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Abstract: In this paper, we studied the postsynaptic organizations of directional selective visual neurons for
collision detection. Directional selective neurons can extract different directional visual motion cues fast and reliably by
allowing inhibition spreads to further layers in specific directions with one or several time steps delay. Whether these
directional selective neurons can be easily organised for other specific visual tasks is not known. Taking collision
detection as the primary visual task, we investigated the postsynaptic organizations of these directional selective
neurons through evolutionary processes. The evolved postsynaptic organizations demonstrated robust properties in
detecting imminent collisions in complex visual environments with many of which achieved 94% success rate after
evolution suggesting active roles in collision detection directional selective neurons and its postsynaptic organizations

can play.

Keywords: visual motion, directional selective neuron, vision, postsynaptic, properties, collision

¥ Corresponding author

School of Computer Science

University of Lincoln, Brayford Pool

Lincoln, LN6 7TS United Kingdom

Phone: 0044 1522 83 7397

Fax: 0044 1522 88 6974

Email: syue@lincoln.ac.uk or yue.lincoln@gmail.com or shigang.yue @ieee.org



1. Introduction

Road traffic accident fatalities world wide has reached near 1.3 million in 2011 according to the World Health
Organisation (WHO). The number of serious injuries caused by road traffic accidents can be ten time of that number. In
theory, all accidents can be avoided. Study showed that more than 90% road accidents are caused by or related to
human error. Methods to reliably recognise imminent collisions and deploy measures to mitigate possible damage are

the key for saving life and avoiding injuries.

Currently, collision avoidance systems based on radar, (for example, Najmi et.al.1995, Lee and Kim 2004, Amditis
et.al. 2005, reviewed by Vahidi and Eskandarian 2003), are offered as pricey options on luxury cars. However, the
performance of these systems is not always reliable enough, especially for short ranging and smaller objects (for
example, objects are less than 50 meters away in distance, size of a 6-year-old child), and their cost is too high for wide
use. Vision, which is capable of providing and processing plentiful information, should play a significant role in road
collision detection. Unfortunately, conventional computer vision techniques have not been able to recognize collisions
from dynamic scenes cheaply and efficiently due to visual complexity of such scenes (Indiveri and Douglas 2000,

DeSouza 2002, Vahidi and Eskandarian 2003, Manduchi et. al. 2005).

On autonomous vehicles, new methods that combine several sensors and information processing techniques have
demonstrated their ability of driving autonomously in normal or restricted driving scenarios, for example, Google
driverless cars (Guizzo 2011). However, neither of these autonomous cars has been properly challenged with complex
collision scenes. New robust and efficient image processing solutions are eagerly needed either as stand alone collision

detection solutions or as complements to other collision detection techniques.

For many animal species, vision plays a vital role for their survival. The visual systems in insects in particular, with
their rapid reactions to dynamic scenes using only a small amount of neurons, are becoming very attractive as sources
of inspiration (for example, Huber 1999, Harrison and Koch 2000, Blanchard et. al. 1999, 2000, lida 2003, Webb and
Reeve 2003, Franceschini 2004, Muratet et al. 2005, Stafford et al. 2005, Yue and Rind 2005 and 2006a, Muratet et.al.
2005, Davis et.al. 2009, Pan et.al 2011).

Recently, several specialized neurons found in animals have been modelled and used for collision detection. For
example, an identified neuron in locust, the lobula giant movement detector (LGMD) (O’Shea et.al. 1974, Schlotterer
1977, Rind & Simmons 1992 and 1999) has been used as the basis for an artificial visual system for collision avoidance
in robots (Rind and Bamwell 1996, Blanchard et. al. 2000, Rind, 2002, Rind et.al 2003, Santer et. al. 04, Yue and Rind
2005, 2006a and 2009) and more recently in cars (Yue et.al. 2006b, Stafford et al. 2005, Belevskiy and Yue 2011).

Directional selective neurons are another type of specialized visual neurons with preference to certain directional
motion cues. They have also been found in animals for decades (for example, in insects: Hassenstein and Reichardt
1956, Rind, 1990a and 1990b, Borst and Haag 2002; in vertebrates: Barlow and Hill 1963, Barlow and Levick 1965,
Stasheff and Masland 2002, Vaney and Talor 2002, Fried et.al. 2002, Priebe 2005, Livingstone 2005), and have been
thought to be involved in signalling looming as well (Horridge, 1992). Recent research showed that whole field

directional selective neurons can be organized for extracting translating visual cues (Yue and Rind 2006c), and can be



organized with a special structure for collision detection (Yue and Rind 2007). However, it is not clear whether these

directional selective neurons can only be integrated with that special structure for collision detection.

If these direction selective neurons can be organised differently for collision detection, what are the properties of
these postsynaptic organizations (i.e., neural networks receiving inputs from these directional selective neurons)? These
directional selective neurons can be organised effectively and reliably for collision detection could suggest that similar

organising strategies may be adopted in biological visual systems as well.

To answer the above question, this study will explore the properties of several possible postsynaptic organizations of
these directional selective neurons for collision detection. Taking collision detection as the main visual task, we will
explore the postsynaptic organizations of directional selective neurons via evolutionary processes. The evolved agents
with the best postsynaptic structures will be challenged against challenging sequences, to examine the properties of
these organisations. This investigation may not only bring new solution to road collision detection but also shed lights

on further understanding of the possible postsynaptic neural structures of directional selective neurons in animals.

The rest of the paper is organised as following — the mathematical formulation of the directional selective visual
neurons is described in section 2, the evolution algorithm setting, the fitness design and the evolving/testing
environment are illustrated in section 3, experiments and results are shown in section 4, results and recent developments

are further discussed in the section 5.

2. The Vision System

The proposed vision system consists of two main parts. The first part is the whole field directional selective neurons
(Yue and Rind, 2006¢, 2007) and their presynaptic network; different visual motion cues are extracted by this part of
the vision system. The second part is the directional selective neurons’ postsynaptic network (PN); the extracted visual
motion cues are processed by this part of the vision system. Since the structures of the different directional selective
neurons are similar, we choose a left inhibited directional selective neuron L (Yue and Rind 2007) and a diagonally

selective neuron [u (left-up) as examples to describe the directional selective neurons.

2.1 The directional selective neuron L and its presynaptic network

As an example, an L neuron, which responds to moving edges in all directions except the inhibited left direction, and
its pre-synaptic network are illustrated (Figure 1). The inhibition of the L neuron spreads in a unique way that it can
cancel the left moving cues but leaving other moving cues unaffected. The network has four layers and one cell: a P

layer, E/I layers, an S layer and an L neuron.

The first layer of the neural network is P layer. It consists of the photoreceptor P cells arranged in a matrix form; the
luminance L, of each pixel in the input image is captured by each photoreceptor cell, the change of luminance Py
between frames of the image sequence is calculated and forms the output of this layer. The output of a cell in this layer

is defined by equation:
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where P(x,y) is the change of luminance at frame f, x and y are all in pixel, Lrand Ly, are the luminance in current frame
and in previous frame respectively, subscript f denotes the current frame and f-/ denotes the previous frame, the
persistence coefficient p; is varied from 0 to 1 with p;=(1+¢" i )'1 and pue(-o0, +0), n, represents the maximum time steps

the persistence can last.

Cells in the E/I layers are arranged in matrix forms. The output of the P cells forms the two types of inputs to the
cell in the E/I layers. One is excitation and the other is inhibition. The excitation of a P cell passes to its counterpart in

the E layer and the inhibition from a P cell passes to its counterpart in the I layer directly.

Cells in the S layer are also arranged in a matrix form. The excitation of a E cell passes to its counterpart in the S
layer directly. The inhibition from an I cell passes to its retinotopic counterpart’s left side neighbouring cells in the S

layer up to eight cells away with one image frame delay. The gathered strength of inhibition to a cell in this S layer is
L(xy) =Y P (x+i,y)w,(0) @
i=1

where I(x,y) is the inhibition to the cell in the S layer at (x, y), 1 is the maximum number of cells in I layer that spread
inhibition to the cell in the S layer at (x, y), wi(i) €[0, 5.5] is the local inhibition weight which controls the neighbouring
inhibition strength. With a strong inhibition (for example, wy(i) = 5 ) from the right side with one frame delay, the
excitation caused by left moving edges can be eliminated or weakened sharply. The excitatory flow gathered in the S
cell will be

E (x,y) =P, (x,y)—1,(x, )W, €)

where W, is the global inhibition weight which control the overall inhibition strength.

The excitations exceed a threshold 7, in the S cells are able to be summed by the left inhibitory cell L in the
summing operation.

~ _ Ef(x,y),lef(XJ)ZTm (4)
Ef(X,Y)—{ 0, ifEf(X,Y)<Tn-

The summed excitation of the left inhibitory cell L is,
neom 5
Sumﬁ = Z;Z; ‘Ef(x,y)‘ ®)
1=
where n, and n. are the total number of cells in a row and a column in the S layer respectively. The summed excitation

of the L cell is then sigmoid as,

sh=(e ey (6)
where n,. is the total number of the cells in the S layer. Since SumLf is great than zero according to equation (5), the
sigmoid excitation s“€[0.5~1]. Because the spatiotemporal processing mechanism described above, the left moving
excitation will be eliminated or reduced by the left spreading inhibition within the L cell’s presynaptic neural network.

The L cell has one inhibitory direction, left, and is not expected to respond to left translating movements. The summed

excitation of the L cell s™ s as one of the inputs to the following PN’s.

Other directional selective neurons, for example the right directional selective neuron (R), the up directional
selective neuron (U) and the down directional selective neuron (D) etc. share the same mechanism in forming their
directional selectiveness. In Figure 2, video sequence with a left running pedestrian is processed by the four different

directional selective neurons, L, R, U and D simultaneously. The responded excitation of the directional selective



neuron L is significantly different from that of the other three directional selective neurons as shown in the figure.
Therefore, visual motion pattern in these images has been extracted by these directional selective neurons and can be

used for further processing.

2.2 The diagonal directional selective neuron lu

Besides the above L, R, U and D directional selective neurons, other type of directional selective neurons which
inhibit diagonal visual motion will also be used in this paper. These diagonal directional selective neurons are [u (left-
up), Ild (left-down), ru (right-up) and rd (right-down). The only difference between the diagonal directional selective
neuron /u and the directional selective neuron L is the way inhibition is gathered by cells in S layer. For the [u cell, the
inhibition from an I cell passes to its retinotopic counterpart’s ‘left-up’ side neighbouring cells in the S layer up to eight
cells away with one image frame delay. The equation (2), which describes the gathered strength of inhibition to a cell in
this S layer, should be modified to describe the diagonal neuron /u,

L(xy)= Y P (x+iy—jw, (i )) 0
i=li=j

For other diagonal directional selective neurons, the inhibition gathered by a cell in S layer can be illustrated in a

similar way.

2.3 The postsynaptic networks
The schematic illustration of generic PNs is shown in Figure 3 (a). The inputs to the network are the excitation from
the directional selective neurons, i.e.,

{F}'/ = (sf s’; s‘/ sl; -7 ()
where st, st, sqf and st are the excitation in the L R U and D neurons, and {F} lf is the input array to the PNs, f denotes
frame number or time step. The output of the i layer can be formulated in matrix form as:

{FY, = W], {F}}' €

where {F}';and {F}"';is the excitation array in i and i-1" layer respectively, [ W]’ is the weight matrix.

The spiking cell x sums its adjacent layer’s excitation. If the excitation #; in the spiking cell x exceeds the threshold

T,,, a spike is produced as the output,

grte_) 1 if x 2T, (10
4 0 otherwise
where I represents a spike, 0 means no spike. A collision is predicted if there are ng, spikes in n time steps or frames

(nxp S nts)’ i-e-’

f
TRUE — if 3 ST 2n, (1)
coli f—ny

FALSE otherwise

If C,oi turns to be TRUE, a collision is predicted by the neural vision system.

2.4 Parameters of the system

We assume that the development of the directional selective neurons has completed at this stage and the
selectiveness of directional selective neurons is not the focus of this study. The coefficients in the directional selective
neurons are treated as known variables in the evolution without change. Parameters in the directional selective neurons
are set as following to ensure their directional selectiveness based on our experimental study. The persistence

coefficient is set to be 0 to simplify the neural nets. The global inhibition weight W; is set to be 1.5. The local inhibition



weight wy(7) is set to be as strong as 5.5 to ensure inhibitory effect. The threshold in the S cells is set to be /2 based on
trials. The directional selective neurons will be used in the experiments are: left inhibited neuron L, right inhibited
neuron R, up inhibited neuron U, down inhibited neuron D, left-up diagonal inhibited neuron lu, left-down diagonal
inhibited neuron Id, right-up diagonal inhibited neuron ru and right-down diagonal inhibited neuron rd. All the

directional selective neurons used in this paper are set in the same way except the inhibited directions.

The connections and threshold within the PNs are adaptable in evolutions. However, as shown in Figure 3 (a), the
possible internal connections and structural combination of these PNs are infinite. It is neither possible nor necessary to
investigate all possible structured PNs. In this study, we take two typical PNs as representatives, as shown in Figure 3 (b)
and (c). The two types of PNs differ clearly in the number of directional selective neurons in the input layer and the
number of cells in hidden layers. The numbers of directional selective neurons and intermediate cells are identified

important factors to the success of collision detections.

The two types of PNs (Figure 3 (b) and (c)), one with a big input layer and a small hidden layer (v-shaped PN, vPN
hereafter), another with a small input layer and big hidden layer (diamond-shaped PN, dPN hereafter), are selected for
the comparative evolutionary experiments. For each PN, connection weights are allowed to adapt between [-1.5~1.5]
which is set empirically. The threshold of spiking cells is allowed to adapt within [0.0~10.0]. There are total 4/ (for
dPN) or 37 (for vPN) weights/thresholds are adaptable in the evolution. For all the PNs, five successive spikes indicate

a collision has been predicted (i.e., ny, = n,, =5) by the vision system.

The scale of the vision system is associated with the size of input images. Since each pixel in an input image has one
corresponding cell in the P layer of the PN, there will be 8,000 cells in the P layer suppose the input image is 100 by
80 pixels. The vision systems using a VPN has 8,000 P cells, 8,000 E cells and 8,000 I cells all shared by its eight
Directional selective neurons; it has 64,000 S cells and 13 fusion cells; the total number of cells involved in the system
is 88,013. Similarly, for the vision system using a dPN, the total number of cells in the system should be 56,013. At
such a scale, the vision system with the vPN/dPN is able to process 100x80 pixels images at 30 frames per second on a

DELL Precision 450 PC with a 2.5GHz CPU.

3. Evolution of the Vision System

Because there are many adaptable parameters in a PN as described above, a proper algorithm is needed to determine
the weights/threshold to ensure the system achieves its best in road collision prediction. The search space of the neural
vision system is typically complex, large and with little information on its structure. Evolutionary algorithm is
particularly suitable for such tasks due to its efficiency in searching in a complex and large search space (Holland 1975
and 1990, Goldenburg 1989). In this paper, evolutionary algorithms will be used to select the vision system. In the
evolutions, the vision system will be represented by agents, which differ in connection weights/threshold. These agents

are supposed to read the images, process them and output decisions autonomously.

3.1 Algorithm setting
A population of agents (30 hereafter, unless restated differently) in each generation are processed via evolutionary
algorithms (Chipperfield and Fleming 1995, Yue et. al. 2005b). The first generation is produced randomly. To form a

new generation, the worst performing agents (20% of the whole population in a generation) will be replaced. New



agents (20% of a whole population) are produced by the best performing parents in the last generation through
crossover. Mutation is conducted to the chromosomes (binary coded) of these new produced agents with a mutation rate

0.2, which means to flip 20% of the randomly chosen binary bits in the chromosomes (Yue et. al. 2006b).

3.2 Fitness

Each agent’s behaviour is evaluated based on its weighted success rate, i.e., fitness value. In each generation, an
agent that responds to all visual events correctly, i.e. recognises imminent collisions and makes no false predictions on
translating scenes or other challenges, scores a fitness value (success rate) of /00%; an agent that fails in all events
scores a fitness value of 0%; an agent that fails in a non-colliding challenge scores a lowered fitness value (reduced
success rate); an agent that fails in a colliding event gets a sharp reduction in success rate since a collision event is much
more important in scoring than a non-collision one; for example, failure in a collision sequence may equal four times of
failure in non-collision events. However, an agent scores 50% in fitness value if it only fails in all collision events or

only fails in all no-collision events.

The fitness of an agent may be formulated as following,

N,
D e
F, =(1-—)x100% (12)

nb

where F, is the fitness value of the k™ agent in the population, f° ! ven s the score for the agent in i™ events in the total N,

events, M, is the summation of all the possible scores, and f*,,.,; depends on performance: failure or success,

K., if fail in a collision event .
f ' = K, if fail in anoncollision event (13)
0 if success

where K., is the score for failure in a collision event, K,,,, is the score for failure in a non-collision event. For a collision
event, failure means no collision signal has been sent out by the agent 3~30 frames before a real collision happens. K.,
is several times bigger than K,,, to assure an agent that only fails in all collision events and an agent that only fails in all
non-collision events will have the same fitness value: 50%. In an evolutionary process, N, = 10 (including 2 collision

events), K. is 4, K., is 1 and M,,;, is 16.

3.3 Evolving and testing environment

Driving environments and conditions may be very different in different places. Statistical data indicated that rear
end collision is the most common accidents that involved two vehicles (e.g., Vahidi and Eskandarian 2003). Our vision
system will focus on this type of collision. Driving scenes in which a car with a camera collides with another car will be
selected as collision scenes. There are variety of non-collision scenes may cause false alarm, such as turning, changing
lanes and in/out of tunnel etc, should also be included into the training and testing data bases. With the selected
scenarios, we expect the evolved best vision agents should be able to recognize an impending collision and should not

signal out false alarms to many other challenging but non-collision driving scenarios.

As illustrated in Figure 4, a group of video sequences, which were originally recorded in real driving scenarios by
our partner in Volvo Car Cooperation (Sweden), are selected to construct the environment. These video sequences are
carefully selected from a video database consists of various driving scenes to represent typical challenging driving
scenarios. Each sequence contains at least one event that causes strong excitation in the photoreceptor layer. These

sequences include: collision with a car at about 30 and 60 mph respectively, waiting and turning at a roundabout,



walking and running pedestrians, road symbols, cutting in cars and high speed translating cars/vans. The car used for
collision scene recording is an inflatable car for economical and safety reason. In these selected video clips, many of the
frames are normal driving scenes without challenging visual motion. Since these video sequences were recorded with a

camera fixed in a driving car, visual perturbations such as bumping and tilting were inevitable.

To select agents that are able to cope with collisions in different situations, an evolving environment may be
expected to include as many visual events as possible. However, a huge video database may result in long or
unacceptable training or evolving time. By carefully selecting visual events, the evolving environment described above
should be able to cultivate agents coping with most of the visual challenges in road collision prediction. It should be
stated that the vision system are targeting at big objects, such as cars and pedestrians in direct collision course. Because
the presented vision system is based on visual motion processing, diversified events in terms of different objects, colour,
texture and shape are not the essential factors in the evolving process. This is a distinct advantage of motion sensitive

neuron based vision systems.

A group of sequences for testing the evolved agents are shown in Figure 5 (a). These test sequences include some of
the challenging scenes in driving: the car with the recording camera is colliding with a car at about 45 mph; within its
field of view, another car is doing translating movement at high speed; it is moving around a roundabout; it is
approaching zebra crossing, pedestrians and driving in/out a tunnel. The best agents are expected to predict the collision

in advance and should not signal out false alarm on other non-collision scenes.

Computer generated visual stimuli that are usually used by neurobiologist to challenge animals are also employed to
check the consistency of the evolved agents (Figure 5 (b)). These visual stimuli (Figure 5 (b)) contain only generalized
motion cues, such as expanding edges and translating cues, and have avoided environmental bias resulted from complex

visual scenes.

All the input sequential images fed to the visual collision detection system are resized to /00 (in horizontal) times 80
(in vertical) pixels; images are transformed from colour to grey ranging from O to 255. As mentioned earlier, the
original video sequences were all taken at 25 frames per second (fps) directly in driving scenarios. These video
sequences have all been resized and transformed to grey level video sequences with a resolution of /00 by 80 pixels and

grey level of 0-255 before the experiments.

4. Experiments and Results

In our experiments, each evolution process usually lasted about /3~/4 hours with a population of 30 individuals,
20% generation refresh rate and 400 generations on a Dell Precision 450 PC with 2.50GHz CPU. Before the evolving
experiments, it has been tested that each agent was able to work at 30 image frames per second run in the same PC with
2.50GHz CPU. The long hours of evolution process is coming from the huge image processing needs: 400 generations,
each generation has 30 individuals with 20% new generated individual, each new individual has to process all the video

clips that contains several hundreds of frames — this takes time even at a rate of 30 frames per second.

The two groups of agents, with dPN or vPN in their vision system, evolved for 400 generations respectively in the

driving environment. For each of the group, evolution processes have been carried out and repeated for three times. The



best agents were then tested with new test driving sequences as sampled in Figure 5 (a). Results are shown in Figure 6-9
and table 1. The properties of the best agents were also further checked by challenging them with visual stimuli used by

neurobiologist to challenge animals, as shown in Figure 5 (b).

In Figure 6, the fitness value (or success rate) of the best agents from each generation in each round of evolution and
the mean fitness value averaged from each generation in each round of the evolution were shown respectively. The best
agents started with very low success rates- around 50%. By the 400" generation all the best agents can predict imminent
collisions with high success rate (94%), despite different PNs in the vision system. Six best performed agents are
selected from each evolution process and their performances are detailed in the Table 1. All the six agents can detect
collisions correctly and can cope with most of the non-collision scenes properly; however, all six failed in the same

challenge: driving down approaching pedestrian crossing lines at high speed (Table 1 and Figure 4, video sequence 10).

The properties - detailed excitation level of the spiking cells of the six best agents, when challenged with a colliding
car (Figure 4, no.1), a translating pedestrian (Figure 4, no.4) and zebra lines (Figure 4, no.10) respectively, were shown
in Figure 7 to Figure 8. It is found that the six spiking cells respond to collision similarly with high excitation and
successive spikes (Figure 7), though the absolute excitation value in each agent is different. Interestingly the responses
of these agents to the pedestrians are quite different: some with higher level of excitation and sparse spikes; some with
lower level of excitation and no spike; however, neither detected it as a collision scene, i.e. did not produce successive

spikes (Figure 8).

To see if the evolved best agents perform similarly in similar situations, these six best agents are then challenged
with test sequences (Figure 5 (a)). Results are shown in Table 2. There are three agents (two are with dPN and one with
vPN) passed the entire test with very high success rate. These agents detected the collision about 15~19 frames ahead of
real collision, leaving 600~760ms to deploy measures to avoid or mitigate the impact of the collision. Compare to the
agent with a special structured PN (Yue and Rind, 2007), the best evolved agents detected the collision about 9~13
image frames (i.e., 360~520ms) earlier which implies higher probability to avoid or reduce the impact of the collision.
There are three best agents failed in the high speed turning scenario (Figure 5 (a), no.4), two of which are with the vPN.

As to the zebra crossing, only one agent sent out a false collision alarm, the others all performing correctly.

To demonstrate the properties of these evolved postsynaptic organisations, the detailed responses of two selected
best agents- one with dPN and the other with VPN to car collision (Figure 5 (a), no.1), pedestrians (Figure 5 (a), no.3),
and tunnel (Figure 5 (), n0.9) are shown in Figure 9 to Figure 11 respectively. The best agent with dPN is from the 1*
round of evolution and the best agent with VPN is from the 3" round of evolution. Both of the agents predicted the
collision early at frame 258 (Figure 9) as also indicated in Table 2. To the challenging scene of driving into tunnel, both
agents responded with very low level of excitation, as shown in Figure 10. This means the best agents were able to
distinguish the difference between the tunnel and the colliding car. Because of the size of a tunnel, its expanding pattern
is different to that of a car. As to pedestrians, the two best agents responded with low excitation (Figure 11). It is noted
that, as the car was driving slowly approaching the pedestrians (means the images of these pedestrians and zebra lines
were expanding slowly), the excitation levels of the two agents actually climbed up and remained high between frame

160-210 as shown in the figure.



The above test demonstrated the ability of the best evolved agents in detecting car collision while maintaining low
level of false alarm. The results may also suggest that four directional selective neurons are probably enough for
collision detection — because the best dPN agent can deal with these sequences very well and the best VPN agents with

more directional selective neurons have not been able to show better performance in these experiments.

In other evolution experiments, we have also organized directional selective neurons with other types of layered PNs;
for example, PNs with different number of cells in hidden layer, PNs with multiple hidden layers. The highest fitness of
the agents with these PNs also reached 94%. With these PNs, the best agents only fail in the zebra crossing scene
(Figure 5 (a), video sequence 10), exactly the same as dPN and vPN agents did. However, the fitness of best agents can
only reach 88% if the number of directional selective neurons is reduced to two. This may indicate that only considering

visual motion in two dimensions is not sufficient for a road collision detection system.

Although the best agents are expected to compare and/or combine the extracted visual cues — the expanding/moving
edges of objects for collision detection, there is concern about the real working pattern of these evolved best agents.
Since only two collision events were included in the evolving environment, the best agents may pick up special visual
cues instead of the expanding/moving edges to make up their decisions. To further investigate the working pattern of
the agents, two of the best evolved agents with different PNs were then challenged with computer generated visual
stimuli which are similar to those used by neurobiologists to challenge animals (Figure 5 (b)). Results were shown in
Figure 12 (a) and (b) respectively. Both of the best agents have shown the ability to distinguish a looming stimulus from
translating ones with different excitation patterns. The best agents responded to the looming square with constant high
level excitation; for the translating bars, they responded with peaked excitation, then lower level excitation and finished
with another sharp valley. Different visual motion speed had not affected these patterns very much, as shown in Figure
12. These results were consistent with the previous founding in the driving experiments and demonstrated the

robustness of this pattern recognition mechanism.

5. Further Discussion

In the above sections, evolution processes have been conducted to further explore the postsynaptic networks of
directional motion sensitive neurons by selecting best evolved vision agents for collision scene recognition. The
experiments demonstrated that the proposed vision system can be evolved to detect collision earlier compare to special
structured postsynaptic network (Yue and Rind, 2007). The experimental results suggested that, the proposed PNs are
among the very competent postsynaptic networks that fuse the outputs of directional selective neurons efficiently and

reliably for collision detection.

Directional selective neurons have been identified in many normally functioning visual system studied, (for example,
in insects: Hassenstein and Reichardt 1956, Rind, 1990a and 1990b, Borst and Haag 2002; in vertebrates: Barlow and
Hill 1963, Barlow and Levick 1965, Stasheff and Masland 2002, Vaney and Talor 2002, Fried et.al. 2002, Priebe 2005,
Livingstone 2005). The mechanisms underlying directional selective neurons in animal are still under investigation. The
interaction of these directional selective neurons to guide behaviours in animals is also a subject of speculation. The
interactions of different visual interneurons in insects are complex, (for example, Tammero and Dickinson 2002, Krapp,
Hengstenberg and Hengstenberg 1998). Modelling studies have provided chances to investigate possible mechanisms

for information processing postsynaptically connected to these neurons for specific visual tasks, such as collision



detection. The results revealed above, together with the finding in (Yue and Rind, 2007), may suggest that it is plausible

for directional selective neurons in animals to be involved in collision avoidance.

The presented bio-inspired vision system recognises road collision scenes based on visual motion cues extracted by
directional selective neurons. One distinct feature of a motion sensitive vision system is that it processes differential
images which are irrelevant or less relevant to the shapes, colours and textures of colliding objects and background
movements. Compare to other segmentation/registration based computer vision methods that have to spend huge
computing cost on shapes, colours and textures, the proposed vision system can operate at high frame rate (30fps) due

to its low computing power consumption.

As mentioned earlier, the presented vision system focused on rear end car collision. The evolving environment
which consisted of the ten selected video sequences only represented a small fraction of the many types of road
collisions happened in real world. Many other road collisions, for example collision with pedestrian(s), were not
included in the evolving and testing databases because these collision video footages were proved to be hard for us to
make due to safety and economic reasons. In the future, we may use computer simulated video sequences once the

quality of these sequences reach to an acceptable level.

The fast processing speed of these bio-inspired algorithms, which have easily reached to 30 frames per second in the
PC, can be further accelerated dramatically when integrated further with or realized in suitable hardware. For example,
the LGMD neural network can reach above 60 frames per second when implemented in a FPGA (Meng et.al. 2010). It
is also predictable that, even using a PC, the processing speed of the collision detection system can be further
accelerated if most of the image processing task can be assigned to an integrated GPU. The powerful parallel processing
ability of these bio-inspired visual processing algorithms can be achieved eventually if, in the future, being designed

and realized in VLSI chips.

There are more than one hundred inter-neurons in a locusts’ lobula plate working simultaneously allowing it
interacts with dynamic environments smartly. Though directional selective neurons-based network can recognise
collisions among many confusing scenes, it is obvious that only directional selective neurons and its postsynaptic
network alone are not enough to detect many types of collision scenes. Other specialized neural systems, such as
LGMD (Yue and Rind, 2005, 2006a), should also be integrated into the vision system to deal with diversified collision

patterns.

In the future, the coordination between the presented directional selective neurons based vision system and the
LGMD-based vision system for collision detection will be investigated systematically via co-evolutionary process.
Methods that allow the structure of PN to evolve will also be investigated. Since the bio-inspired image processing
system achieves its current performance by regulating excitation and inhibition spatiotemporally via layered structures,

these unique computing structures can be realized to VLSI chips and mass produced for different applications.

6. Conclusions

In the above sections, we further investigated postsynaptic organizations of specialized visual motion sensitive

neurons — whole field directional selective neurons for collision detection in a driving environment. Inspired by



biological vision systems, directional selective neurons can extract different directional visual motion cues reliably by
allowing inhibition spreads to further layers in specific directions with time delay. As postsynaptic organizations of
directional selective neurons, different PNs have been evolved and selected through evolutionary processes and the
evolved best agents have then been tested with challenging test video sequences. The results of our experiments showed
that the best agents are able to predict impending collisions reliably while avoiding disturbances from other non-
collision events. This study demonstrated that whole field directional selective neurons are able to be organized
efficiently by those proposed postsynaptic neural networks for collision detection in complex visual environments. The
results suggested that the presented vision systems are among the candidates to be realized in vision-chips for collision

detection.
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Figure 1. A schematic illustration of a direction selective neuron L and its presynaptic neural network with the left side
lateral inhibition. There are four groups of cells and one single cell in the system: photoreceptor cells (P); excitatory
and inhibitory cells (E and I); summing cells (S); the left inhibited direction selective cell L. The lateral inhibition is
indicated with dotted lines between I and S layer; the excitation is indicated with black lines between E and S layer. The
connections between cells in P and E, P and I, E and S are one-to-one; only the connections to example cells are
illustrated in this plot. The other direction selective cells, such as R, U and D, are with different inhibition preferences.
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Figure 2. An example of Directional selective neurons process video sequences with a left running pedestrian. (a),
sample images of the video sequences; the frame number is indicated under each image. (b), the excitation of the four
Directional selective neurons: L (left), R (right), U (up) and D (down); note the left inhibited cell L’s excitation is
significantly lower than the other three Directional selective neurons’.
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Figure 3. Schematic illustration of PNs used in the study. (a), a generic multiple layered PN; it has number of
directional selective neurons as input cells, layered intermediate cells and a spiking cell x as the output cell. (b), the
dPN, with less (four) directional selective neurons as input cells, more (eight) intermediate cells and one spiking cell.
(c), the vPN, with more (eight)) directional selective neurons as input cells, less (four) intermediate cells and one
spiking cell.

Figure 4. Sample images from video footages represent a driving environment for the agents to evolve. The number
under each image is the video sequence number. Video sequence 1 is a car collision scene while the agent is driving at
a high speed, video sequence 2 is a car collision scene while the agent is driving at a low speed, video sequence 3 is a
left translating van while the agent is waiting, video sequence 4 is a left running pedestrian while the agent is driving at
very low speed, video sequence 5 is a left walking pedestrian while the agent is driving at very low speed, video
sequence 6 is a turning car while the agent is driving at low speed, video sequence 7 is a fast translating car while the
agent is waiting at a roundabout, video sequence 8 is a car cutting in while the agent is driving at normal speed on
motor way, video sequence 9 is the scene with road symbols- arrow while the agent is driving at high speed, video
sequence 10 is road symbols- arrows and zebra lines while the agent is driving down on the road at high speed.
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Figure 5. (a) Sample images of the test sequences. Video sequence 1 is a car collision at normal speed (about 60mph),
no.2 is a right translating car while the agent is turning around roundabout, video sequence3 is pedestrians and zebra
lines while the agent is driving slowly, video sequence4 is a translating car and road lines while turning at high speed,
video sequence 5 is zebra lines while the agent is driving at ordinary speed, video sequence 6 is a right translating car
while the agent is waiting signal, video sequence 7 is a left translating car while the agent is waiting signal, video
sequence 8 is a pedestrian with trolley while the agent is driving slowly, video sequence 9 is a tunnel while the agent is
driving at cruising speed, video sequence 10 is a right turn, video 11 is a pedestrian walking from right to left while the
agent is driving slowly, video 12 the agent is driving after a truck, video 13 the agent is driving slowly in a supermarket
area where customers were pushing trolley around, video 14 is a normal driving scene with cars and truck ahead and
video 15 the agent was driving slowly while a pedestrian was walking quickly in front of the car. (b) Computer
generated visual stimuli with a 100x80 pixels field of view. Left: black square (10 pixels times 10 pixels originally)
expands to 60x60 pixels with an expanding rate of 5 and 10 pixels per frame respectively; middle: black bar (15 pixels
times 40 pixels) with a translating speed at 6 and 12 pixels per frame to left respectively; right: black bar (15 pixels
times 40 pixels) with a translating speed at 6 and 12 pixels per frame to right repectively. The arrows are added for
schematically indicating visual stimuli moving directions.
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Figure 6. The fitness versus generation. The best fitness is the best agent’s fitness value in each round of evolution. The
mean fitness is the averaged fitness value of a whole population in a generation in each round of evolution. Evolutions
are conducted in three separate rounds for each type of agent. (a) the evolution results of the dPN; (b) the evolution
results of the vPN.
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Figure 7. The excitation of the spiking cell x of the best agents in processing the collision event (Figure 4, sequence 1).
The three agents used in comparison are picked up from the three separated evolutions respectively. The collision
happened at frame 195. The six agents are all capable of detecting the collision properly. The excitations are in solid
lines. The thresholds are indicated with dashed lines. Decisions are made by five successive spikes indicated by five
asterisks. The lines and asterisks with the same colour are belonging to the same agent. (a), from top left to bottom
right sample images at 80, 90... till 190 at every 10 frames. (b), agents with dPN. (c), agents with vPN.
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Figure 8. The excitation of the spiking cell x of the best agents in processing the fast translating events (Figure 4,
sequence 5). The six agents used in comparison are picked up from the six separated evolutions respectively. The six
evolved best agents are all capable of dealing with the fast translating events correctly without sending out false alarm.
The excitations are in solid lines. The thresholds are indicated with dashed lines. The lines and asterisks with the same
colour are belonging to the same agent. Collision decisions may be made by five successive spikes indicated by five
asterisks. (a), from top left to bottom right sample images at 55, 56... till 66 at every 1 frame. (b), agents with dPN. (c),
agents with vPN.
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Figure 9. The best agents challenged with test driving sequences when the car with the camera collides with a balloon
car. The best agent with dPN is from the 1" round of evolution. The best agent with vPN is from the 3™ round of
evolution. The threshold is indicated in doted horizontal lines; spikes are indicated with up asterisks; the excitation is
plotted in solid lines. The excitations of the L, R, U and D cells are in blue, black, red and green respectively (hereafter
in other figures). (a), from top left to bottom right sample images at 160, 170... till 270 at every 10 frames; real
collision happened at frame 273. (b), the response of the best agent with dPN; the collision is predicted at frame 258.
(c), the response of the best agent with vPN; the collision is predicted at frame 258.
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Figure 10. The best agents challenged with test driving sequences when the car with the camera get into a tunnel. The
best agent with dPN is from the I round of evolution. The best agent with vPN is from the 3 round of evolution. The
threshold is indicated in doted horizontal lines; spikes are indicated with up asterisks; the excitation is plotted in thick
solid lines. (a), from top left to bottom right sample images at 20, 30, ... till 170 at every 10 frames. (b), the response of
the best agent with dPN; no collision is predicted. (c), the response of the best agent with vPN; no collision is predicted.
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Figure 11. The best agents challenged with test driving sequences when the car with the camera was driving slowly
towards the pedestrians on zebra crossing. The best agent with dPN is from the 1" round of evolution. The best agent
with vPN is from the 3" round of evolution. The threshold is indicated in doted horizontal lines; spikes are indicated
with up asterisks; the excitation is plotted in solid lines. (a), from top left to bottom right sample images at 155, 160...

till 210 at every 5 frames. (b), the response of the best agent with dPN; no collision is predicted. (c), the response of the
best agent with vPN; no collision is predicted.
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Figure 12. The excitation level of the two best agents when processing computer generated visual stimuli. The
excitation is plotted in solid bold lines; other symbols are the same as Figure 12. Left column shows the excitation level
of x cell of the agents when they were challenged with a computer generated looming square (Figure 5 (b), left) with
expanding rates at 5 pixel per frame (I° and 3™ row) and 10 pixel per frame (2" and 4™ row) respectively; central
column shows the excitation when the agents were challenged with a translating bar (Figure 5 (b), middle), at 6 pixel
per frame (1" and 3™ row) and 12 pixel per frame (2" and 4" row) to left respectively; right column shows the
excitation when the agents were challenged with a translating bar to the left (Figure 5 (b), right) at 6 pixel per frame
(I"" and 3 row) and 12 pixel per frame (2" and 4" row) respectively. (a) The best agent is with dPN selected from the
first round of evolution. (b) The best agent is with vPN selected from the third round of evolution.



Table 1. The performance of the six best agents with vPN or dPN after evolution

Evolution performance of the six best evolved agents
dPN VPN
sequences 1 2 3 1 2 3
1(195) | V(183) | V(178) | V(178) N (176) | ¥ (178) V (178)
2(124) | Na17 | V108 | V(108) N (108) | V(108) V (108)
3 N N N N N N
4 N N N N N N
5 N N N N N N
6 N N N N N N
7 N N N N N N
8 N N N N N N
9 N N N N N N
10 x (100) | x (95) x (97) % (93) % (96) % (96)
fitness 94% 94% 94% 94% 94% 94%

Note: V indicates an agent responds to that event correctly; x indicates an agent fails in that event. Only sequence no. 1
is the collision sequence. The number in brackets after each sequence number is the frame at which a real collision
happens; the number in brackets after each performance marker (¥ or x) is the frame at which a collision is predicted by
the best agent. The fitness equals to success rate.

Table 2. The performance of the six best agents with vPN and dPN challenged with the TEST sequences

TEST performance of the six best agents
dPN vPN
sequences 1 2 3 1 2 3

1(273) 254) | V(257 vV (254) | V(254)
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Note: V indicates an agent responds to that event correctly; x indicates an agent fails in that event. Only sequence no. 1
is the collision sequence. The number in brackets after each sequence number is the frame at which a real collision
happens; the number in brackets after each performance marker (¥ or x) is the frame at which a collision is predicted by
the best agent.



