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Integration of Visual Scenes and Motion Signals by Entorhinal Grid

Cells During Spatial Imagery
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Abstract. The entorhinal cortex is an important region for a transformation of the egocentric scene into
the allocentric scene, despite the lack of discussion of its neural mechanism in the literature. In this study,
object arrangement from a novel viewpoint is estimated from a computational model based on a recent
finding of entorhinal ”grid cells” that represent a metric space of the environment in multiple scales. In
the model, the grid cells are hypothesized to integrate imagery motion signals and visual scenes where
the retinal image is mapped to a top view scene. Results of computer experiments demonstrated that the
representation of grid cells allows an estimation of object arrangement from a novel viewpoint by using
imagery motion signals. It suggests that grid cells produce the integrated metric space of visual scenes and
motion signals during the spatial imagery.

Key words: computational model , hippocampus, entorhinal cortex, object–place associative memory,
spatial navigation

1 Introduction

The hippocampus is known to play an important role in the spatial imagery of object arrangement from a
novel viewpoint [1] [2]. According to the cognitive map theory [3], the environment is represented by a network
of place cells where each place cell codes each different portion of the environment. The spatial imagery of a
familiar place is computationally modeled by a reactivation of the place cells network [4]. On the other hand,
the spatial imagery of a novel place is computationally modeled by a transformation of a visual scene where
any pre-learned network of pace cells is not required [5]. The results of computational experiments demonstrate
that the scene transformation can process the spatial imagery of the novel place. However, its neural mechanism
remains to be modeled under biological plausibility.

The entorhinal cortex is considered to play a key role in the scene transformation; it receives egocentric scene
information from the parahippocampal region [6] and projects to the hippocampal formation that maintains
allocentric space memory. The rodent entorhinal cortex is found to be characterized by ”grid cells” that are
selectively activated in multiple portions of the environment forming a triangular array (grid) and tiling the
entire environment [7]. The human entorhinal cortex has been recently shown to have similar properties of the
grid cells [8]. Computational models have suggested that the grid cells are able to form the place cells [9] and
implement path integration by using motion and head direction signals [10] [11] [12]. To determine the spatial
selectivity of the grid cells, an external cue, i.e., a geometric boundary, has been proposed theoretically [13] and
corresponding neurons, called boundary cells, are further found experimentally [14]. Other external cues, such
as visual scenes, are also expected to determine the grid cells’ selectivity, but these have not been discussed as
computational theories.

In this study, the grid cell representation is applied to code a novel place given by imagery motion signals
during spatial imagery. A computational model of spatial imagery based on the grid cells is proposed and its
ability is evaluated.

2 Model

The basic structure of the model is shown in Fig.1. The model consists of a visual system, an entorhinal layer
and a hippocampal associative network. In agreement with our previous model [15], multiple objects in an
environment are individually processed and each object–place association is stored by using synaptic weights
in the CA3 network. In the current study, a grid cell coding is introduced in the entorhinal layer to integrate
visual scene information with imagery motion signals. For simplification, two perpendicular axes are used in the
grid cell coding.
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Fig. 1. Estimation of object arrangement at an imagery viewpoint given by imagery motor signals
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Fig. 2. Basic structure of the model. In the visual system, a retinal image is transformed into a top view scene under
a flat ground constraint. The top view is transmitted to the entorhinal cortex where the grid cells integrate spatial
components of the top view and imagery motion signals. In the hippocampus, the object information and the top view
shifted to the object’s location are associated with connection weights in the CA3 network.

Retinal image of a viewer located at x is given by a gray–scaled panoramic scene, Sx(φ, θ), where φ and
θ denote eccentricity and altitude, respectively. In the visual system, Sx is transformed into a top view scene,
Tx(u1, u2), based on a constraint of ”flat ground”, as given by,

u1 = r cosφ, u2 = r sin φ with r = h arctan θ. (1)

where h denotes a viewing height. The top view is expected to have an advantage in the representation of metric
space; ideally, different locations of the viewer are represented by the same top view shifted by a corresponding
displacement of the viewer.

A grid cell is modeled to receive inputs of spatial frequency components of the top view and motion signals.
Activity of a grid cell of spatial phases, 2πk1

N and 2πk2

N , and a spatial scale, s, Gs
k1k2

, is given by,

Gs
k1k2

(Tx, Δx) = U

(

2
∑

l=1

cos
(

A(Tx, l, s) +
2πkl

N
+

2πΔxl

s

)

− Θ

)

(2)

where U(x) is a step function of x, A(Tx, l, s) denotes a phase of spatial component of Tx in the scale of s along
the l-th axis, Δxl denotes accumulative imagery motion along the l-th axis, and Θ denotes a constant threshold.
By a population of grid cell activations, a place is encoded as follows,

{Gs
k1k2

}k,l=1,...,N,l=1,...,N,s=s1,...,sM .

During encoding of the i-th object–place association at a viewpoint, x0, the object information Oi at a
location xi, is stored in order to be associated with grid cell activities shifted by an imagery displacement,
xi − x0, {Gs

k1k2
(Tx0

,xi − x0)}. During retrieval, an imagery location x′ coded by {Gs
j1j2

(Tx0
,x′ − x0)}, is
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Fig. 3. Translation of the retinal image into grid cell activations. (a) A square environment including a carpet, two objects
(A and B) and shaded walls around all edges. ”v” denotes the viewer location. (b) Viewer’s retinal image given by the
eccentricity and the elevation. (c) A top view scene translated by the retinal image based on a flat ground constraint.
(d) Spatial frequency components of the top view. (e) Activities of the grid cells given by scales and phases of the spatial
frequency components of the top view.

compared with the stored grid cell activities. A displacement to the i-th object from x′, y = (y1, y2), is given
by a optimal shift of two sets of grid cell activities, as follows,

arg max
y1,y2

M
∑

j=1

2
∑

l=1

cos(ξsj

l (xi) − ξ
sj

l (x′) +
2πyl

sj
) (3)

with
ξs
l (xi) = ∠

∑

k1k2

Gs
k1k2

(Tx0
,xi − x0) exp(

√−1
2πkl

N
).

In computer experiments, a 15×15 meter square environment is used where a viewer is located at (4, 8) and
two objects are located at (8, 7) and (5, 9.5) meters, as shown in Fig. 1a. The environment includes a carpet
with a gray color and surrounded by walls with gradually changing in luminance. The viewing height is given
by 1.5 meters. The visual field is given by [−180, 180] degree eccentricity and [−5,−65] degree altitude. Three
scales, 20, 10 and 6.7 meters, are considered as the grid cells.

3 Results

3.1 Grid Cell Activities at Real and Imagery Viewpoints

The retinal image of the viewer at a location x0 = (4, 8) is shown in Fig. 1b. In the visual system, it is mapped
to a top view scene, Tx0

, as shown in Fig.1c where the metric space is successfully represented. Activities of the
grid cells are determined by phases of 6 spatial frequency components of the top view (Fig. 1d). The viewer’s
location is encoded by a set of grid cell activities shown in Fig.1e.

To evaluate the ability of the scene-driven grid cells in the place coding, activities of the grid cells at each
viewer’s location are evaluated. Figure 4a shows a result of activation maps for the grid cells, {Gs

66(Tx,0)}s=20,10,6.7,
for each location. The periodic patterns of the grid cell activations appear over the environment for each spatial
scale. This indicates that scene-driven grid cells successfully represent the shift of the top view image.

The imagery viewpoint, x′, is coded by the top view scene, Tx0
, modulated by an imagery motion signal

from the viewer to the imagery locations, x′ − x0. Figure 4b shows a result of activation maps for the grid
cells, {Gs

66(Tx0
,x′ − x0)}s=20,10,6.7, for each imagery viewpoint. The imagery motion is given by identical sig-

nals producing an identical shift of Tx0
, thus the periodical patterns of the activation map appear clear than
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those of real locations. Importantly, the activation maps of the imagery viewpoint are similar to those of the
real viewpoint. This indicates that the scene-driven grid cells can produce consistent spatial phases over the
environment.
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Fig. 4. Grid cell activations at each location. (a) Activation maps of three grid cells representing different spatial scales.
(b) Activation maps of three grid cells for each imagery location, where the grid cell activations of the top view scene at
a viewpoint (4, 8) are shifted according to imagery motion signals to each location.
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Fig. 5. Estimation of object arrangement based on the grid cell activities. Displacement of each object from an imagery
location is calculated by a difference of spatial phases given by the set of the grid cell activities. By integrating individual
object displacements, an object arrangement is estimated.

3.2 Estimation of Object Arrangement at a Novel Viewpoint

The object–place associations of ”A” and ”B” in the environment shown in Fig. 3a are assumed to be stored in
the hippocampus. Each object’s location is represented by a set of grid cell activities modulated by an imagery
motion signal from the viewer to each object’s location, as shown in Fig. 5. An object arrangement from an
imagery novel viewpoint, x′ = (12, 7), is estimated by integrating displacements of each objects. By using eq.(3),
the individual displacement of the object from x′ is calculated by a comparison of the imagery and the stored
grid cell activities. Figure 5 shows that the displacements of two objects from the imagery viewpoint, x′, are
successfully calculated. Since the imagery motion produces the identical shift of the top view as demonstrated
in Fig. 3b, the mechanism of the object arrangement estimation is robust for the number of objects.
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4 Discussions

Through using computer experiments, the representation of the grid cells is shown to have the ability to estimate
the object arrangement at the novel imagery viewpoint. To obtain the metric space of the visual scenes, a
transformation of the retinal image into a top view scene was proposed. The spatial components of the top view
can represent a consistent metric space over the environment that can be further in agreement with the imagery
motor signals (Fig.4). When the object’s location is stored by the set of grid cell activities of the imagery
object’s location, the arrangement of two objects is successfully estimated through comparing the sets of grid
cell activities (Fig.5). These results are the first to demonstrate that the grid cells can integrate visual scene
information and motion signals over the environment during spatial imagery (Fig. 6).

Egocentric scenes

Allocentric space

Motion signals

(Cognitive map)

Grid cells

“Metric Space”

Hippocampus

Cortex

Fig. 6. Translation between egocentric to allocentric spaces by using the metric space coded by the grid cell activations,
where motion signals and visual scenes are integrated.

The transformation of the retinal image into a top view scene is a key mechanism to produce the metric
space from visual scenes (eq.(1)). Similar transformations called ”inverse perspective mapping [16]” are also
believed to apply for obstacle detection with optic flow. There is no direct neurophysiological evidences for
these perspective transformations, but these types of transformations are necessary to produce the metric space
of visual scenes available all over the environment.

In an actual environment with a lumpy ground, spatial scales of the top view scene in the current study
are considered to be limited in a range of one half to several tenfold of the viewing height. To deal with larger
environments, a mechanism using distant scenes could be applied for the coding of imagery places [5]. The
integration between visual scenes and motor signals are more important than spatial imagery when processing
environments more than a scale of ”at a glance.” The mechanism of the grid cells in the current study would
contribute to spatial imagery of novel places neighboring familiar places in the memory.
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Abstract. This paper describes a closed-loop robotic system which calculates its position by means of a
silicon retina sensor. The system uses an artificial neural network to determine the direction in which to
move the robot in order to maintain a line-following trajectory. We introduce a pure “end to end” neural
system in substitution of typical algorithms executed by a standard DSP/CPU. Computation is performed
solely using spike events; from the silicon neural input sensors, through to the artificial neural network
computation and motor output. At the end of the experiment the robotic system using these methods was
able to follow a line consistently on a plain background.

Key words: SpiNNaker, Silicon Retina, Actuators, Spiking neural network, Closed-loop system, spike-
based computation

1 Introduction

Artificial spiking neural network (ANN) simulation has been widely investigated in the recent past, with many
attempts being made to simulate networks in real-time and with increasing biological realism. ANNs have been
widely used to interface with sensors, revealing features and details which are then used for specific purposes
e.g. [3] [10]. However these designs typically use spiking ANNs as central processing intelligence, while sensors
and actuators remain in the analogue domain. Consequently a conversion is required between the analogue
values of sensors and actuators to the spiking inputs required by the ANN. An example of such a system is the
Kephera robot [3], where after some training the controlling neural network demonstrated object avoidance. In
this Kephera study a NIOS 16-bit processor implemented on an FPGA was used both to mediate between real
world sensors and actuators, and to implement the neural network cells. In a similar way, the robot DARWIN V
[10] was able to present complex behaviours based on the perception of the world through non-spiking sensors
which were pre-processed into spikes for consumption by the neural network. This robot evolved to the point
of being able to discriminate between objects captured with its vision system sensors. Few attempts have been
made where computation is solely performed by means of spikes in closed-loop systems, where the ANN is
a “cortical simulator” between sensors and actuators. The system introduced in this paper is designed as an
extendable end-to-end spiking test platform, with the simple initial classical aim of having a robot follow a line.
In the future, the same platform can be further developed to explore other (more complex) neural algorithms.
The approach of using a full spiking system has many advantages when compared with more familiar robotic
implementations. These include more frugal power consumption which is a key factor in low-power embedded
applications, better tuned temporal response as real-world stimulus drives the ANN rather than the beat of a
synchronous clock, and that spiking ANNs act as a natural noise filter due to the behaviour of the neurons.

2 System description

SpiNNaker is a massively parallel biologically inspired computing platform for modelling ANNs in real-time
[9]. In its largest configuration a SpiNNaker system scales to ∼1 billion real-time neurons. Here we describe a
closed-loop system developed as a proof-of-concept for interfacing SpiNNaker hardware with discrete devices in
the real world. We use a silicon retina [7] mounted on a self-propelled 6-axis 3-wheeled robot (fig.1).
Architecture of the closed-loop system: The system is outlined by the blocks in fig.1. The retina outputs
spike events which are translated to SpiNNaker format spike packets, addressed to the correct input neuron in
the ANN. The SpiNNaker board performs the neural network computation and outputs motor spike events on
its Ethernet interface that the PC converts into commands to control the wheels of the robot. As the motor
controller for the robot accepts only input vectors, the Host PC translates SpiNNaker output spike rate-codes
into acceptable values for motor control.

? All the authors are with the APT group at The University of Manchester
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(a) Architecture of the system. Solid lines repre-
sent native spike paths.

(b) Plan view of the robot,
retina and line.

Fig. 1. Schematic and photograph of the robot with mounted retina

The SpiNNaker test board: Four SpiNNaker “test” chips reside on one board [6], each chip (fig.2) having two
ARM 968-E processor cores, with tightly coupled instruction and data memories, timer, interrupt and custom
DMA controllers and an interface to an external SDRAM chip. One core per chip is used to simulate ∼1,700 LIF
[8] or up to 1,000 Izhikevich neurons [5], and the other for system control and communication, giving potentially
4 times this number of neurons per test board.

(a) Schematic diagram of the
SpiNNaker architecture

(b) Physical die layout of the test
SpiNNaker chip

Fig. 2. Schematic and plot of the SpiNNaker two core test chip

The silicon retina: The silicon retina is inspired by the biological processes that take place in the eye [7]. Light
intensity changes are captured by each pixel on the sensor and generate discrete spiking events, the sensitivity
of which can be adjusted by the user. The sensor is able to generate sub-millisecond responses to changes in
individual pixels, and is formed of a matrix of 128x128 elements, totalling 16,384 spike sources. Each spike event
generated by an individual pixel is represented by an AER (Address Event Representation) packet including
the co-ordinate of the pixel emitting the event and the polarity of the event.

Robot actuators: In this environment the actuators are represented by the wheel motors of a robot (fig.1).
The robot has three wheels (placed with radial symmetry) each attached to an independently controlled motor.
The commands used in this environment set the robot speed in three directions: forward – backward (y axis),
left – right (x axis) and rotate (clockwise – anticlockwise).

3 Model implementation

Sub-sampling input spikes: The silicon retina’s USB interface limited the spike rate sent to the host
computer to 120,000 events per second. Further, the DVS128 retina has 16,384 elements, too many for a 1:1
SpiNNaker input map on the test board when using LIF (tests show the SpiNNaker test board with 4 chips can
model up to 6,896 LIF neurons [8]). A relevant method of reducing the data flow must therefore be employed,
without losing information relevant to the line-following task. We identified and studied the following reduction
methods:

– Sub-sampling over space (e.g.: blocking/pixelating). This reduces the number of unique input neurons re-
quired, so that all the events received in a region drive a specific neuron. We considered uniform (e.g. 16x16

8
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- fig.3a), and non-uniform methods (fig.3b - with better central image resolution as per a biological eye).
This method drops no spikes, but adds categorisation.

– Sub-sampling over space and time (e.g.: only using pixel coordinates which are exact multiples of 4). This
drops spiking information that might have been useful in coherent detection of line edges over any noise.

– Windowing (e.g. a thin slot over the full image width - fig.3c). Instead of using the full ‘image field’ this
reduces the number of input spikes by using a high resolution subset conformed for directional decisions.

(a) Uniform 16x16 block
grid

(b) 16x16 foveated out-
put grid

(c) Slotted / Windowed
view 64x8

Fig. 3. Sub-sampling the Input Spikes

In our SpiNNaker line-following system we chose space sub-sampling, block pixellating the image down to 8x8
pixels to give a resolution of 16x16 blocks across the full frame (fig.3a). This categorisation into 256 sub-samples
is repeated for both spike event polarities, totalling 512 input neurons.

Neural Network Architecture: The neural network couples the sensors with actuators; we used a Leaky
Integrate-and-Fire (LIF) [2] feed-forward network organized into 3 layers. The input layer is composed of 2
16x16 matrices combining the input for both polarities, and is connected to a 4x4 sub-sampler layer where units
are in competition through lateral inhibition. Each neuron in the sub-sampler maps a 4x4 receptive field in both
input matrices. The more frequently cells in the sub-sampling neuron’s receptive field fire, the more likely that
the sub-sampling neuron fires, inhibiting other sub-sampling neurons - a Winner Take All (WTA) mechanism.
Finally, the output layer stimulates the actuators (fig.4), and is designed to maintain the most salient stimuli
in the central portion of the visual field. Outputs are also in competition, in order to achieve better stability.

Fig. 4. The Neural Network used. 512 input neurons from the retina feed into a hidden sub-sampler layer, and then to
a competitive output layer to give the robot direction.

The neural network was generated with a PyNN script [1], and uploaded to the SpiNNaker chip through an
automatic software process [4], taking advantage of PyNN’s ability to represent 2D network information.

Spike rate to motor speed conversion: The robot interfaces to the SpiNNaker board through a PC
which converts the spiking rate of the output neurons to the speed of the robot in the corresponding direction.
To interface the neural network with the robot we used three output neurons: forward, left and right. The con-
version uses an internal state variable which holds the current speed for each direction and its last received spike
timestamp. The internal state variable decays every millisecond, and when it differs from the actual robot speed
beyond a threshold, a new command is sent to the robot to alter its speed. The transfer function is described by
the graphs in fig.5. The closer two spikes are, the greater the increase of speed in the corresponding direction.
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Both parts of the algorithm (increasing and decreasing) rely on parameterised linear rate-coding functions to
permit fine tuning of the behaviour.

Fig. 5. Impulse response function to spikes generated by a motor neuron. The state variable decays linearly with the
time, while the output speed sent to the robot is quantized. The closer together the input spikes, the steeper the increase
in robot speed on that axis.

4 Results

In an ideal situation, the robot would sit on the central axis of the line moving forward, however, the silicon
retina output relies on changes in intensity of each pixel. In such a case the line would become invisible as
no changes in intensity would be detected. To avoid this problem we added an element of jitter in the robot
movements, as well as exploiting inherent mechanical vibration, in order to maintain visibility of the edges of
the line. The robot has the silicon retina mounted on top towards the front (see fig.1), with some perspective
created by slightly angling back the mounting.

Neural Network Activity: Fig.6 analyses the results extracted from 5 seconds of a recorded simulated

Fig. 6. 5 seconds simulated network activity (a) input neurons’ activity: during the trial the most active neurons are the
ones corresponding to the edges of the line (b) subsampler activity: the most active neurons are the ones in the center
of the visual field (c) output neurons’ activity

run, and we used these results to tune network parameters. At the beginning of the trial the robot is placed on
top of the line (slightly to the right side). Fig.6a shows the mean activity rate of the input neurons, fed by the
silicon retina: it can be seen that the most active neurons are those along the line edges (column 7 and 11) as
the robot moves forward. The rest of the input layer is subject to random noise. Fig.6b shows the mean activity
in the sub-sampler layer: as the WTA mechanism takes place, we can see that the most active neurons are the
ones where the input is more salient (2,2 - 1,2 - 2,1). According to the activity in the subsampler layer and the
map described in fig.4, the output forward neuron is the most active. The right neuron is more active than the
left because the robot is positioned slightly on the right, and the network is attempting to compensate for this
drift in order to keep the line in the central portion of the visual field. The successful line-following outcome at
the end of this research is also recorded in an Internet published video.1

1 http://www.youtube.com/watch?v=ZQ7FdQ_VJNg
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5 Discussion

The approach taken by the system presented in this paper represents a solution complementary to classical
approaches to robot control offering alternative benefits rather than attempting to compete feature-for-feature.
The closed-loop system presented is formed by interfacing the spiking neural network with sensors and actuators:
the whole system runs in real-time and interacts with the outside world exclusively by means of spikes. The
simulated ANN receives real-time input from a peripheral sensory input processor, and it outputs spikes to
control the movements of the robot, c.f. the motor neurons in the cortex.
Using spiking interfaces between the ANN and the I/O devices places this design in contrast to previous line-
following implementations. Two simple passive conversions complete the interface. All spikes from the retina are
delivered as spikes to the SpiNNaker board via a lookup table between silicon retina output spikes (from USB)
to SpiNNaker board input spikes. A spike-rate to linear vector conversion between SpiNNaker motor neurons
and robot wheels handles the output. Such a system demonstrates the feasibility of integrating “cortical” chips
such as SpiNNaker with spiking sensors and actuators in time-critical real-world simulations.

6 Conclusions

This paper has covered an alternative approach to the classic robotic line following problem using a fully
spike-based technique that delivers potential improvements to power utilisation, input filtering and temporal ef-
ficiency. We have described an autonomous closed-loop system using a dedicated programmable neural network
simulator chip to emulate the cortical areas of the brain. We used our extendable framework to demonstrate
the ability of the SpiNNaker system to interface with the real world through spiking sensors and actuators
using only neural algorithms to execute the assigned tasks. In this implementation we used a fixed network
topology and fixed synaptic weights, thus the behaviour of the neural network is statically defined. In future
work, learning algorithms and synaptic plasticity will enable the robot to understand the pattern of inputs, to
follow and search autonomously. In addition a larger scale SpiNNaker chip is currently in preparation which
has 18 cores per chip, with enhanced on-board resources. This chip will be used to scale the platform to much
larger systems, including the machine expected to scale beyond 1 million processors. This research is a first step
towards a long-desired research goal: autonomous robotic systems using bio-inspired spike-based signalling to
permit real-time action and adaptation in highly dynamic environments.
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Abstract 

 

In this paper we describe a spiking neural circuit inspired by the pyramidal-interneuron network gamma (PING) 

circuit modeled by Whittington and colleagues [1]. The spiking network controls a rat animat – a rodent-inspired 

robot that can autonomously explore and map its environment. We demonstrate how the neural controller directs the 

rat animat‟s movement towards temporal stimuli of the appropriate frequency using an approach based on 

Braitenberg Vehicles. The circuit responds robustly (after four cycles) when first detecting a light pulsing at 1 Hz, 

and rapidly (after one-to-three cycles) when primed by recent experiences with the same frequency. This study is the 

first to demonstrate a biologically-inspired spike-based robot that is both robust and rapid in detecting and responding 

to temporal dynamics in the environment. It provides the basis for further studies of biologically-inspired spike-based 

robotics. 

Keywords: spiking neural networks, resonating circuits, autonomous robotics, rat animat, Braitenberg Vehicles, 

neurorobotics, spike-time robotics 

1 Introduction 

The goal of our research program is to study issues in systems neuroscience using neural circuits implemented in a 

biologically-inspired autonomous robot. This program is part of a growing movement of roboticists [2], computational 

modelers and neuroscientists interested in brain-based devices [3], neurorobotics [4], and bio-inspired computation [5]. 

Neural networks as reactive controllers for robots can provide a set of low-level robust behaviours on which higher 

order complex controllers can be developed [6]. The majority of neurorobotic studies have used rate coded neural 

networks as controllers as they are theoretically more tractable as well as easier to develop and (until recently) have 

been easier to simulate and to train (e.g. [7, 8]).  

In the past decade spiking neural circuits have begun to be studied in a variety of research laboratories [5, 9, 10]. 

Real-world stimuli are inherently temporal and spike-timed networks have a significant advantage over rate-coded 

networks in their ability to sense and process precise timing in tasks involving temporal stimuli (for example, the silicon 

retina has achieved sub-millisecond response times by processing individual spikes asynchronously [11]). Learning 

rules based on spike-time dependent plasticity (STDP) have been developed to learn temporal patterns [12] and 

evolutionary algorithms (EAs) have been used to evolve spiking neural circuits [4, 13-15]. French and Damper [9] 

studied phototaxis and phonotaxis using a robot that was attracted to a light flashing with one frequency, and avoided 

another one with a different frequency. They evolved a feedforward spiking neural circuit, in which the neurons acted 

as integrators of the input signals, driving the wheels of the robots directly.  

As French and Damper have observed, temporal dynamics are inherent in tasks such as phonotaxis. It is less well 

appreciated that vision also has inherently temporal properties. A particularly interesting aspect of spiking networks as 

controllers for embodied systems is the interaction between external and intrinsic dynamics (if an image is stabilised on 

the (human) retina, it fades from view [16]). The simplest such interactions occur when the spiking network resonates 

with temporal patterns in the environment, and there is an inherent trade off between rapid responses to temporal 

changes and the robustness of their detection.  

Challenges for robust and rapid detection of temporal stimuli are present even in the simplest temporal stimulus 

provided by a periodically flashing light. The theoretically minimum time in which a sensory system can detect a 

specific frequency, f, is given by the period, 1/f. However, a system tuned to respond immediately to the detection of a 

pair of light pulses with a given period would be prone to error, responding to many temporal sequences. For robust 

detection, several periods are required in any practical implementation. A productive compromise between speed and 

robustness observed in biological systems is to respond conservatively when initially detecting a pattern of interest, then 

respond more rapidly when primed by recent observations of the pattern [17]. 

In this study, we explored the resonant abilities of a recurrent spiking neural network acting as an embodied 

controller for a fully embodied bio-inspired robot, called the rat animat [18] (see Fig 1).  
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Fig 1. The rat animat and temporal dynamics of its visual environment. The rat animat (left, photo source [18]) moves autonomously 

though its office environment (typical camera view, centre). The average ambient light levels were recorded while the rat animat 

rotated 360 deg (right, green trace). With high gain the signal derivative shows fast oscillations (blue trace). A monitor flashing at 1 

Hz superimposed an additional dynamic on the ambient light, and could be seen for 110 degrees. 

 

Real neural systems exhibit intrinsic oscillations through all ranges of frequencies [19]. One simple spiking network 

uses excitatory-inhibitory feedback – the pyramidal-interneuron network gamma (PING) circuit [1]. Since biological 

evolution has already evolved the PING circuit, we implemented the network directly without the need for a genetic 

algorithm and with only minor adaptation and tuning of parameters (see Section 2). We replaced the rat animat's 

onboard navigation system with the spiking neural controller, and following French and Damper [9], we tested the 

ability of the spike-time rat animat to seek lights flashing with different frequencies. Our studies extend their results 

which were based on feedforward spiking networks, to the use of bio-inspired recurrent spiking networks, based on the 

PING circuit which has an intrinsic oscillation frequency (Study 1), and testing for robust and rapid detection of 

temporal stimuli with intrinsic oscillation frequencies (Study 2). 

2 Neuron and synapse models  

The network was constructed using leaky integrate-and-fire (LIF) model neurons [20] (for network architecture see 

Figure 3 and for parameters see Table 1). The membrane time constant (τmemb) was set to 1.5 times the desired resonant 

period of the network, which then dictated the required membrane resistance (Rmemb). 

 

Table 1: Leaky integrate-and-fire cell parameters. 

Vrest Resting potential -60 mV 

Vthresh Spike threshold -45 mV 

Vreset Spike reset potential -60 mV 

trefract Refractory period 3 ms 

Cmemb Membrane capacitance 10 nF 

τreson Desired resonant period (variable) x sec 

τmemb Membrane time constant 1.5τreson 

Rmemb Membrane resistance τmembCmemb 

Re_memb Membrane resistance (edge detector cells) 1 M 

 

The synapses were modelled as a postsynaptic current initiated by a presynaptic spike that decayed with a 

characteristic time constant. Synaptic parameters varied depending on the type of cell and the type of synapse (for a full 

list of parameters see Table 2). Synapses were either static or dynamic; static synapses had fixed weight and dynamic 

synapses were subject to usage-dependent synaptic depression [21]. The synapses were conductance-based, meaning 

they had an equilibrium potential which might be different from zero due to ionic concentration differences inside and 

outside the cells, maintained by ionic pumps in the cell membranes. 

For static synapses (which in the current model applied to just the connections to the edge detector neurons) the 

magnitude of the synaptic current Istatic induced when a presynaptic spike occurred was proportional to the synaptic 

weight w. The rate of change, sta ticI , was given by: 
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c
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where δ is the Dirac delta function, ti is the time of the last spike from presynaptic neuron i, wi is the constant synaptic 

weight, and ci is the synaptic current time constant. 

To implement short term synaptic depression (which in the current model applied to all synapses except the 

connections to the edge detector neurons), all of the currently-available proportion of neurotransmitter p at each synapse 

was released at the occurrence of each spike; p recovered back to unity with time constant d. The rate of change of p for 

neuron i, ip , was given by: 
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With dynamic synapses the calculation for synaptic current, dynamicI , becomes: 


i

iidynamic pwI      …(3) 

The synaptic depression recovery time constant d was set equal to the synaptic time constant τ for each synapse, 

except where noted in Table 2 and Figure 3. 

All simulations were conducted using the Parallel Circuit Simulator (PCSIM) [22], a comprehensive, well-supported 

software package for the simulation of large neural networks. 

 
Table 2: Synapse parameters 

Ee Excitatory equilibrium potential 0 mV 

Ei Inhibitory equilibrium potential -70 mV 

τe Excitatory time constant τmemb 

we Excitatory conductance 5/τe nS 

τi Inhibitory time constant τreson 

wi Inhibitory conductance 2.5/τi nS 

wei Edge detector to inhibitory conductance 3/τi nS 

dei Edge detector to inhibitory depression time 

constant 

τreson/2 

wpe Input to edge detector conductance 50 nS 

τeii Edge detector inhibition time constant 3 ms 

weii Edge detector inhibition conductance 40/τeii nS 

tsyn Synaptic delay 1 ms 

3 Spike-time robot performing phototaxis 

The aim of the studies was to explore the rat animat's ability to perform phototaxis to a flashing light source in the fully 

embodied system, and also understand the behavior of the underlying circuit in detail.  

The set-up and practical abilities of the rat animat are illustrated in Fig 2. The animat received input from an onboard 

camera and a single scan line was extracted just above the midline (Fig 2 top left, dashed line in camera image). A 

monitor presenting a flashing stimulus at 1Hz was visible as a grey square in the centre of the image. The left light 

sensor summed pixel intensities from the left-most two thirds of the scan line and the right sensor from the right-most 

two thirds, resulting in the sensors overlapping in the middle third of the image (shaded triangles). Each sensor was 

connected to a resonating neural circuit (see Fig 3 for circuit details). The output from each oscillator drove the wheel 

actuator on the opposite side of the vehicle, causing the vehicle to display seeking behavior to 1Hz flashes.  

 

 
Fig 2: Study set up. Rat animat location and spiking network output while tracking a 1Hz flashing stimulus. (top left) Rat animat 

showing two light sensors, their respective resonant circuits and crossed connections to the wheels. (top middle) Tracking camera 
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view. (top right) Tracking data showing three trials, first with the robot directly facing the flashing stimulus, then rotated 

approximately 45° to the left and right. (bottom) Left and right sensor responses (see text for details). 

 

The position and orientation (i.e. pose) of the rat animat was tracked with an overhead camera and the locations 

digitized. Fig 2 centre shows the tracking view, and the cover attached to the rat animat‟s top with a red dot at the front 

and a blue dot behind. Fig 2 top right shows tracked positions with circles (approximately the same size as the robot) 

marking the robot‟s position and the emanating directional lines indicating the robot‟s corresponding heading. The thick 

horizontal line shows the size and placement of the LCD monitor used as the light source. The light grey axes show a 

1x1m square. In all cases the robot successfully oriented to and approached the stimulus. Typical sensor responses can 

be seen in Fig 2 (bottom panel “Left”). When the robot was oriented 45° to the right of the monitor, the robot‟s left 

sensor responded first. Triangles show firing times of the resonator neuron, the small amplitude oscillation signal is the 

summed camera pixel intensities, and the large amplitude oscillation signal is the same signal with a high gain applied 

to enhance rising edge detection. The left sensor‟s connection to the right wheel induced an initial left turn towards the 

stimulus. Once the stimulus also came into view of the right sensor (bottom panel “Right”), the robot travelled directly 

towards the stimulus since the resonators were driving both wheels. 

In a range of pilot studies, the rat animat‟s behavior in an office environment with and without a flashing light was 

observed. When it observed a light flashing with its preferred frequency, it moved towards the light (analogous to 

Braitenberg‟s Vehicle 2b [6]). The behavior was reliably observed from any starting configuration at distances up to 

two meters. The rat animat also generalized its behavior to orient towards other temporal stimuli, including on one 

occasion moving towards a person as they walked past. 
 

Study 1. Spiking neural network responses to oscillating stimuli 

The first study systematically tested the range of responses of the circuit to different frequencies (see Fig 3). The animat 

was placed directly facing the light source at one meter distance, with the default behavior set to remain still when no 

oscillations were detected. The circuit was first tested in simulation (Fig 3 centre) and then on the rat animat (Fig 3 

bottom). The rising edge detector circuit responded with a single spike when a rapid increase was detected in the light 

level. The output from the edge detector was directed to the resonator, which responded with single spikes at its own 

resonant frequency if the input spikes from the edge detector arrived at times appropriate for causing resonance. The 

connection weights, connection time constants and membrane time constants are shown in Fig 3 (top).  

 

 
 

Fig. 3. Study 1. Spike-time controller during phototaxis. (top) The spiking circuit has two components: a rising edge detector 

(light/blue spiking neurons) and the PING-inspired resonator (dark/red spiking neurons; excitatory neurons are triangles, inhibitory 

are circles, excitatory connections are arrowed, inhibitory connections are capped with a dot). (centre) Simulation results for flashing 

stimuli of various frequencies. Each panel shows the responses of the four main neurons in the network (y-axis) over 10 seconds (x-

axis, tick marks every 2 seconds). (bottom) Embodied (real) robot results. The response of the circuit embodied on the rat animat is 

similar to the simulation at both 1 and 0.5Hz (1st and 2nd panels, tick marks every 5 seconds); at 2Hz the edge detector does not 

respond to some of the input flashes due to a combination of circuit properties and camera input sampling frequency (3 rd panel, tick 

marks every 2 seconds). 
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The time-to-first-spike was recorded for a range of frequencies from 0.1 to 2.4 Hz. Each frequency was shown for 20 

cycles followed by a 10 second delay during which the light source was constant. When exposed to a stimulus at its 

preferred frequency of 1 Hz (top panel), responses were initially only observed from the rising edge detector neurons 

(excitatory neuron - blue crosses; inhibitory neurons – small green dots/dashes). The resonator neuron spikes after the 

fourth flash (red triangles), rapidly followed by the inhibitory neurons (large dots). For input at half the preferred 

frequency (0.5 Hz, second panel), only the rising edge detector neurons fire, and no resonating response occurs. For 

input at 2 Hz (third panel), the network responds but at a much longer delay, with the first resonating spike occurring 

after the thirteenth edge input spike. 

From a resting state, the fastest response was 4 cycles, which occurred for input near the resonant frequency (0.7-1.0 

Hz). As expected, the resonator did not respond to frequencies close to zero (0-0.6 Hz) or just above the resonant 

frequency (1.1-1.6 Hz). All frequencies above 1.6 Hz elicited a response from the resonator, albeit with latencies longer 

than 10 cycles. Responses to such higher frequencies are likely due to the broad tuning of the resonator. 
 

 

Study 2. From robust to rapid responding 

It was observed in the pilot studies and circuit investigations that the resonator neuron responded faster if it had already 

been responding in the past. If the break was short, it could respond on the first next detected edge. The second study 

explored in simulation how rapidly the circuit could detect the resonant frequency after an interruption to the signal. 

The stimuli consisted of 12 seconds of a light flashing at 1 Hz, followed by a period with no light of 1-7 seconds, then 

the flashing light resumed again at 1 Hz. The behavior of interest was the time taken for the circuit to recommence 

spiking after the interruption. 

The results demonstrate the circuit's systematic response to the interruption. Initially, the circuit took 4 cycles to 

respond. After a single missing flash, the circuit responded immediately after the next flash. As the gap increased, the 

time to spike also increased, returning to normal after a 7-second delay (see Fig 4). The rapid response to 

recommencing stimuli occurs for two reasons. Firstly, the excitatory synaptic currents to the resonator neuron (from 

both the edge detector and from itself) decay over time rather than falling instantly to zero (see Fig 3 top and Table 1). 

This exponential decay means that residual excitatory current from previous oscillations remains in the circuit for some 

time. Secondly, the resonator neuron membrane time constant causes the membrane to return to its resting potential 

over a similar timeframe. The combination of decaying synaptic currents and membrane potential decaying to rest with 

appropriate time constants causes the circuit to retain a „memory‟ of recent past firing, with a consequent rapid 

recommencement of resonating response even after input interruptions of several cycles. 

 
 

Fig 4. Study 2: Resonator recovery from interrupted input cycles. The resonator initially took 4 input flashes (3 full cycles) to 

respond (top panel), resonator neuron spikes are marked with triangles, rising edge neuron spikes with crosses, inhibitory neurons are 

large and small dots for the resonator and edge detector circuits respectively. For a gap of 1 or 2 cycles, the resonator responded after 

the first subsequent input flash. For a gap of 3 or 4 cycles (4 cycles not shown), the resonator responded after the second subsequent 

input flash, and for 5 or 6 cycles after 3 flashes. After a 7-cycle gap, the resonator required the full 4 input flashes to respond. 

4 Conclusions and future work 

The studies reported in this paper demonstrate that a spiking neural circuit inspired by the pyramidal-interneuron 

network gamma (PING) circuit can be used to control a fully embodied rat animat performing phototaxis. The system 

demonstrates robust detection of an oscillating light, and rapid detection of a light that has recently been active. With 

the use of PING circuits, these studies add a new level of biological fidelity to spike-based robotic methods, and enable 

the study of interactions between the inherent dynamics of spiking neural circuits with the external dynamics from 

embodied action. 
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For the studies reported in this paper, the results were collected in a 1m x 1m area, which is comparable to the size in 

which rodent studies are performed. Larger studies are also possible as the rat animat is autonomous with onboard 

power, and is able to move through the office environment using reactive abilities to avoid walls. Its abilities to deal 

with real world stimuli, including fluctuating ambient light and changing configurations of objects and barriers makes it 

a useful tool for extending the neurorobotic studies. In future studies we intend to extend the controller to add learning 

based on spike-time dependent plasticity to learn a range of temporal patterns. 
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Abstract. Understanding the neural mechanism of object recognition is one of the fundamental challenges of visual 

neuroscience. However, little is known about how the information about a whole object and its parts are represented 

in inferior temporal (IT) cortex. To address this issue, we focus on the neural mechanism of face perception. To 

investigate the mechanism, we made a model of IT cortex, which performs face perception via an interaction between 

different IT networks. The model was made based on the face information processed by three resolution maps in 

early visual areas. The network model of IT consists of four kinds of networks, in which the information about a 

whole face is combined with the information about its face parts and their arrangements. We show here that the 

learning of face stimuli makes the functional connection between these IT networks, causing synchronous firing of IT 

neurons. The model seems to be compatible with experimental data about dynamic properties of IT neurons. 

  Keywords: face perception, inferior temporal cortex, top-down signal, neural model 

 

1   Introduction 

We can recognize rapidly and effortlessly complex visual scenes. Such amazing ability in visual recognition needs the 

effective processing of visual information along the multiple stages of visual pathways. Neurophysiological 

experiments have provided evidence for a “simple-to-complex” processing model based on a hierarchy of increasing 

complex image features. It has been also shown that inferior temporal (IT) cortex is shape-selective [1,2]. However, 

little is known about how the information about a whole object and its parts are represented in IT cortex. To address this 

issue, we focus on the neural mechanism of face recognition. It is a good model system for studying the neural 

mechanism of object recognition, because face is a whole image that consists of its parts such as eyes, nose, and mouth.  
 Recent experiments have reported dynamic responses of IT neurons in face perception. Hirabayashi and Miyashita 

[3] demonstrated that the IT neurons exhibited different responses in spike synchronicity for face and non-face images. 

Face-like objects elicited neuronal activities that were more correlated than the corresponding non-face like objects, 

whereas the firing rates of the same neurons did not show a significant difference. Sugase et al. [4] found that single IT 

neurons conveyed two different scales of facial information in their firing patterns, starting at different latencies.  They 

showed from the statistical analysis for spikes of IT neurons that global information about categorization of visual 

stimuli was conveyed in the early part of the responses, and fine information about identity and expression was 

conveyed later. However, less is understood the neural mechanism underlying the dynamic properties of IT neurons in 

face perception.     
   In the present study, we present a model of IT cortex, which performs face perception via an interaction between 

three IT layers and face recognition layer (FRL). The three IT layers encode the information about face features 

processed by V4 maps with different spatial resolutions. We show using the computational model that the spike 

synchronicity between the IT layers and FRL is needed to make functional connection between these layers by the 

Hebbian learning. After the learning, the information about a whole face and its parts are combined by the synchronous 

firing of these layers, leading to a face perception. The feedback from FRL to IT layers allows monkey to perform 

“global-to-fine” perception of faces.    

2   Model 

The network model of face perception is shown in Fig. 1. The model consists of three IT layers and face recognition 

layer (FRL). ITX (X=B, M, F) receive the information of face image processed by three V4 layers with different spatial 

resolutions. The ITB encodes the outline of retinal image with a broad spatial resolution. The ITM encodes the essential 

features of face parts and their arrangements, which are represented by V4M with a middle resolution. The ITF encodes 

the fine features of face parts such as eyes, nose, and mouth, by binding the information of fine features encoded by 
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V4F. The FRL combines the information of three IT layers, and represents a unique image of face stimulus to perform 

the identification of faces. The ITB is a model of posterior IT. The ITM and ITF layers are based on an experimental 

study, in which it was reported that neurons in anterior IT responded selectively to a spatial arrangement of object parts 

and their features [5]. The model contains the FRL layer, because it was demonstrated that neurons conveying both 

global and local information of a face stimulus were found mainly in anterior IT [4].  

 

            
Fig. 1. The neural network model of IT cortex. The ITX (X=B, M, F) receive the outputs of V4X with different spatial 

resolutions. The “B”, “M”, and “F” mean the broad, middle, and fine resolutions, respectively. FRL(Face recognition 

layer) has the neurons tuned to different faces.  

 

  The neurons of IT layers and FRL were modeled with Hodgkin-Huxley model [6], because we focus on the neural 

mechanism underlying the spike synchrony between these layers. The membrane potential of ith neuron in ITX layer 

(X=B,M,F), ITXiV , , is determined by  
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where Cm is the membrane capacitance. gz(z=Na, K, Cl) are the channel conductance of ion z, and m, n, and h are the 

probability with which the channel is in the open state. IFF and IFB are the feedforward and feedback currents, 

respectively. These currents were calculated with synaptic currents described by function. The membrane potentials 

of FRL neurons were also determined by the Hodgkin-Huxley equation similar to Eq. (1).   

The weights of synaptic connection between ITX and V4X (X=B, M, F) were learned with Kohonen’s self-

organized maps [7]. After the learning, the feature detective neurons responding to outline of faces were organized in 

ITB layer, the neurons responding to the arrangement of face parts were done in ITM layer, and those responding to the 

face parts such as eyes, nose, and mouth were done in ITF layer.  

The neurons in three IT layers and FRL are reciprocally connected with synapses, as shown in Fig. 1.  The synaptic 

connection between ITM and ITF and the connections between FRL and ITX (X=B, M, F) were made based on 

Hebbian learning. Then the weight of synaptic connection between ith neuron in X layer and jth neuron in Y 

layer, )(, twZ

XYij
, is determined by  
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where iXS  and iYS  are the neural activities in ith neuron of X layer and jth neuron of Y layer, respectively, each is 

described by synaptic activity with -function. Z=FF, FB, where FF and FB mean the feedforward and feedback 

connections, respectively.  

 We used two face objects and two non-face objects, as shown in Fig. 2. Non-face objects have a random 

arrangement of face parts. In the learning period of face, face stimuli were frequently presented, while non-face 

stimulus was rarely presented. For we encounter various faces every day, but we do rarely faces with random 

arrangement of their parts. The duration of stimulus presentation was 1500 msec, and the time interval between the 

current presentation and the next one was set to be 500 msec.  
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a)                                   b) 

 

 
 
Fig. 2. Face objects (a) and non-face objects (b) used in the learning.  

3 Results 

3.1 Emergence of spike synchronization between the layers involved in face perception 

 

Figure 3 shows the temporal variations of spiking of ITM and ITF neurons during the Hebbian learning. The spike 

synchronicity between ITM and ITF neurons in response to face stimulus gradually increases as the learning proceeds, 

whereas that in response to non-face stimulus does not increase.  The difference in the synchronicity comes from the 

frequency of stimulus presentation. The frequent presentation of face stimuli facilitates the Hebbian learning of synaptic 

connection between ITM and ITF neurons, as shown in Fig. 4, because the frequent presentation causes the increased 

chance of coincident spiking of ITM and ITF neurons. The spike timing of both neurons becomes closer as the number 

of coincident spikes are increased, resulting in the increase of the learning efficacy of synaptic weights. That is, the 

coincident spiking causes the increased efficacy of the learning, and the increased synaptic weight facilitates 

synchronous firing of ITM and ITF neurons. Thus, the synaptic change induced by the coincident spiking and the 

synchronous firing interact with a positive feedback loop. In contrast, the presentation of non-face stimuli does not 

facilitate the synaptic learning, as shown in Fig. 4, because infrequent presentation of non-face stimulus causes little 

chance of coincident spiking of ITM and ITF neuron. The result shown in Fig. 4 is consistent with a concept previously 

proposed in which connectivity between cortical areas is organized to support specific types of discrimination [8].  

 

 
Fig. 3. Temporal variations of spiking of a pair of ITM anf ITF neurons. Responses of these neurons to a face stimulus 

(a) and a non-face stimulus (b). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 4. Temporal variations of the weights of synaptic connection from ITM to ITF neurons. The solid and dashed lines 

represent the synaptic weights in the application of a face stimulus and a non-face stimulus, respectively. 
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3.2 Synchronous firing of ITF neurons in face perception 

 

Figure 5 shows the firing properties of ITF neurons during face perception after the learning. The presentation of face 

stimulus causes the synchronous firing between ITF neurons encoding face parts, as shown in Fig. 5a. Although these 

ITF neurons are not directly connected with each other, the connections of them with ITM and FRL neurons allow the 

ITF neuron to fire synchronously. In contrast, the presentation of non-face stimulus does not cause the synchronous 

firing between these ITF neurons, as shown in Fig. 5b. This is due to the absence of the connections of the ITF neurons 

with ITM and FRL neurons. The firing rates of the ITF neurons are almost the same in the responses to face and non-

face stimuli, as shown in Fig. 5c. These results are in agreement with the results by Hirabayashi and Miyashita [3].  

 
Fig. 5. Response properties for a pair of ITM neurons encoding the features of eye and nose. Cross-correlations of the 

spikes of these neurons in response to face stimulus (a) and non-face stimulus (b). (c) Firing rate of these neurons for 

face and non-face stimuli. The solid and dashed lines indicate the firing rates for face and non-face stimuli, respectively. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 6. Scatter grams showing peak heights of cross-correlations and mean firing rates for pairs of ITF neurons, elicited 

by FO and NFO in the period of 0-400 ms after the stimulus onset.   

We extended our model in order to account for other experimental data by Hirabayashi and Miyashita [3]. The 

extended model consists of multiple neurons of ITM, ITF, and FRL, each of which has a different responsibility to the 

arrangement and part of a face and the whole face, respectively. The difference of responses results from the different 

conductance values of Na- and K-channels involved in the neuron model. These neurons are randomly and weakly 

connected with each other in each layer.   

 Figure 6 shows the scatter grams showing peak heights of cross-correlations and mean firing rates for pairs of ITF 

neurons, elicited by FO and NFO. The peak height of the cross-correlation for FO is significantly higher than that for 

NFO. On the other hand, the firing rates are highest for FO and NFO at the population level, but do not reveal 
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significant dependence on the feature configuration. Thus the neuronal correlation is modulated in feature configuration 

of a whole face within 400 ms after stimulus onset.  

 

3.3 Role of ITB layer in face perception 

 

Figure 7a shows the responses of FRL neurons to face 1 stimulus. In the early period of face perception, the FRL 

neuron tuned to face1 and that tuned to face 2 have the increased firing rates, as shown in Fig. 7a, because the FRL 

neurons receive the information about the broad image of face 1 encoded by ITB layer. After the early period, the FRL 

neuron tuned to face 1 keeps the firing rate, while the FRL neuron tuned to face 2 decreases the firing rate, and then 

becomes silent, as shown in Fig. 7a The difference in the firing rates of FRL neurons comes from the binding of the 

information of top-down signal and the information about the details of face1 encoded by ITM and ITF. The result is 

consistent with the result by Sugase et al. [4].  

    To examine the role of top-down signal from FRL to ITM and ITF layers, we eliminated the connection between 

ITB and FRL. The elimination prohibits the generation of top-down signal, resulting in a delay response of FRL neuron 

to face 1 stimulus, as shown in Fig. 7b. This indicates that the top-down signal from FRL to ITM and ITF is required for 

the fast discrimination of face. ITB sends broad but fast  

 
Fig.7. Raster plots of the firing of FRL neurons tuned to face 0 and face 1. The plots are shown in the presence (a) and 

absence (b) of the connection between FRL and ITB.  

 

information about face stimulus to FRL, sending a top down signal from FRL to ITF and ITM and giving the 

information about possible faces. Then the refinement of the relevant face is made by the combination of the top-down 

signal and the feedforward signals received by ITM and ITF neurons. 

 

 

4. Conclusion 

 
In the present study, we have presented a model of IT cortex, which performs face perception via an interaction between 

the three IT layers and FRL. The spike synchrony, induced by the learning due to coincident spiking, is needed to make 

the functional connection between the IT layers and FRL. After the learning, the information about a whole face and its 

parts are combined by the synchronous firing of the IT neurons. Furthermore, “global-to-local” processing of face 

information could be mediated by the top-down signal from FRL to ITM and ITF layers, elicited by the fast 

feedforward signal from ITB to FRL. Further studies are required to understand the mechanism underlying efficient 

processing of information about various faces in IT cortex.     
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Abstract. This paper proposes a novel Probabilistic Evolving Spiking Neural Network (PESNN) based on Kasabov’s 

Probabilistic Neuron Model. The features, connections and parameters are optimized using Dynamic Quantum-

inspired Particle Swarm Optimization (DQiPSO). The features and connections are modeled as a quantum bit vector 

while the parameter values are presented as real numbers. An improved search strategy is also being introduced to 

probe the most relevant features and eliminate irrelevant ones. The proposed method is evaluated using a synthetic 

dataset for classification problems. The results show that the proposed method is promising, with better accuracy and 

capability to identify the most significant features while obtaining the best combination of PESNN’s connections and 

parameters.  

Keywords: Spiking neural network, quantum probability, particle swarm, evolutionary algorithm, feature selection, 

parameter optimization. 

1   Introduction 

Kasabov [1] recently introduced the probabilistic concept to the spiking neuron models to simulate biological neurons 

and also to enhance model capability. This paper introduces the extended version of the Evolving Spiking Neural 

Network (ESNN) proposed in [2] embedding Kasabov’s Probabilistic Neuron Model (PNM), and named the 

Probabilistic Evolving Spiking Neural Network (PESNN). The major problem in ESNN is the large number of pre-

synaptic neurons needed for each input feature. However, by introducing probability into the ESNN connections, it 

helps the network to identify which pre-synaptic neurons are needed for the learning task. This is because the selected 

connections represent particular pre-synaptic neurons. If the PESNN can produce better results than ESNN, it shows 

that not all connections are needed. Thus, selecting certain connections and firing time not only leads to a better result 

but also demonstrates the learning process involved in the selection of connections. 

In order to optimize the network, an optimizer is required which will be integrated with the PESNN. We have chosen 

Particle Swarm Optimization (PSO) due to its simplicity and effectiveness in optimization tasks. However, due to the 

incapability of conventional PSO to solve problems requiring probability computation, quantum computation is added 

to our proposed novel Dynamic Quantum-inspired Particle Swarm Optimization (DQiPSO) to solve connection, feature 

and parameter optimization problems.  Feature selection is considered in this study for its importance as a pre-

processing tool of the classification task. Fewer significant features could help reduce processing time and produce 

better classification. Blum and Langley [3] have classified feature selection techniques into three basic approaches; the 

Embedded approach [4] adds or removes features in response to prediction errors on new instances; the Filter approach 

[5] as a pre-processing method and the Wrapper approach [6] uses the learning algorithm to evaluate the features. 

Whereas, a feasible combination of PESNN parameters would influence the performance of the network in order to find 

a better result.  Parameter optimization is vital and much research has been conducted on this [7]. Therefore, we are 

proposing an integrated structure, in which the PESNN connections, features and parameters are optimized 

simultaneously for better optimization. 

This paper is organized as follows; Section 2 discusses the proposed PESNN model and Section 3 provides an 

introduction to DQiPSO. Section 4 gives details of the proposed integrated method and the experimental results. 

Finally, Section 5 concludes the study with directions for future work. 

2   Probabilistic Evolving Spiking Neural Networks 

Hopfield [8] presented a model of spiking neurons in 1995. Since then, there have been several enhancements and 

variants to the spiking neuron models. The architecture of PESNN is derived from ESNN, consisting of an encoding 

method for real value data to spike time, network model and learning method.  
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The implementation of information encoding methods is based on Population Encoding as proposed in [9], where a 

single input value is encoded to multiple pre-synaptic neurons of M . Each neuron represents a certain spike of firing 

time. The firing time of a pre-synaptic neuron is calculated using the intersection of the Gaussian function. The 

Gaussian centre is calculated using Equation (1) and the width is computed using Equation (2) with the variable interval 

of ],[ maxmin II  and parameter   controls the width. 

).2/()(*2/)3*2( minmaxmin  MIIiI  (1) 

.21)2/()(/1 minmax   whereMII
 

(2) 

There are three probabilities in the PNM. The first probability is the probability that a spike is emitted by pre-

synaptic neurons where there is a spike transmission if the connection exists. The second probability is the transmitted 

spike will be used for a Post-Synaptic Potential (PSP) calculation. The final probability is the probability parameter for 

the output neuron to emit an output spike once the total PSP has reached the PSP threshold. However, in this study, we 

only apply the first probability to Thorpe’s neuron model [10] in the PESNN. The main idea is to get the best 

connections for the network that can be used to identify how many and which pre-synaptic neurons and firing time are 

needed. By selecting a different connection arrangement, a different firing time will be generated for the pre-synaptic 

neurons and might give a different output as shown in Figure 1. Thorpe’s model has been selected because of its 

effectiveness and simplicity. The fundamental concept of this model is that the earlier spikes received by a neuron, have 

a stronger weight compared with later spikes. Once the neuron reaches a certain amount of spikes and the PSP exceeds 

the threshold value, it fires and becomes disabled. The neuron in this model can only fire once. The computation of PSP 

of neuron i is given in Equation (3), 
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with 
jiw  being the weight of pre-synaptic neuron j ; 

iMod  being a parameter called modulation factor with an interval 

of [0,1] and  )( jorder  representing the rank of spike emitted by the neuron. The )( jorder  starts with 0 if it spikes first 

amongst all pre-synaptic neurons and it increases according to firing time. For the ESNN’s One-pass learning 

algorithm, each training sample creates a new output neuron. The trained threshold value and the weight pattern for that 

particular sample are stored in the neuron repository. However, if the weight pattern of the trained neuron greatly 

resembles a neuron in the repository, it will merge into the most similar one. The merging process involves modifying 

the weight pattern and the threshold to the average value. Otherwise, it will be added as a newly trained neuron to the 

repository. The major advantage of ESNN is the ability of the trained network to produce new samples without 

retraining. More details on ESNN can be found in [2] and [11] where a detailed ESNN learning algorithm is described 

in [11]. 

 

 

Fig. 1. PESNN Structure. 

 

3   Dynamic Quantum-inspired Particle Swarm Optimization 

The Particle Swarm Optimization (PSO) is a population-based optimization technique, developed by Eberhart and 

Kennedy in 1995 [12]. However, conventional PSO is insufficient for problems requiring probability computation, such 

as feature and connection selection. Hence, quantum principles have been embedded into PSO as a mechanism for 

probability calculation.  This is known as Quantum-inspired Particle Swarm Optimization (QiPSO), as proposed in [13].  

We propose DQiPSO as a model optimizer, which is based on QiPSO and our previous method in [14]. We found 

that there is a possibility of missing the optimal ESNN parameter value when using only binary QiPSO. As the 
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information is represented in binary structure, the conversion from binary to real value will lead to such problems, 

especially if the selected number of qubits representing the parameter value is insufficient. To overcome this problem, a 

combination of QiPSO and conventional PSO is proposed. The DQiPSO particle is divided into three parts; the first two 

parts use quantum probability computation for feature and connection selection and the last part holds the real value for 

parameters as shown in Figure 2. This method not only effectively solves this problem, but also eliminates one 

parameter which hold number of qubits representing the parameter value. 

In addition, the search strategy of QiPSO is based on random selection at the beginning of the process. Each particle 

will update itself based on the best solution subsequently found. A major problem with this approach is the possibility 

of not selecting the relevant features at the beginning; other particles in the entire process are thus affected. This is due 

to each particle updating its information without relevant features. Therefore, a new strategy is proposed, in which five 

types of particles in the DQiPSO are considered. Apart from the normal particle, referred to as the Update Particle, 

which renews itself based on pbest and gbest information, four new types of particles are added to the swarm.  The first 

type is the Random Particle, which will randomly generate new sets of features, connections and parameters in every 

iteration to increase the robustness of the search. The second particle type is the Filter Particle, which selects one feature 

at a time and feeds it to the network and calculates the fitness value. This process is repeated for each feature. Any 

features with above average fitness will be considered as relevant. The aim of this method is for linear separation 

problems. The third particle type is the Embed In Particle, in which input features are added to the network one by one. 

If the newly added feature improves fitness, it will be considered a relevant feature. Otherwise, the feature will be 

removed. The final particle type is the Embed Out Particle, which starts the identification process with all features fed 

to the network to get the initial fitness value. These features are gradually removed one by one. If removing a feature 

causes the decrement of the fitness value, then this feature will be considered relevant and hence will be kept. 

Otherwise, the feature will be considered irrelevant and removed. 

The main idea behind Filter, Embed In and Embed Out particles is to identify the relevancy of each feature and 

reduce the number of candidates until a small subset remains. For subsequent iterations, features considered relevant 

will be selected randomly to find the best combination of significant features. This strategy helps to solve problem of 

unevaluated relevant features, while reducing search space and facilitating the optimizer in finding relevant features 

faster.  Similar to standard PSO in regard to updating particles, if new particle found to be the best solution, then it will 

be stored as a gbest.  In this scenario, some improvements have also been proposed for the update strategy. This 

includes replacing the gbest particle with a new particle where the fitness value is higher or equivalent, but with a lower 

number of selected features or connections.  Due to the robust search space provided by DQiPSO, fewer particles are 

needed to perform the optimization tasks; hence, less processing time can be achieved. 

4   Experimental Results and Analysis 

From the well-known wrapper approach, DQiPSO interacts with an induction method; in this case the PESNN, 

optimizes the PESNN parameters; Modulation Factor (Mod), Proportion Factor (C) and Similarity (Sim) as well as 

identification of the most relevant features and the best connection structure. All particles are initialized with a random 

value and subsequently interact with each other based on classification accuracy. The information for the feature and 

connection probability computations is stored in a string of qubits.  In this case, the collapse value 1 represents the 

feature or connection selected, otherwise value 0. The proposed integrated method of      PESNN-DQiPSO is shown in 

Figure 2. 
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Fig. 2. An integrated framework of PESNN-DQiPSO. 

This method was tested on a Two Spirals problem, well known to be a difficult non-linear separation problem 

introduced in [15]. In order to evaluate the performance of the feature selection task, the two relevant data were copied 

with some Gaussian noise added to the original data, referred to as redundant data. The dataset consists of 20 features; 

two relevant features, 14 redundant features with a Gaussian noise level from 0.2-0.8 and four random features with 

values between [0,1]. An explanation of the generation of the data can be found in detail in [11]. The features were 

arranged in random order as depicted in Figure 3. Five hundred samples equally distributed into two classes were 

generated. For the DQiPSO, 18 particles consisting of; six Update, three Filter, three Random, three Embed In and three 

Embed Out were used. For the QiPSO, 20 particles were used, the parameter C1 and C2 were set to 0.05 which provided 

a balanced exploration between gbest and pbest and an inertia weight of w = 2.0.  The proposed method was applied to 

the dataset and then compared to the ESNN with DQiPSO and our previous method [14]. 10 fold cross validation was 

used and the average result was computed in 1000 iterations. 

The dataset was tested first on PESNN-DQiPSO with 30 initial pre-synaptic neurons. The results show that the 

number of selected connections is steady at around 15 with the final average result being 15.5. This is a 50% reduction 

from the original size, with a classification accuracy of 99.41%. Based on this result, the dataset is further tested on 

ESNN-DQiPSO and ESNN-QiPSO using 16 pre-synaptic neurons. From the experiments, we obtained average 

classification accuracy for ESNN-DQiPSO of 96.32% and ESNN-QiPSO, 93.71%. The testing results for PESNN-

DQiPSO, ESNN-DQiPSO and ESNN-QiPSO are 96.42%, 92.43% and 78.31% respectively.  It can be concluded that 

by using all connections, it does not give ESNN better accuracy. To achieve better results, ESNN must use more pre-

synaptic neurons which require greater computation time. On the other hand, all parameters evolve steadily towards a 

certain optimal value, with the selected relevant features and the best connection structure leads to better classification 

accuracy as shown in Figure 4. 

 

 

Fig. 3. a) Evolution of feature selection and b) Feature ranking. 
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Based on our previous experiments, we found the accuracy of the algorithm without feature optimization is low 

compared to the algorithm with feature optimization. Therefore, this study only considers comparison between the 

algorithms with feature optimization. All features have been ranked based on the number of feature selected from 10 

runs to determine their relevancy. For PESNN-DQiPSO, the most relevant features are found in Feature 2, Feature 9, 

Feature 18 and Feature 13. While for ESNN-DQiPSO, the most relevant features were found to be Feature 2 and 

Feature 18 and followed by Feature 9 and Feature 13. Other features for both algorithms were only occasionally 

selected and can be considered irrelevant. The original data and the redundant features with Gaussian noise of 0.2 and 

0.3 can be considered relevant as these features contain information that can distinguish the output class. DQiPSO 

embeds to the PESNN and ESNN managed to select most of the relevant features, especially those original features 

which contain the salient information. For QiPSO in ESNN, the most relevant features were found to be Feature 2, 

followed by Feature 1, Feature 7, Feature 10, Feature 13, Feature 20 and Feature 19. Feature 19 and Feature 20 which 

contains no information, is also considered relevant by QiPSO. Even though the classification accuracy for ESNN-

QiPSO is above 93%, irrelevant features being selected does effect the result and giving the lowest training and testing 

accuracy. 

 

 

Fig. 4. a) Classification accuracy, b) Average number of selected connections and c) PESNN parameter optimization. 

5   Conclusion and Future Work 

This paper presents a novel PESNN using DQiPSO as the model’s optimizer. From the experiment conducted, the 

proposed method has demonstrated promising outputs and is worthy for further exploration. The results have shown that 

DQiPSO is able to identify relevant features, recognize a suitable number of connections and optimize all parameters 

which contribute to better accuracy when compared with QiPSO. For future work, we will focus on testing the proposed 

method on a real world problem and compare it with other classification algorithms, such as the Multi-Layer Perceptron 

(MLP). 
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Abstract. Ca imaging techniques are used for various physiological purposes. Recently, several statistical
calibration methods have been proposed to quantify Ca2+ concentrations from the fluorescence signals in
Ca images. These methods share a common problem: parametric indefiniteness. In this study, to resolve
the indefiniteness, we extend a state-space model by giving it a hierarchical Bayesian structure for describ-
ing parameter generation processes. We implemented this model with the particle filter and verified its
effectiveness by applying it to artificial and real fluorescence signals.

Keywords: Ca dynamics, Ca imaging, State-space method, Particle filter, Hierarchical Bayesian model.

1 Introduction

Intracellular calcium ions (Ca2+) are critically important for cellular mechanisms operating on different levels
(e.g., signal transduction, excitability, and cell death). In particular, Ca2+ is related to the electrical excitability
of neurons, and thus, many neuroscientists have an interest in using Ca2+ signals as a measure of neuronal
electrical activity.

Ca imaging techniques enable us to measure the temporal variation in the intracellular Ca2+ concentration.
However, the data in images are only the fluorescence intensities of Ca2+ indicator dye, which is indirect
information about the Ca2+ concentrations. To quantitatively estimate the Ca2+ concentration, we have to
calibrate Ca2+ fluorescence data by utilizing the calibration equation (Eq. (6) in [2]). In particular, we need
values of two parameters: Fmin and Fmax, which respectively indicate the fluorescence intensities when the dye
is completely bound to Ca2+ and completely unbound to Ca2+. To get these values, we have to carry out
extra experiments. Moreover, if the Ca2+ concentration is calculated from saturated fluorescence signals, noise
superimposed on the signals will be strongly amplified.

To address these problems, several research groups have attempted to develop statistical methods to estimate
the Ca2+ concentration and the two calibration parameters from a single sample of fluorescence signals without
extra experiments. Joucla et al. (2010) found that the calibration parameters could not be estimated from only
a single sample, and they addressed this indefiniteness of parameters by introducing a constraint condition (Eq.
(13) in [4]). However, this method can only estimate an exponentially decaying Ca2+ concentration; that is,
it cannot estimate the complex time evolution of the Ca2+ concentration. Vogelstein et al. (2009) proposed
statistical algorithms based on state-space method for estimating the sodium spike occurring and relative Ca2+

concentration [3]. Because the fluorescence observation model in their framework is equivalent to that of Joucla
et al. (2010), their method suffers from the same indefiniteness of calibration parameters.

In this study, we pursued two major goals: (i) developing a calibration method that would enable us to
estimate the complex time course of the Ca2+ dynamics and (ii) finding a means of resolving for indefiniteness
of the model parameters. For these purposes, we used the simplest state-space model for describing Ca2+

fluorescence signals, i.e., one which has the minimum number of parameters. We extended this statistical model
by introducing a hyper prior in order to give it a hierarchical Bayesian structure.

We verify the estimation method in numerical simulations with artificial fluorescence. Furthermore, we
applied it to Ca imaging data of a rat hippocampal CA1 pyramidal neuron.
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2 Methods

2.1 Modeling of Ca2+ Fluorescence Time Series

The data sets we focused on are single time series called fluorescence intensities of Ca imaging data. We
developed a simple state-space model for generating Ca2+ fluorescence intensities with the minimum number
of model parameters, covering Ca dynamics, Dye reaction, Fluorescence emission and CCD camera
noise processes.
Ca dynamics: For simplicity, we focused on only the temporal variation of the free Ca2+ concentration and
ignored physiological details about the Ca2+ dynamics (i.e., in- or efflux and intrinsically buffering). The Ca2+

dynamics is described by a first-order trend model:

Cn+1 = Cn + γun, (1)

where Cn represents the free Ca2+ concentration (µM), un denotes white Gaussian noise satisfying 〈un〉 = 0,
〈unun,〉 = δnn′ (δij is the Kronecker delta, δij = 1, if i = j, δij = 0, if i 6= j), and γ scales the noise. In what
follows, the index n represents a discrete time.
Dye reaction: Assuming that the reaction of Ca2+ and Ca2+ indicator dye is in chemical equilibrium, we can
describe the following relational expression for the dye reaction according to the law of mass action :

Dn =
Dtot

Cn/Kd + 1
, (2)

where Dn represents the free Ca2+ indicator concentration, Dtot denotes the total intracellular dye concentration,
and Kd is the dissociation constant of the dye. The units are all µM.
Fluorescence emission: Cells stained by the Ca2+ indicator emit fluorescence as a results of exposure to the
the excitation light. According to Grynkiewicz et al. (1985), the fluorescence emission is proportional to the
concentrations of free indicator and calcium complex [2]. Additionally, the fluorescence detector (i.e., the CCD
camera) receives bias signals from itself as well as autofluorescence from the observed tissue. We can model the
fluorescence intensity, Fn, as:

Fn = SfDn + Sb(Dtot −Dn) + Fb, (3)

where Sf and Sb represent the coefficients transforming concentrations of Ca2+-free dye and Ca2+-bound dye,
respectively. Fb denotes the base-fluorescence including the bias signals and autofluorescence mentioned above.
Note that (Dtot −Dn) corresponds to the Ca2+-bound dye concentration.
CCD camera noise: The data samples are affected by CCD camera noise. We assumed that there would be
Poissonian photon-shot noise within a CCD pixel and subsequent Gaussian readout noise within the electron-
to-voltage conversion readout amplifier, as described previously [4]. We approximated these CCD noises with
the following Gaussian process:

P (yn|Fn) =
1√

2πG2(σ2 + Fn)
exp

(
− (yn −GFn)2

2G2(σ2 + Fn)

)
, (4)

where yn represents the data sample that is finally obtained, G represents the gain of the readout amplifier, and
σ2 is the variance of the Gaussian readout noise. G and σ can be directly calculated from experimental data.

2.2 State-Space Representation

Equation (1) denotes the system equation in the state-space representation. We can obtain the observation
equation from Eqs. (2-4) as follows:

yn = G

(
A

Cn/Kd + 1
+ B

)
+ G

√
σ2 +

(
A

Cn/Kd + 1
+ B

)
vn, (5)

where A = Dtot(Sf − Sb) and B = DtotSb + Fb are model parameters, and vn denotes white Gaussian noise.
Equations (1) and (5) determine the following state transition probability density that describes the stochas-

tic changes in the Ca2+ concentration and the probability density describing the observation equation:

P (Cn+1|Cn, θsys) =
1√
2πγ2

exp
(
− (Cn+1 − Cn)2

2γ2

)
, (6)

P (yn|Cn, θobs) =
1√

2πG2
(
σ2 + A

Cn/Kd+1 + B
)

× exp


−

(
yn −G

(
σ2 + A

Cn/Kd+1 + B
))2

2G2
(
σ2 + A

Cn/Kd+1 + B
)


 , (7)
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where θsys and θobs represent model parameters θsys = {γ} and θobs = {A,B}, respectively.

2.3 Marginal Posterior Probability Density

As mentioned in the Results, we cannot uniquely determine model parameters by maximizing the marginal
likelihood. To overcome the indefiniteness of the model parameters θsys and θobs, we take the hierarchical
Bayesian modeling approach and introduce hyper priors for them:

P (θsys), P (θobs). (8)

The marginal posterior probability density for the parameters is

P (θsys, θobs|YT ) ∝
∫

dCT · · ·
∫

dC0

×
T−1∏
n=0

P (Cn+1|Cn, θsys)P (C0)
T∏

n=1

P (yn|Cn, θobs)P (θsys)P (θobs), (9)

where YT denotes the observation data set, YT = {yT , · · · , y1}. By applying the recursive update rule of belief
propagation, we can carry out the marginalization in Eq. (9). We implemented this update rule in the particle
filter and obtained the posterior probability density of the model parameters, θsys and θobs, with the resampling
method [5]. We estimate model parameters, θ̂sys and θ̂obs, by maximizing the posterior probability density.

On the other hand, the state variable, Cn, can be estimated by performing the marginalization with
{θ̂sys, θ̂obs}:

P (Ct|YT ) ∝
∫

dCT · · ·
∫

dCt+1

∫
dCt−1 · · ·

∫
dC0

×
T−1∏
n=0

P (Cn+1|Cn, θ̂sys)P (C0)
T∏

n=1

P (yn|Cn, θ̂obs). (10)

We implemented this marginalization in the particle filter and obtained estimates of {Ĉ0, · · · , ĈT } by maximizing
the numerically calculated posterior.
Hyper prior: We give forms of the hyper priors Eq. (8) as the following probability densities. We do have not
any previous knowledge about γ. Therefore, we decided to use a uniform distribution as a hyper prior P (θsys).
On the other hand, it has been reported that the resting Ca2+ concentration is about 0.1 µM [6], and we can
measure the fluorescence intensity in the resting state. Thus, we obtained the following conditional probability
density relating A to B:

P (B|A, yrest, Crest) =
1√

2π(σ2 + yrest/G)

× exp


−

(
B + A

Crest/Kd+1 − yrest/G
)2

2 (σ2 + yrest/G)


 , (11)

where Crest denotes the resting Ca2+ concentration, and yrest is the resting fluorescence intensity.
We used the hyper prior P (θobs) = P (B|A, yrest, Crest)P (A)P (Crest) based on this conditional probability

density. P (A) and P (Crest) were chosen to be a uniform distribution and normal distribution with mean of 0.1
µM and variance of κ2, N (0.1, κ2).

3 Results

We estimated the model parameters and Ca2+ concentrations from (i) artificial and (ii) physiological Ca2+

fluorescence intensities.

3.1 Estimations with Artificial Data

We composed the artificial Ca2+ concentrations (time step size ∆t = 28 ms, total sample size T = 200) by
using an α-function with additive white Gaussian noise (see True in Fig. 2 A). By inserting this artificial Ca2+

concentration into the observation model, Eq. (5), we generated artificial fluorescence intensity data (see Fluo
in Fig. 2 A). We examined a case of Kd : Kd = 0.345 µM corresponding to the Ca2+ indicator Fluo-4. The
following parameters were used: A = −2400, B = 4300, G = 1, σ = 0.1 and κ = 0.03.

First, we numerically calculated the log marginal likelihood as a function of {γ, A,B} without hyper priors
(using the artificial data shown in Fig. 2 A Fluo). Figure 1 shows the result is the form of contour maps.
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Fig. 1. Landscape of the log marginal likelihood in the parameter space {γ, A, B} without hyper priors. Left and right
panels show the log marginal likelihoods as a function of two parameters (γ, A) and (A, B), respectively. The points
marked with open circles denote the 1st to 5th maximum points of the log marginal likelihood. The most maximum
point is {γ̂, Â, B̂} = {0.065,−2800,−4400}, whereas the true parameters marked with M is {A, B} = {−2400, 4300}. The
dashed line denotes the mean of the hyper prior, Eq. (11). Note that we cannot identify the true value of γ, because it
is a hyper parameter.

For visualization, the log marginal likelihood in the three-dimensional parameter space was mapped to two-
dimensional space by fixing one parameter to its optimal value. This figure reveals a difficulty in determining
the optimal solution. There is a possibility that the maximum point of the log marginal likelihood without hyper
priors widely varies depending on sampled data as a result of the flat landscape of the log marginal likelihood.

Next, we estimated the model parameters and Ca2+ concentrations (Fig. 2). Figures 2 B-1, B-3 and B-5
show the initial particles of parameters generated by the hyper priors, and Figs. 2 B-2, B-4 and B-6 show
resampled particles representing the posterior defined in Eq. (9). The parameters that form an accumulation
point for the largest number of particles were {γ̂, Â, B̂, Ĉrest} = {0.065,−2704.2, 4422.7, 0.108}. Fig. 2 C shows
Ca2+ concentrations estimated from {γ̂, Â, B̂, Ĉrest}.

3.2 Estimations with Experimental Data

We also examined physiological experimental data. We used Ca imaging data of a single action potential-evoked
Ca2+ transient in a CA1 pyramidal neuron of an in vitro Wistar rat hippocampal slice preparation loaded
with Fluo-4 100 µM. Kd was set to Kd = 0.345 µM. The sampling interval of this data was ∆t = 28 ms, and
the total sample size was T = 250. We extracted a single time series from one pixel located at the soma of
the neuron within the imaging data (Fluo in Fig. 3 A). The parameters of CCD camera, {G, σ}, were set to
{G, σ} = {3.142, 8.095}, which were directly obtained from the data.

We estimated the model parameters and Ca2+ concentrations from the real fluorescence intensities, as shown
in Fig. 3. The variation of the Ca2+ transient elicited by a single action potential of CA1 neurons loaded with
200 µM Fura2 is reported to be 151± 19 nM [1]. Our result was 171.23 nM from Ĉrest to the peak of the Ca2+

transient, which is close to the previously reported value.

4 Discussion

We constructed the simplest state-space model describing Ca2+ fluorescence signals, i.e., one with only three
model parameters. Despite its simplicity, the model parameters are nonetheless indefinite, as Fig. 1 shows. This
is because the model outputs an identical fluorescence intensity if A/(Cn/Kd + 1) + B = constant in Eq. (5).
Thus, we cannot uniquely determine A, B and Cn from the fluorescence intensity.

To deal with this problem, we assumed a resting state Ca2+ concentration and introduced a hyper prior that
would relate B to A. The hyper prior restricts the parameter space to the dashed line in the right panel of Fig.
2. Note that B − Fb and A + B − Fb correspond to Fmin and Fmax, respectively; thereby it became possible to
estimate the calibration parameters from a single sample data.

The problem with the present study is that there are no solid reasons for the selection of the hyper prior of
Crest. Previous reports stated that the resting state Ca2+ concentration might be around 0.1 µM [6]. Recently,
we devised a protocol for perturbative experiments to determine Crest. In the future, we will perform this
physiological experiment.
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Abstract. In this paper is shown how an Izhikevich neuron can be applied to solve different linear and non-
linear pattern recognition problems. Given a set of input patterns belonging to K classes, each input pattern
is transformed into an input signal, then the Izhikevich neuron is stimulated during T ms and finally the
firing rate is computed. After adjusting the synaptic weights of the neural model, input patterns belonging
to the same class will generate almost the same firing rate and input patterns belonging to different classes
will generate firing rates different enough to discriminate among the different classes. At last, a comparison
between a feed-forward neural network and the Izhikevich neural model is presented when they are applied to
solve non-linear and real object recognition problems.

1 Introduction

Spiking neuron models have been called the 3rd generation of artificial neural networks [2]. These models increase
the level of realism in a neural simulation and incorporate the concept of time. Spiking models have been applied in
a wide range of areas from the field of computational neurosciences [3] such as: brain region modeling [4], auditory
processing [5, 6], visual processing [7, 8], robotics [9, 10] and so on.

In this paper is shown how an Izhikevich neuron [11–13] can be applied to solve different linear and non-
linear pattern recognition problems. Given a set of input patterns belonging to K classes, each input pattern is
transformed into an input signal, then the spiking neuron is stimulated during T ms and finally the firing rate is
computed. After adjusting the synaptic weights of the neuron model, we expect that input patterns belonging to the
same class generate almost the same firing rate; on the other hand, we also expect that input patterns belonging
to different classes generate firing rates different enough to discriminate among the different classes. Finally, a
comparison against a feed-forward neural network trained with the well-known backpropagation and Levenberg-
Marquartd algorithms, and the proposed method is presented when they are applied to solve non-linear and real
object recognition problems.

2 Izhikevich Neuron Model

A typical spiking neuron can be divided into three functionally distinct parts, called dendrites, soma, and axon.
The dendrites play the role of the input device that collects signals from other neurons and transmits them to the
soma. The soma is the central processing unit that performs an important non-linear processing step: if the total
input exceeds a certain threshold, then an output signal is generated. The output signal is taken over by the output
device, the axon, which delivers the signal (spike train) to other neurons.

Since all spikes of a given neuron look alike, the form of the action potential does not carry any information.
Rather, it is the number and the timing of spikes which matter.

The Izhikevich model

Cv̇ = k (v − vr) (v − vt)− u + I ifv ≥ vpeakthen
u̇ = a {b (v − vr)− u} v ← c, u ← u + d

(1)

has only nine dimensionless parameters. Depending on the values of a and b, it can be an integrator or a resonator.
The parameters c and d do not affect steady-state sub-threshold behavior. Instead, they take into account the
action of high-threshold voltage-gated currents activated during the spike, and affect only the after-spike transient
behavior. v is the membrane potential, u is the recovery current, C is the membrane capacitance, vr is the resting
membrane potential, and vt is the instantaneous threshold potential [13].

The parameters k and b can be found when one knows the neuron’s rheobase and input resistance. The sign of b
determines whether u is an amplifying (b < 0) or a resonant (b > 0) variable. The recovery time constant is a. The
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spike cutoff value is vpeak , and the voltage reset value is c. The parameter d describes the total amount of outward
minus inward currents activated during the spike and affecting the after-spike behavior.

Various choices of the parameters result in various intrinsic firing patterns including [11]: RS (regular spiking)
neurons are the most typical neurons in the cortex; IB (intrinsically bursting) neurons fire a stereotypical burst of
spikes followed by repetitive single spikes; CH (chattering) neurons can fire stereotypical bursts of closely spaced
spikes; FS (fast spiking) neurons can fire periodic trains of action potentials with extremely high frequency practically
without any adaptation(slowing down); and LTS (low-threshold spiking) neurons can also fire high-frequency trains
of action potentials, but with a noticeable spike frequency adaptation.

3 Proposed method

Before describing the proposed method applied to solve pattern recognition problems, it is important to notice that
when the input current signal changes, the response of the Izhikevich neuron also changes, generating different firing
rates.

The firing rate is computed as the number of spikes generated in an interval of duration T divided by T . The
neuron is stimulated during T ms with an input signal and fires when its membrane potential reaches a specific
value generating an action potential (spike) or a train of spikes.

Let D=
{
xi, k

}p

i=1
be a set of p input patterns where k = 1, . . . , K is the class to which xi ∈ IRn belongs. First

of all, each input pattern is transformed into an input signal I, after that the spiking neuron is stimulated using
I during T ms and then the firing rate of the neuron is computed. With this information, the average firing rate
AFR ∈ IRK of each class can be computed.

During training phase, the synaptic weights of the model, which are directly connected to the input pattern, are
adjusted by means of a differential evolution algorithm.

At last, the class of an input pattern x̃ is determined by means of the firing rates as

cl = arg
K

min
k=1

(|AFRk − fr|) (2)

where fr is the firing rate generated by the neuron model stimulated with the input pattern x̃.
Izhikevhic neuron model is not directly stimulated with the input pattern xi ∈ IRn, but with an injection current

I. Since synaptic weights of the model are directly connected to the input pattern xi ∈ IRn, the injection current
generated with this input pattern can be computed as

I = γ · x ·w (3)

where wi ∈ IRn is the set of synaptic weights of the neuron model and γ = 100 is a gaining factor which guarantees
that the neuron will fire.

3.1 Adjusting synapses of the neuron model

Synapses of the neuron model w are adjusted by means of a differential evolution algorithm. Evolutionary algorithms
not only have been used to design artificial neural networks [1], but also to evolve structure-function mapping in
cognitive neuroscience [14] and compartmental neuron models [15].

Differential evolution (DE) is a powerful and efficient technique for optimizing non-linear and non-differentiable
continuous space functions [16]. DE has a lower tendency to converge to local maxima with respect to the conven-
tional genetic algorithm, because it simulates a simultaneous search in different areas of solution space. Moreover,
it evolves populations with a smaller number of individuals and have a lower computation cost.

DE begins by generating a random population of candidate solutions in the form of numerical vectors. The first
of these vectors is selected as the target vector. Next, differential evolution builds a trial vector by executing the
following sequence of steps:

1. Randomly select two vectors from the current generation.

2. Use these two vectors to compute a difference vector.

3. Multiply the difference vector by weighting factor F.

4. Form the new trial vector by adding the weighted difference vector to a third vector randomly selected from

the current population.
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The trial vector replaces the target vector in the next generation if and only if the trial vector represents a
better solution, as indicated by its measured cost value computed with a fitness function. DE repeats this process
for each of the remaining vectors in the current generation. Then, it replaces the current generation with the next
generation, and continues the evolutionary process over many generations.

In order to find the set of synaptic weights, which maximize the accuracy of the Izhikevich neural model during
a pattern recognition task, the next fitness function was proposed

f(w, D) = 1− performance(w, D) (4)

where w are the synapses of the model, D is the set of input patterns and performance(w, D) is a function which
computes the classification rate given by the number of patterns correctly classified divided by the number of tested
patterns.

4 Experimental results

To evaluate the accuracy of the proposed method, several experiments using three datasets were performed. Two
of them were taken from the UCI machine learning benchmark repository [17]: iris plant and wine datasets. The
other one was generated from a real object recognition problem.

The iris plant dataset is composed of three classes and each input pattern is composed of four features. The
wine dataset is composed of three classes and each input pattern is composed of 13 features. For the case of the real
object recognition problem, a dataset was generated from a set of 100 images which contains five different objects
whose images are shown in Fig. 1 [18]. Objects were not recognized directly from their images, but by an invariant
description of each object. Several images of each object in different positions, rotations and scale changes were
used. To each image of each object, a standard thresholder [19] was applied to get its binary version. Small spurious
regions were eliminated from each image by means of a size filter [20]. Finally, the seven well-known Hu moments
invariant, to translations, rotations and scale changes [21], were computed to build the object recognition dataset.

(a) (b) (c) (d) (e) (f)

Fig. 1. (a)-(c) Some of the images used to train the proposed method. (d)-(f) Some of the images used to test the proposed
method.

The parameters for the Izhikevich neuron were defined as C = 100, vr = −60, vt = −40, vpeak = 35, k = 0.7,
a = 0.03, b = −2, c = −50, and d = 100. The Euler method was used to solve the differential equation of the
model with dt = 1. The parameter to compute input current I from the input pattern was set to θ = 100 with a
duration of T = 1000. For the case of the differential evolution algorithm, NP = 40, MAXGEN = 1000, F = 0.9,
XMAX = 10, XMIN = −10 and CR = 0.8.

The classic back-propagation and Levenberg-Marquardt algorithms were used to train the feed-forward neural
network. The number of generations was set to 10000 and learning rate α = 0.01. Concerning to the architecture of
the feed-forward neural network, one hidden layer composed of 13 hyperbolic tangent neuron and an output layer
composed of linear neurons were used in all experiments. The stop criterion for the three algorithms was the number
of generations or the minimum error which was set to e = 0.

The accuracy (classification rate), achieved with the proposed method, was computed as the number of input
patterns correctly classified divided by the total number of tested input patterns. To validate the accuracy of the
proposed method 20 experiments over each dataset were performed. The same metric and number of experiments
was used to measure the accuracy of the feed-forward neural network trained with the two different algorithms.
Something important to notice is that in each experiment a new set of partitions over each dataset was generated
by means of the 5-fold-cross validation strategy.

The experimental results, obtained with the iris, wine and object recognition datasets, are shown in Fig 2, Fig
3 and Fig 4, respectively. As can be appreciated from these figures, the set of synaptic weights found with the DE
algorithm provokes that the Izhikevich neuron generates almost the same firing rate when it is stimulated with
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input patterns from the same class; in the contrary, the Izhikevich neuron generates firing rates different enough to
discriminate among the different classes when it is stimulated with input patterns which belong to different classes.

The average classification rate computed from all experimental results is shown in Table 1. The results obtained
with the spiking neuron model, trained with the proposed method, improve the results obtained with feed-forward
neural networks. Something that should be remarked is that while the feed-forward neural networks were composed
of more than 13 neurons, the proposed method only used one Izhikevich neuron.

On the other hand, we also compared the accuracy of the proposed method using the Izhikevich neuron against
the method described in [22] which uses a Leaky-Integrate-and-Fire (LIF) neuron. The accuracy of both models
was comparable; however, the results achieved with the Izhikevich model were slightly better.

These preliminary results suggest that spiking neurons can be considered as an alternative way to perform
different pattern recognition tasks.

200 300 400 500 600 700 800 900 1000
time (ms)

Spike raster for iris database

Fig. 2. Experimental results obtained with the iris plant dataset. Notice that three different firing rates which correspond to
three different classes can be observed.

200 300 400 500 600 700 800 900 1000
time (ms)

Spike raster for wine database

Fig. 3. Experimental results obtained with the wine dataset. Notice that three different firing rates which correspond to
three different classes can be observed.

We can also conjecture that if only one neuron is capable to solve pattern recognition problems, perhaps several
spiking neurons working together can improve the experimental results obtained in this research. However, that is
something that should be proved.

5 Conclusions

In this paper a new method to apply a spiking neuron in a pattern recognition task was proposed. This method is
based on the firing rates produced with an Izhikevich neuron when is stimulated. The firing rate is computed as
the number of spikes generated in an interval of duration T divided by T .

The training phase of the neuron model was done by means of a differential evolution algorithm. After training, we
observed that input patterns, which belong to the same class, generate almost the same firing rates (low standard
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200 300 400 500 600 700 800 900 1000
time (ms)

Spike raster for object recognition database

Fig. 4. Experimental results obtained with the object recognition dataset. Notice that five different firing rates which corre-
spond to five different classes can be observed.

deviation) and input patterns, which belong to different classes, generate firing rates different enough (average
spiking rate of each class widely separated) to be discriminate among the different classes.

Through several experiments, we observed that on the one hand the proposed method significantly improves
the results obtained with feed-forward neural networks; on the other hand, this methodology slightly improves the
results compared against those provides using a LIF neuron. Finally, we can conclude that spiking neurons can be
considered as an alternative tool to solve pattern recognition problems.

Nowadays, we are developing a methodology to calculate the maximum number of categories that the spiking
neuron can classify. Furthermore, we are researching different alternatives of combining several Izhikevich neurons in
one network to improve the results obtained in this research and then apply it in more complex pattern recognition
problems such as face, voice and 3D object recognition.

Table 1. Average accuracy provided by the methods using different databases.

Dataset Back-propagation Levenberg-Marquartd Proposed method Proposed method
algorithm algorithm using LIF using IZ

Tr. cr. Te. cr. Tr. cr. Te. cr. Tr. cr. Te. cr. Tr. cr. Te. cr.
Iris plant 0.8921 0.8383 0.8867 0.7663 0.9988 0.9458 1 0.9308

Wine 0.4244 0.3637 1 0.8616 0.9783 0.7780 0.9993 0.8319
Object rec. 0.4938 0.4125 0.6169 0.4675 0.8050 0.7919 1 0.9912

Tr. cr = Training classification rate, Te. cr. = Testing classification rate.
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Abstract. This paper uses a neural network methodology developed by Vanstone & Finnie[1] to develop a successful 
stockmarket trading system.  The approach is based on these same 4 fundamental variables used within the Aby et al. 
fundamental trading strategies [2, 3], and demonstrates the important role neural networks have to play within 
complex and noisy environments, such as that provided by the stockmarket. 

Keywords: Stockmarket trading; neural networks 

1 Introduction 

In essence, fundamental analysis provides a framework to decide whether a company’s stock represents a good 
investment.  It does this by attempting to assess the financial health of a company, with the expectation that if a 
company’s financial health is sound, then the company’s stock should make a good investment. To perform 
fundamental analysis, most practitioners study fundamental variables. These variables are the underlying metrics used 
to measure the company’s health.   

 
Aby et al. [2, 3] used four of these fundamental variables to create a stock trading filter rule.  This is a rule that can 

be used to decide when to buy/sell stocks based on strict values for these four fundamental variables.  Vanstone et al. 
[4] benchmarked this filter rule, and found that it was too restrictive in the Australian market.  Although the logic 
behind using these four fundamental variables was sound, the strict cutoff values which worked well for Aby et al. in 
the US were not suited to the Australian marketplace.  A further issue with the stocks selected by the Aby filter is that 
those stocks are not highly liquid, that is, they are not heavily traded, and they are generally in the lower capitalization 
part of the market.  The objective of this paper, then, is to develop a neural network based on the four fundamental 
variables, which can be used successfully within a highly traded stock universe, such as the ASX200. 

 
In previous works, Vanstone and Finnie [1] presented a methodology that can be used to create stockmarket trading 

strategies, with and without soft computing  (see also [5, 6]).  In this paper, they demonstrate the use of their 
methodology to create an effective neural trading system based on the four fundamental variables used by the Aby 
filter. 

 
The initial Aby filter strategy and the ANN enhanced trading strategy are comprehensively benchmarked both in-

sample and out-of-sample, and the superiority of the resulting ANN enhanced system is demonstrated. The overall 
methodology used to create ANN-based stockmarket trading systems is described in detail in ‘An empirical 
methodology for developing stockmarket trading systems using artificial neural networks’ by Vanstone and Finnie [1], 
and this methodology is referred to in this paper as ‘the empirical methodology’. 

2 Review of Literature 

The four fundamental variables used by Aby et al. are P/E, Book Value, ROE, and Dividend Payout Ratio. The 
variables are used in a filter rule which buys stocks under the following conditions: 

 
1. PE < 10 
2. Market Price < Book Value  
3. ROE > 12 
4. Dividend Payout Ratio < 25% 
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The stock is held until the four conditions no longer apply, upon which condition it is then sold. 
 
The four fundamental variables used by Aby et al. are not new.  Each of the individual variables has a long history in 

academic research.  As well as the early work of Benjamin Graham (well documented by Lowe [7, 8]), Basu [9] 
investigated whether stocks with low P/E ratios earned excess returns when compared to stocks with high P/E ratios.  
Basu found that during the study period (April 1957 – March 1971), portfolios built from low P/E stocks earned higher 
returns than those portfolios built from higher P/E stocks, even after adjusting returns for risk.  The study concluded that 
there is an information content present in publicly available P/E ratios, which could offer opportunities for investors, 
and that this was inconsistent with the semi-strong form of the Efficient Markets Hypothesis.   

 

Rosenberg et al. [10] presented two strategies aimed at exploiting fundamental information to increase returns. The 
first, the “book/price” strategy bought stocks with a high ratio of book value to market price, and sold stocks with the 
reverse.  The second strategy, “specific return reversal” computes specific returns per stock, and relies on the 
observation that specific returns tend to reverse in the subsequent month.  Thus, this strategy buys stocks with negative 
specific returns in the preceding month, exploiting this reversal.    The study sourced data from Compustat, on 1400 of 
the largest companies, from 1980 to 1984, and stocks were priced mainly from the NYSE.  The study demonstrated 
statistically significant results of abnormal performance for both strategies, and suggested that prices on the NYSE are 
inefficient.   

Detailed research from Fama and French [11] surveyed the above style of anomaly detection, and concluded that if 
asset-pricing is rational, then size and the ratio of book value of a stock to its market value must be proxies for risk, as 
opposed to reflecting market inefficiency.   

Lakonishok et al [12] find that a wide range of value strategies (based on sales growth, Book-to-market, Cash flow, 
earnings, etc) have produced higher returns, and refute Fama and French’s claims that these value strategies are 
fundamentally riskier.  Using data from end-April 1963 to end-April 1990, for the NYSE and AMEX, Lakonishok et al 
find evidence that the market appears to have consistently overestimated future growth rates for glamour stocks relative 
to value stocks, and that the reward for fundamental risk does not explain the 10% - 11% higher average returns on 
value stocks.   

Fama and French [13] respond to Lakonishok et al by focusing on size and book-to-value, and form portfolios of 
stocks partitioned by these variables from the NYSE, AMEX and NASDAQ, from 1963 to 1992.  Their results 
demonstrate that both size and BE/ME (book-to-market equity) are related to profitability, but find no evidence that 
returns respond to the book-to-market factor in earnings.  They conclude that size and BE/ME are proxies for sensitivity 
to risk factors in returns.  Their results also suggest that there is a size factor in fundamentals that might lead to a size-
related factor in returns. 

Later, Fama and French [14] study returns on market, value and growth portfolios for the US and twelve major 
EAFE countries (Europe, Australia, and the Far East).  They recognize that value stocks tend to have higher returns than 
growth stocks, finding a difference between low B/M (Book-to-market) stocks and high B/M stocks of 7.68% per year 
on average.  They find similar value premiums when investigating earnings/price, cash flow/price and dividend/price.  
They find that value stocks outperform growth stocks in twelve of thirteen major markets during 1975 – 1995.   

Readers interested in a more detailed review of fundamental variables in trading and investment should peruse 
Vanstone et al. [15] and [1]. 

3 Methodology 

Creation of the ANNs to enhance the Aby filter involves the selection of ANN inputs, outputs, and various 
architecture choices.  The ANN inputs are those variables used in the Aby paper (the requirement that [Market price < 
Book value] is presented to the ANN as [Book Value / Market Price]). The possible choices for the output variable and 
architecture are explained below, and the logic behind those choices is well documented in the author’s empirical 
methodology paper. 

 
For each of the strategies created, an extensive in-sample and out-of-sample benchmarking process is used, again, 

this is described in detail in the authors methodology paper. 
 
This paper uses data for the ASX200 constituents of the Australian stockmarket.  Data for this study was sourced from 
Norgate Investor Services [16]. For the in-sample data (start of trading 1994 to end of trading 2003), delisted stocks 
were included.  For the out-of-sample data (start of trading 2004 to end of trading 2008) delisted stocks were not 
included. The ASX200 constituents were chosen primarily for the following reasons: 
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1. The ASX200 represents the major component of the Australian market, and has a high liquidity – a major issue with 
previous published work is that it may tend to focus on micro-cap stocks, many of which do not have enough trading 
volume to allow positions to be taken, and many of which have excessive bid-ask spreads, 

 
2. This data is representative of the data which a trader will use to develop his/her own systems, and is typical of the 

kind of data the system will be used in for out-of-sample trading 
 

Software tools used in this paper include Wealth-Lab Developer, and Neuro-Lab, both products of Wealth-Lab Inc 
(now Fidelity) [17]. For the neural network part of this study, the data is divided into 2 portions: data from 1994 up to 
and including 2003 (in-sample) is used to predict known results for the out-of-sample period (from 2004 up to the end 
of 2008).   In this study, only ordinary shares are considered.   

A primary difficulty with the filter rules used in the Aby paper is that they are too restrictive, and do not generate 
enough trading opportunities.  The approach used in this paper is to allow a neural network access to the values for each 
of the four fundamental variables, so that it can learn a relationship between the values of those four variables, and the 
expected future returns.   

The neural networks built in this study were designed to produce an output signal, whose strength was proportional 
to expected returns in the 1 year timeframe.  In essence, the stronger the signal from the neural network, the greater the 
expectation of a strong investment return.  Signal strength was normalized between 0 and 100. 

The ANNs created each have four input time-series, namely 
 

1. P/E  
2. Book Value per Share / Market Price per Share 
3. ROE 
4. Dividend Payout Ratio 

 
Outliers were removed from each variables time-series where the original filter rule depended on using a hard-cutoff 
value to place trades, as outliers can severely limit a neural networks ability to learn.  Observations were classed as 
outliers if they lay outside the 2.5 and 97.5 percentiles.  For each variable, this allowed for 95% of all value 
observations to be included.  The variables that needed outliers removing were then P/E, ROE, and Dividend Payout 
Ratio.       Figure 1 to Figure 3 show the key characteristics of each of these input variables after outliers have been 
removed.   

 

 
       Figure 1 P/E with outliers removed 

 
       Figure 2 ROE with outliers removed 
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Figure 3 Dividend Payout Ratio with outliers removed 

For completeness, the characteristics of the output target to be predicted, the 200 day forward-return variable, are 
shown below.  This target is the maximum percentage change in price over the next 200 days, computed for every 
element i in the input series as: 

 (1) 

 
Effectively, this target allows the neural network to focus on the relationship between the input technical variables, 

and the expected forward price change.  Our objective is for the neural network to learn a relationship between the four 
fundamental variables, and the expected forward return. 

Variable Min Max Mean StdDev 
Output 0.00 100.00 14.77 35.49 

Table 1. Target Variable: Statistical Properties 

 
The calculation of the return variable allows the ANN to focus on the highest amount of change that occurs in the 

next 200 days, which may or may not be the 200-day forward return.  For example, the price may spike up after 50 
days, and then decrease again, in this case, the 50-day forward price would be used.  Therefore, perhaps a better 
description of the output variable is that it is measuring the maximum amount of price change that occurs within the 
next 200 days. When this amount of price change is greater than 50%, then neural network output signal is set to 100 
for training purposes.  Otherwise, the signal is set to 0. 

 
As explained in the empirical methodology, a number of hidden node architectures need to be created, and each one 

benchmarked against the in-sample data.   
 
The method used to determine the hidden number of nodes is described in the empirical methodology. After the 

initial number of hidden nodes is determined, the first ANN is created and benchmarked. The number of hidden nodes 
is increased by one for each new architecture then created, until in-sample testing reveals which architecture has the 
most suitable in-sample metrics.  A number of metrics are available for this purpose, in this paper, the architectures are 
benchmarked using the absolute profit per bar method.  This method assumes unlimited capital, takes every trade 
signalled, and measures how much average profit is added by each trade over its lifetime.  This figure is then refined to 
the amount of profit added by open trades on a daily basis.  The empirical methodology uses the filter selectivity metric 
for longer-term systems, and Tharp’s expectancy [18] for shorter term systems.  This paper also introduces the idea of 
using absolute profit per bar for medium term systems and longer term systems. 

4 Results 

A total of 362 securities had trading data during the test period (the ASX200 including delisted stocks), from which 
8,170 input rows were used for training.  These were selected by sampling the available datasets, and selecting every 
50th row as an input row.   

44

Volume 11, No. 1 Australian Journal of Intelligent Information Processing Systems



Table 2 reports the profit per bar and average days held (per open trade) for the buy-and-hold naïve approach (1st 
row), the initial Aby filter (2nd row), and each of the in-sample ANN architectures created (subsequent rows).  These 
figures include transaction costs of $50 each way and 0.5% slippage, and orders are implemented as day+1 market 
orders.  There are no stops implemented in in-sample testing, as the objective is not to produce a trading system (yet), 
but to measure the quality of the ANN produced.  Later, when an architecture has been selected, stops can be 
determined using ATR or Sweeney’s[19] MAE technique. 

The most important parameter to be chosen for in-sample testing is the signal threshold, that is, what level of forecast 
strength is enough to encourage the trader to open a position.  This is a figure which needs to be chosen with respect to 
the individuals own risk appetite, and trading requirements. A low threshold will generate many signals, whilst a higher 
threshold will generate fewer.  Setting the threshold too high will mean that trades will be signalled only rarely, too low 
and the traders’ capital will be quickly invested, removing the opportunity to take high forecast positions as and when 
they occur. 

For this benchmarking, an in-sample threshold of 10 is used.  This figure is chosen by visual inspection of the in-
sample graph in Figure 4, which shows a breakdown of the output values of the first neural network architecture 
(scaled from 0 to 100) versus the average percentage returns for each network output value.  The percentage returns are 
related to the number of days that the security is held, and these are shown as the lines on the graph.  Put simply, this 
graph visualizes the returns expected from each output value of the network and shows how these returns per output 
value vary with respect to the holding period.  At the forecast value of 10, then return expectation is clearly above zero 
in all timeframes so this value is used.  Higher values would also be valid, however, care would have to be taken that 
there were enough trades at higher values to allow an investors capital to be placed into the market. 

 
Figure 4 In-sample ANN function profile 

 
 

Strategy (In-Sample Data) Avg. Profit / 
Day ($) 

Avg. days held 

Buy-and-hold naïve approach 3.78 2,528 

Aby filter rule 8.90 375 

ANN – 2 hidden nodes (cutoff 10) 5.76 1,077 

ANN – 3 hidden nodes (cutoff 20) 10.16 415 

ANN – 4 hidden nodes (cutoff 10) 9.54 370 

Table 2. In Sample Characteristics 

As described in the empirical methodology, it is necessary to choose which ANN is the ‘best’, and this ANN will be 
taken forward to out-of-sample testing.  It is for this reason that the trader must choose the in-sample benchmarking 
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metrics with care.  If the ANN is properly trained, then it should continue to exhibit similar qualities out-of-sample 
which it already displays in-sample.   

From the above table, it is clear that ANN – 3 hidden nodes should be selected.  It displays a number of desirable 
characteristics – it extracts the highest amount of profit per bar in the least amount of time.  Note that this will not 
necessarily make it the best ANN for a trading system.  Extracting good profits in a short time period is only a desirable 
trait if there are enough opportunities being presented to ensure the traders capital is working efficiently.   

Therefore, it is also important to review the number of opportunities signalled over the 10-year in-sample period.  
This information is shown in Table 3. 

Strategy (In-Sample Data) Number of trades signalled 

Buy-and-hold naïve approach 362 

Aby filters alone 13 

ANN – 2 hidden nodes 466 

ANN – 3 hidden nodes 262 

ANN – 4 hidden nodes 370 

Table 3. Number of Trades signalled 

Here the trader must decide whether the number of trades signalled meets the required trading frequency.  In this 
case, there are likely to be enough trades to keep an end-of-day trader fully invested.  There are 262 trades lasting (on 
average) 415 days. 

This testing so far covered in-sample data previously seen by the ANN, and is a valid indication of how the ANN can 
be expected to perform in the future.  In effect, the in-sample metrics provide a framework of the trading model this 
ANN should produce. 

Table 4 shows the effect of testing on the out-of-sample ASX200 data, which covers the period from the start of 
trading in 2004 to the end of trading in 2008.  These figures include transaction costs and slippage, and orders are 
implemented as day+1 market orders.  

Initially, this was a particularly strong bull period in the ASX200.  However, this did not last, and the out-of-sample 
period includes the effects of the (currently ongoing) financial crisis.  As such, these out-of-sample figures provide an 
unusual opportunity to see how this neural network trading system behaves under extremely challenging conditions. 

Strategy (Out-of-Sample Data) Avg. Profit / 
Day ($) 

Number of 
trades 

Avg. days held 

Buy-and-hold naïve approach 0.96 1 1,265 

Aby filters alone 18.83 1 252 

ANN – 3 hidden nodes 4.75 38 300 

Table 4. Out of Sample Performance 

At this stage, we would normally use the ANOVA test to quantify the differences in utility between the original Aby 
filter system, and the ANN based version.  Clearly, however, it is pointless to do so, as the Aby filter only produced 1 
trade out-of-sample.  This is in line with initial expectations as when the original approach was benchmarked in-sample 
it only produced 13 trades over a 10-year timeframe. 
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5 Conclusions 

The ANN-based approach has performed better than expected considering the effects of the financial crisis.  The 
following table shows the effects of $1 million invested in the buy-and-hold approach, the Aby filter approach, and the 
ANN based approach (assuming a 10% of equity position sizing approach). 

 
Strategy APR (%) Sharpe Ratio 
Buy-and-Hold 2.40 0.22 
Aby filters 0.95 0.71 
ANN 3 hidden node 10.42 0.79 

 
From this table, it is clear that the ANN has gone some significant way towards meeting its objectives.  It has 

certainly performed extremely well in terms of its profitability, as it was trained to do.  However, from comparing the 
Sharpe ratios of the Aby filter trade and the ANN based approach, it is also clear that the ANN returns have been much 
more volatile.   

 
There may be at least two reasons for this.  Firstly, the ongoing Financial Crisis has had a huge impact on the 

volatility of equity returns around the world.  The out-of-sample returns certainly reflect this reality. Secondly, the 4 
variables used in both the Aby filter and the ANN-base approach are all fundamental variables.  They focus on the 
internal financial characteristics of a company, but not on the current state of the market. 

 
Further work needs to be done to allow the ANN access to some variables that describe the current state of the 

market.  A suggested neural network input for future work would be the moving average of the market index. This 
would allow the ANN access to information describing the state of the market as a whole, which would provide 
valuable timing information to the ANN. 
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