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Abstract— This work aims at implementing an event driven
neuromorphic vestibular sensor using a commercial Inertial Measurement Unit (IMU) and a custom analog VLSI neuromorphic
chip. We investigate a model of the vestibular sensor that emulates the spiking responses of hair cells in the semicircular canals.
We calibrate the neuromorphic chip to match the parameters
of a neuroscientific computational model. Experimental results
validating the hardware implementation and the calibration
procedure are presented.

TABLE I
T HE MODEL PARAMETERS : SHARED ( A ) AND DIFFERENT ( B ) PARAMETERS
OF THE REGULAR AND IRREGULAR AFFERENTS .

Common
τv (ms)
τw (ms)
w0
Trefrac (ms)
τa (ms)

I. I NTRODUCTION
The vestibular system detects motion of the head relative
to space and gravity, representing our reference frame for the
movements and orientations in space [1], [2]. It is involved in
several systems for maintaining both head and body posture,
and it compensates for head movements in the visual axis in
order to stabilize vision. In general, it plays a key role in the
definition of our sense of movement [3]. Understanding the
function of the vestibular system and implementing it in compact low-power electronic hardware can be extremely useful
for both basic research investigations and practical applications
(e.g. in the field of humanoid robotics or neuroprosthetics) [4].
The vestibular system is comprised of the two otholith
organs, which detect linear accelerations, and the three semicircular canals, which detect angular velocities, over the frequency range of the natural movement (0–20 Hz). This work
aims at developing a physical model of the vestibular system
by emulating the functionalities of the semicircular canal
afferents via biophysically realistic neuromorphic circuits.
Neuromorphic engineering aims at reproducing the principles
of neural computation implementing hardware (mainly electronic) systems that can efficiently interact with the environment in real-time thus contributing to the validation of the
biological principle itself [5]. Moreover, a spiking vestibular
sensor could be easily integrated in robotic applications based
on low-power, highly parallel neuromorphic computational
architectures.
This work shows an implementation of a neuromorphic
vestibular sensor using a commercial Inertial Measurement
Unit (IMU) and a custom analog VLSI neuromorphic chip.
The following sections describe the main elements of the
developed sensor and the results demonstrate the validity of
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the system with respect to the biological counterpart.
II. M ATERIALS AND M ETHODS
A. The model
We investigate a model of the vestibular sensor that emulates
the spike timing response of the hair cells present in the
semicircular canals. A detailed analysis of the thousands of
afferents coming form this apparatus is out of the scope of this
work, thus only a few afferents will be emulated. However, in
order to fully characterize the information carried out by the
vestibular afferents, the different features of the cells involved
will be considered. Afferents in this system are characterized
as either regular or irregular on the basis of their resting discharge, which is correlated to distinct morphological features
at their peripheral terminations [1], [2]. Sadeghi et al. (2007)
showed the role of variability into information transmission,
suggesting that the two neuronal populations coexist in the
peripheral sensory system. The information carried on by the
regular afferents are related to the precise timing of action
potentials (temporal code), while the irregular afferents can be
associated with rate code. As a consequence, irregular afferents
best encode information for high frequencies (as suggested in
[6]) whereas regular afferents transmit information about the
detailed time course of the stimulus.
The neuron model used in our analysis of the vestibular
afferents is a modified leaky integrate-and-fire neuron with
a dynamic threshold [1]. We briefly report the fundamental
model equations in order to introduce the parameters used to
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calibrate the response of the silicon neuron chip. The hair
cells of the receptor organs mainly respond to a predefined
orientation. At resting state, these cells are active with a resting
discharge with low rate of variability for the regular cells and
high rate of variability for the irregular ones. A deflection in
the preferred direction causes depolarization of the membrane
potential (the firing rate increases) and a deflection in the
opposite direction causes its hyperpolarization (the firing rate
decreases). The afferent cells coming from the three canals
encode head velocities in the three mutually orthogonal axes.
We did not take into account the individualized biomechanics
and sensitivity to inertia of biological hair cells but, due
to the mismatch in integrated circuits fabrication, significant
variability can be obtained by connecting the same transducer
to different silicon afferent neurons.
The membrane voltage v and threshold w, over times
between action potentials, obey the following differential
equations (note that the model emulates only the spike timing
response and that voltages and currents are dimensionless):
Isynap
v
v̇ = − +
τv
τv

(1)

ẇ = (w0 − w)/τw

(2)

where τv is the membrane time constant, τw is the threshold
recovery time constant, and w0 is the equilibrium value for the
threshold. When v(t) = w(t) an action potential is produced,
and w is incremented by ∆w, while v is reset and forced
to 0 for Trefrac ms. The resulting threshold is therefore self
adapting to repetitive firing by hyper-polarization, with an
upper bound dependent on Trefrac .
The synaptic current Isynap is:
Isynap = GH HV (t) − GA XA (t) + Ibias + σξ(t)
ẊA = −

XA
HV (t)
+
τA
τA

(3)
(4)

where HV (t) is the head rotational velocity with respect to the
considered axis, Ibias is a constant bias current, σξ is Gaussian
white noise with zero mean and SD σ and GH is the intensity
of the signal. In case of irregular afferents the function HV (t)
is low-pass filtered (with cutoff frequency 50 Hz = 1/τa ) to
obtain XA , which is then subtracted with a gain GA from
GH HV (t). Table I shows the model parameters.
B. The sensor
To measure angular velocities around the three axes we
used an iNEMO-M1 IMU, produced by STMicrolelectronics (STM). The device includes, besides other components,
a Microelectromechanical 16-bit digital output gyroscope
(L3GD20) and a 32-bit ARM microprocessor (STM32F103RE
MCU). The ARM core runs a firmware written in C programming language, and compiled with the GNUARM toolchain.
The gyroscope has been set to sample angular velocities
around the three axes at 10 ms time intervals (100 Hz),
with full-scale input range HVf s = ±250 deg/s and nominal
sensitivity 8.75·10−3 dps/digit. Acquired samples are digitally

low-pass filtered with cutoff frequency set to 25 Hz, and made
available to the MCU. Every 10 ms gyro’s sampling procedure
generates a data ready event. The sampled values are asynchronously read through the Serial Peripheral Interface. Three
independent timer registers (one for each axis) are updated
in order to produce, by hardware interrupts, a stable pulse
density modulated (PDM) output on the iNEMO platform’s
general purpose I/O pins. Angular velocities are encoded as
output pulses according to the Address Event Representation
(AER) [7] using a two-bits address to identify the axis of each
pulse.
The pulse frequency for each channel (fc ) is the linear interpolation of the gyroscope’s output on the range of frequencies
between fmin = 300 Hz and fmax = 1500 Hz (corresponding
respectively to the highest negative and positive velocity):
fc =

fmax + fmin
fmax − fmin
HVc +
2|HVf s |
2

(5)

where c is either the x, y or z channel.
The 16-bit countdown register of the timer is set at
round(TIM CLK/fc ), with TIM CLK = 18 MHz, thus
generating a pulse event at the desired frequency.
In conjunction with preemptive scheduling of the interrupt
service routines, the timer has been set to a higher priority with
respect to the gyroscope’s reading in order to limit spurious
variations in pulse frequencies.
C. The neuromorphic VLSI device
The neuromorphic device is a multi-neuron chip, fabricated
using a standard 0.18µm Complementary Metal Oxide Semiconductor (CMOS) 1-poly 4-metal process. The chip contains
58 adaptive exponential integrate-and-fire-neurons [8], and
58×32 programmable synapses [9]. For the details of the
implementation we refer to the neuron circuit described in
[10].
The neuron circuit has been shown to be able to reproduce
a wide range of spiking behaviors. The dynamics of the
membrane potential is well described by a two variables
system of differential equations [8]. One term represents the
activation function (membrane voltage), with an exponential
voltage dependence. This membrane voltage term is coupled
to a second equation which describes the adapting behaviour
of the neuron.
In this work, we matched the parameters of the proposed
theoretical model with silicon neurons following a calibration
procedure that is described below. Even though the theoretical
model is not an exponential adaptive Integrate-and-Fire model
(but just a pure linear one) we demonstrate experimentally
how the dynamics of our silicon neuron successfully match
the theoretical predictions.
In what follows we provide the results of the calibration
process: the afferent neurons in the vestibular system, as stated
in eqn. (3), receive different contributions that form the total
synaptic current. The constant Ibias term is implemented with
a direct constant current injected in the soma.
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Fig. 1. Neuron calibration (a) neuron membrane potential. The shaded area
shows the refractory period Trefrac = 1 ms. (b) Spike frequency adaptation.
The neuron settles into an adapted state after about 7 spikes. The figure
inset shows the membrane potential over time. The bottom trace in the inset
represents the input current step.

1) Neuron soma parameters: have been configured to have
a refractory period Trefrac = 1 ms (see Fig. 1a). The constant
injected bias current (Ibias ) has been calibrated such that the
neuron at rest would fire at about 100 Hz (see Fig. 1).
2) Spike frequency adaptation: is an important feature of
the model. The neuron’s adaptation rate can be controlled by
setting bias voltages that affect its time constant, equivalent to
τw of eq. (2), and its amplitude (see also circuit description in
[10]). In Fig. 1b we show how the spike frequency adaptation
was calibrated to reach a steady state after about 10 ms.
3) Regular and Irregular neurons: the term σξ(t) in
eqn. (3) is used to distinguish regular and irregular neurons.
Indeed by using different sigma in the Gaussian noise term
we were able to obtain a clear distinction in between regular
and irregular afferent neurons. In our hardware we achieved
distinction by externally stimulating irregular neurons via two
fixed synapses (one excitatory and one inhibitory) with two
distinct Gaussian spike trains of µ = 180 Hz and σ = 0.2.
Fig. 2 shows the result of this calibration.
In Fig. 2c and Fig. 2d we show the Power Spectral Density (PSD) of neuron’s spontaneous activity for regular and
irregular conditions. In the regular condition the neuron shows
low variability in its Inter Spike Interval. This is reflected in
the PSD of Fig. 2c, which contains peaks at the resting state
(∼ 100 Hz) as well as integer multiples representing higher
harmonics. On the other hand, the neuron’s response in the
irregular condition showed a much less structured PSD with
only a clear peak at his fundamental frequency (∼ 100 Hz,
mean rate spiking frequency).
The coefficient of variation (CV*) is computed as the
normalized ratio between the SD and the mean of the ISI
distribution [2]. The variability at resting state is a good
indicator of the DC component and explains the difference
of the two spectral densities at low frequencies. See Fig. 2c
and Fig. 2d.
III. R ESULTS
CV results and plots in Fig. 2 show that the resting discharges of the regular and irregular neurons are compatible
with the biological data from [1]. In terms of coefficient of

Fig. 2.
Measured membrane potentials, Inter-Spike Interval (ISI)
distributions, and power spectra density analysis (a) Regular neuron ISI
histogram at resting (spontaneous activity condition). The inset shows a
snapshot of the membrane potential recorded from the chip. (b) neuron ISI for
the irregular spontaneous activity condition at rest. Sub-figures: (c), (d) shows
the PSD for regular and irregular neurons. Note that the regular neuron has
three peaks in the PSD. In contrast, irregular neuron shows an higher energy
distribution in low frequency.

variation a neuron is classified regular for CV ∗ < 0.15 and
∗
∗
= 0.0022, CVirr
=
irregular otherwise. We obtained a CVreg
0.4541. Moreover, from the power spectrum it is possible to
deduce the amount of noise at each frequency component
during resting state. To obtain better information transmission
one must increase the Signal-To-Noise ratio (SNR). Therefore
lower noise at specific frequency ranges will give rise to higher
SNR. The lower PSD for regular neurons supports a better
coding of lower head velocities, thus our results are compatible
with the biological reference [1].
Dissimilar shape for the PSD supports the hypothesis that
regular and irregular neurons code differently the frequency
information. Noise in the irregular neurons plays an important
functional role in flattening the PSD and in turn it affects the
information encoding.
The tuning of silicon neurons showed good linearity in
the spiking response over the frequency range 300 - 1500
Hz (Fig. 3). As shown in Fig. 4, properly conditioning the
gyro’s output data has led the exponential LIF silicon neuron
to act as an afferent for an artificial neuromorphic vestibular
system. In particular, high correlation coefficient values have
been obtained, both for the regular and irregular afferents,
between output spiking rate and the input velocity form the
gyro (respectively Rreg = 0.65 and Rirreg = 0.73).
IV. C ONCLUSIONS
In this work we developed an artificial neuromorphic
vestibular sensor, using a commercial IMU and a neuromor-
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Fig. 3. Input/output characteristic of the vestibular afferents: Firing rate
as a function of PDM for 6 neurons: regular (circles) and irregular (crosses).
Shaded areas represent the standard deviation of four different stimulations.

phic CMOS VLSI chips comprising adaptive integrate and
fire neurons and synapses with biologically plausible temporal
dynamics. We calibrated the chip to match the parameters
of a neuroscientific computational model and the presented
experimental results validate the hardware implementation and
the calibration procedure. The same PSDs for both regular and
irregular afferents have been reproduced and we obtained an
almost linear characteristic of the input/output response.
The constraints imposed on the implementation by the
architecture of the sensor’s processing unit have been met
with respect to the required timing stability of the output
PDM signal (Fig. 4). In order to accurately drive the output to
the chip, higher priority has been given to the PDM timer
interrupt, a lower one to the data acquisition. The impact
of this choice on the reconstructed signal could be further
investigated in terms of the latency introduced in the system’s
response to angular velocity variations, especially at high
speed, when the firing rate is maximum.
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