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Abstract— We investigated the possibility of using
spiking neural networks for signal processing, specifically for observation of dynamical systems. For this
task we applied Deneve’s balanced spiking network
framework. Simulations in Brian/Python were performed, in which the network was initialized using
known information about the dynamical system, and
taking in account spiking neural hardware limitations. In our tests, mean normalized root mean square
error of the solution was under 2%, which makes such
spiking neural networks very suitable for observation
tasks on neuromorphic hardware.

I. I NTRODUCTION
Spiking neural networks (SNN) have been widely
investigated in recent years [1]. Networks of spiking neurons were proven to have at least the
same or greater computational power than networks
of sigmoidal and McCulloch–Pitts neurons, while
computation of certain functions with SNN requires
significantly fewer neurons [2]. Many applications
of SNNs are in emulating and studying biological
neural networks, as they provide a more realistic
representation of biological networks than classical
artificial neural networks (see for example [3], [4],
[5], [6]). Also, much research has been done in
applying SNN to temporal pattern recognition [7],
[8]. There are some projects investigating SNN
applications in robotics, most of which rely on
evolutionary algorithms to train the network [9],
[10].
We address the problem of using SNNs in signal
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namical systems. Indeed, the observation problem
is a classic one in signal processing, and has many
practical applications. Once the observer has been
built (see details in section II-A), the problem
comes down to the simulation of a dynamical
system. To achieve such a simulation using SNNs,
balanced spiking networks from [11] were adopted.
In this approach, recurrent spiking network of leaky
integrate and fire neurons tracks solution of a linear
dynamical system by minimizing prediction error.
The connection, encoding and decoding weights are
set based on the knowledge about the dynamical
system, so no training of the network is necessary.
We considered a ”real life” problem of tracking
heading of a ship using control input and compass
measurement, and ran simulations of networks implementing dynamical system representing the ship
and its observer.
The paper is organized as follows: observation
problem and neural network design are introduced
in section II, section III contains the details of
software simulations and their results, section IV
concludes this paper.
II. M ETHODS
A. Observation problem
We consider a control theory framework in this
section; dynamical systems are defined by a state
equation and an output equation. In many systems,
the state vector is not fully available for measurement at the output: certain elements of the system’s
state may be internal variables, or be too costly to
measure physically. One possible solution to this
problem is the use of a state observer, which allows
estimation of the entire state of an observable
system using measurements of its input and output
[12]. State observer is itself a dynamical system,

whose inputs are inputs and outputs of the original
system, and its state vector tracks the state of the
original system (see Fig. 1). Since it is simulated,
its entire state vector is available, thus giving access
to previously unknown state variables.
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B. Example system: inertial navigation
We considered the following model of the ship
motion (1st-order Nomoto model) [13]:
ψ̇ = r,
(1)
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The system (4) is driven by control input u as well
as noise w. As it can be seen from matrix C, the
heading ψ is not available as an output; hence a
state observer is needed to estimate this variable.
To this aim, a Luenberger observer can be designed
[12]. The state equation of this observer can be
written as:
 
u
x̂˙ = (A − JC)x̂ + (B, J)
,
(5)
y
where J is such that A − JC has desired (i.e.
negative) eigenvalues, to ensure convergence of the
observer’s state towards the original system’s state.

Neural network described in [11] implements a
linear dynamical system of the form

The network contains N neurons, and the estimate
of x is calculated:

The noise terms, wr , wb , and ww are modeled as
white noise processes. The output is a compass
measurement:
y = ψ + ψw .
(3)
The system given by the equations (1) and (2)
can be presented in matrix form:
ẋ = Ax + Bu+Ew,

(4)

y = Cx,

where o(t) = (o1 (t), . . . ,P
oN (t)) are the network’s
k
spike trains: oi (t) =
k δ(t − ti ), Γ is the
J × N output weights matrix. Neuron’s potential
differential equation is given by:
V̇i = −λV Vi +

N
X

Wik ∗ ok (t) + ΓTi c(t) + σV η(t),

k=1

Wik (u) = Ωsik hd (u) − Ωfik δ(u),

(7)

Ωf = ΓT Γ, Ωs = ΓT (A + λd I)Γ.

where
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A=

=

x̌˙ = −λd x̌ + Γo(t),

ξ˙w = ψw ,

1
−2λω0
0
0
0


0
0

0, C
0
1

ẋ = Ax + c(t), x = (x1 , , xJ ).

Above, ψ is heading angle, r is yaw rate, b is
rudder offset, δ is the control input. Wave response
is modeled by a linear wave model:
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C. Balanced spiking networks
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where W is a connection matrix, η(t) is white noise
with unit variance.
These networks have the following properties
similar to properties of real biological networks:
high trial-to-trial variability, asynchronous firing,
tight balance between excitation and inhibition.

D. Network Design
We performed software simulations of networks
described in subsection II-C solving the systems
from subsection II-B: the original 5-d system, and
the observer estimating the system’s variables from
the compass measurement and control input. For
this, a python code using Brian simulator [14] was
developed. With some limitations of neuromorphic
hardware implementations in mind, we set the
following constraints for the network: 1) limited
firing rate to keep energy cost low, 2) connection
weights need to be set in advance (no learning),
3) the network should track the solution with a
required precision, 4) network contains 1000-10000
neurons.
Testing showed that the network produces more
accurate results if the output weight vectors of all
neurons have approximately equal euclidean norms.
Also, notice that with each spike, the estimate of the
solution is corrected roughly by the corresponding
neuron’s output weight vector (see (6)). These
two facts would cause problems with dynamical
systems in which system variables exhibit different
dynamics. The solution is to scale the variables
of the dynamical systems using a linear transform
chosen according to the following requirements: 1)
the result of each spike should be large enough
relative to the solution size so that the network
can keep up with all variables’ rate of change and
decoder leaks under the condition of limited firing
rate, 2) it should be small enough to avoid large
relative error, 3) firing thresholds should be small
enough compared to the input so that neuron leaks
don’t create a large error.
The matrix Γ is set by choosing random vectors
Γi with endpoints uniformly distributed on a unit
sphere. Network weights are set according to the
parameters of wave response and ship models using
(7). The scaling transform is computed using known
information about the dynamical systems and networks.
III. S IMULATIONS AND RESULTS
We took an example of Mariner class cargo
ship [13]: K = 0.185 Hz, T = 107.3 s, with

bias constant Tb = 100.0 s. Linear wave model
constants were set to: λ = 0.1, ω0 = 1.2 rad/s.
Initial conditions for the original and observer
systems were:
x(0) = [0, 0, 0, 0, 1]T , x̂(0) = [0, 0, 0, 0, 0]T .
Input (see Fig. 2) was
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Fig. 2.
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Standard deviations of the noise were: σww =
3.0 deg, σwr = 0.001 deg/s, σwb = 0.05
deg. Network constants: ν = 0.0001, σV =
0.1, time step = 0.01 s, λd = 0.04 Hz, λv = 0.08
Hz.
The linear transform z = Dx with
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was chosen using knowledge about the dynamical
systems, and expected parameters of neural network
implementation. We assumed that |ψω | < 4 deg,
|ψ˙ω | < 4 deg/s, |ξω | < 4 deg·s, |ξ˙ω | < 4 deg,
|ψ| < 720 deg, |ψ̇| < 2 deg/s, |r| < 2 deg/s, |ṙ| <
0.02 deg/s2 , |b| < 2 deg, |ḃ| < 1 deg/s.
We made 500 simulation runs of networks implementing the observer and the original systems
with different instances of generated driving noise,
and calculated mean and standard deviation of the
heading NRMSE.
For the observer system, mean heading NRMSE
over 500 runs was 0.013 with standard deviation
of 0.0019. For the original system these values
were 0.016 and 0.004 respectively. Fig. 3 shows
distribution of NRMSE for the observer system.

the network, since weights are preset using direct
computation derived from the control theory and
spiking networks framework. Future work will involve testing this approach on neuromorphic hardware, in order to validate the potential energy gain
when compared with traditionnal signal processing
approaches.
Fig. 3. Histogram of heading NRMSE for the observer system
over 500 runs

Fig. 4 shows results of one simulation run for
the observer system.

Fig. 4. Results of spiking neural network calculations for the
observer system

IV. D ISCUSSION
Our results show that the neural network described in [11] can be used for dynamical systems
observation. The software simulations of networks
implementing example systems representing a ship
yielded mean NRMSE of the ship heading under
2%.
These neural networks can be implemented in
hardware using analog neurons [15]. Such an architecture can take advantage of robustness to noise
and low power consumption. Another advantage
of this approach is that there is no need to train
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