Two replicas of this
neuron model (N1 and N2 in Figure 6) were chosen to independently provide inputs to the currents, I, , from two FBGs.
The stiffness information from the neuronal model was evaluated in terms of the inter-spike-intervals (ISI) of the spikes
produced, with stiffer materials we expect lower ISl (thus, higher firing rate). The obtained ISI was classified and tested
using the Classification Learner app [28] provided by Mathworks to estimate the potential accuracy. A supervised learning
algorithm called decision trees [29] was used to obtain the classification for this work. In particular, the coarse decision
tree was used to build the model using the training set, Figure 2, while evaluating the model with the test set. The division
between the training and test sets was performed by Matlab using a 50-fold cross validation. Cross-validation helps in
utilizing the small dataset for both training and testing without overfitting the model.

=a(bv —u)
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Figure 2 The classification tree

2.3 Neuronal FPGA architecture

The above described 1zhikevich neuron model was also implemented on a Xilinx FPGA board provided in NI-sbR1O 9636.
The FPGA neuron-computational core updates the membrane potential parameters with the proposed parallel and pipelined
topology as shown in Figure 3. The computational units between the dotted vertical lines are executed in one-time cycle
of the FPGA, i.e. 25ns. These computations use the fixed-point architecture to optimize resource consumption, the 18 bits
representation, bit representation shown in red as ‘integer part. decimal part”), around the multipliers are motivated by the
available 18x18 bits multipliers, while leaving more resolution for adders and subtractors. Our design operates at 40MHz
while each neuron updates at 16kHz, leaving space for 2500 neurons on the same core. The same design was also tested
to work at 70MHz, with 4375 neuron updates.

The architecture of the ODE is divided into five pipelines considering execution time for each set of computation not
exceeding 14ns. In the first pass, the neuron parameters are updated after 5 clock cycles, while the subsequent updates
happen every cycle. Thanks to the pipeline, the output from one stage (represented in different colors) becomes the input
for the next stages in the following clock cycle, Figure 4. The validation of spike trains, generated by one neuron, was
performed against the computer simulated, in Matlab, Izhikevich ODE with dt = 1/16 executed 4 times on the same value
of | to facilitate the benchmarking of the real-time and FPGA combination in the proposed architecture.

BRAM_V [

Fak = 40MHz

Figure 3 Izhikevich neuron architecture for FPGA

Proc. of SPIE Vol. 11136 1113608-4

Downloaded From: https://www.spiedigitallibrary.org/conference-proceedings-of-spie on 09 Sep 2019
Terms of Use: https://www.spiedigitallibrary.org/terms-of-use



L
[
—

7 "
———— s =

|3
1B

[

+ "
——d Tme

3
3

':Wﬁu.

[ ———

— +— [emrjm———y 1

s

N_stétés (t=0) N_stafes (t=1)

Figure 4 Timing Diagram representing the data flow through the proposed logical architecture for each clock
cycle

3. RESULTS

The spike trains obtained by the Izhikevich neurons successfully encoded the stiffness of the manipulated materials. The
implemented fast adapting neurons had higher spike rate for the stiffer materials during the loading phase.

Figure 5 shows the spike trains emulated by FPGA validated against the Izhikevich model simulated in Matlab using the
codes provided in [25], changing the time step to 0.0625ms to match the real-time execution of the system where the FPGA
neuron was updated at 16kHz. Both the neurons were stimulated with 1 = 30mA for 0.5s and the spike timings were
recorded as below. Furthermore, the resources utilization report of the above single-core neuron on Xilinx Spartan-6 1x45
of NI- shRIO 9636 at 40MHz was as follows: Slice: 4.0 %; Slice LUTS: 7.9%; Block Ram: 16.4%; DSP48s: 10.3%.

| I
0.2

| | |
0 0.05 0.1 0.15
Time(s)

T

Neuron FPGA

0.25 0.3 0.35 0.4 0.45

Figure 5 Matlab simulated Izhikevich spike (top in red) vs FPGA emulated spike trains (bottom in blue) for | =
30mA updating membrane potential at 16kHz with an | update from RT at 4Hz.

Offline stiffness discrimination was performed on the grasping experimental dataset including four materials, and that was
previously demonstrated to encode the stiffness of the material in [20] the slope of raw sensor data. By filtering we obtain
the derivative of the slope which is directly related to the stiffness. This information encoded from the two selected FBGs
is shown for the considered four materials in Figure 6.
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Figure 6 Windowed and filtered current (lsit) input to the neuron with corresponding spikes (N1 in blue
corresponding to FBG1 while N2 in orange to FBG2) of the selected two FBGs (blue = FBG1 and red = FBG2) for
the chosen four materials: (clockwise) DS10, Vytaflex, Aluminium and ABS

The stiffness information encoded into spikes was reconstructed (Figure 7) by measuring its temporal spacing in terms of
inter-spike-intervals (I1SI). The stiffer material, e.g. Aluminum that had a larger slope in the sensor data, produced faster
spikes, hence a reduced ISI. Figure 7A shows the boxplot with the median as the central mark and the edges of the box
representing the 25th and 75th percentiles, while the vertical line extends to the extreme datapoints and the outliers as ‘+’.
The larger number of outliers with ABS is due to the nonlinearity in the compressive material property at the chosen
velocity of the grasp. An accuracy of 79.9% was obtained with a coarse tree classification performed on the obtained 562
samples of IS in total, for all the four materials, with 50-fold cross validation (Figure 7B).
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Figure 7 (A) Box-plot of inter-spike-interval of the four materials: The Young Modulus is increasing from left to
right inturn increasing the spiking rate and decreasing the temporal space between the spikes; (B) Confusion
matrix obtained from supervised classification with 50-folds cross validation and an accuracy of 79.9%

4. DISCUSSION

The results presented in this paper are promising in terms of neuromorphic encoding of stiffness information about the
grasped objects during the loading phase with an accuracy of 79.9%. The outputs of the FBGs were converted into spiking
on/off events by means of a neuron model that emulates biological mechanoreceptors in encoding tactile information. This
conversion, which was also implemented in a Field Programmable Gate Array, permits to reduce the bandwidth required
by communication between sensing and computational subsystems of the robot. The developed tactile sensor was
experimentally assessed through robotic manipulation tasks, in particular to discriminate the stiffness of grasped objects
made of four different materials (Dragon Skin, Vytaflex, ABS and Aluminum). Based on the obtained results, the proposed
encoding strategy permits to sense the sought material properties, thus fostering the potential of optic neuromorphic sensing
in a range of applications, including neuro-prosthetics, neurorobotics and robotic telepresence.

This work will be extended for encoding other physical properties, like sliding information and object shape, and to further
contribute to the control of the robotic arm based on the spiking tactile information. Biomimicry could be further improved
by implementing a decoding algorithm based on the cuneate, second order, neuron architecture [30,31].
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