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Abstract: In this paper, we describe a spiking neural network for building an
azimuthal sound localisation system, which is inspired by the functional organisa-
tion of the human auditory midbrain up to the inferior colliculus (IC). Our system
models two ascending pathways from the cochlear nucleus to the IC: an ITD (Inter-
aural Time Difference) pathway and an ILD (Interaural Level Difference) pathway.
We take into account Yin’s finding [1] that multiple delay lines only exist in the
contralateral medial superior olive (MSO) in our modelling of the ITD pathway. A
level-locking auditory neuron is introduced for the ILD pathway network to encode
sound amplitude into spike sequences. At the IC level, we differentiate between
low frequency (below 1 kHz) and high frequency (above 1 kHz) sound in how we
combine the ITD and ILD cues to compute the azimuth angle of a sound. This
paper provides a detailed illustration of the biological evidence of our hybrid ITD
and ILD model. Experimental results of several types of sound are presented to
evaluate our system. 1
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1. Introduction

The remarkable performance of animals with two ears for various sound localisation
tasks has inspired researchers to investigate new computational auditory models to
understand the mechanisms of auditory neural networks. During the last twenty-
five years, the structure and function of a number of pathways in the auditory
brainstem have been studied and have become better understood [3]. For example,
multiple spectral representations [4] are known to exist both in the early stages
of sound processing, in the cochlea and cochlear nuclei, and at a later stage, from
the superior olivary complex (SOC) to the inferior colliculus (IC). The roles of
excitatory and inhibitory connections in the neural network of the midbrain sound
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processing pathways have been clarified [5]. Modelling these networks helps us
to understand the brain mechanisms and provides a robust approach to sound
perception in mobile robots.

Binaural sound localisation takes advantage of two important cues [6] in the
arriving sound signals: (i) interaural time difference (ITD) or interaural phase
difference (IPD), and (ii) interaural level difference (ILD). Assuming a pure tone
sound source is closer to the left ear, the sound signal at the left ear can be rep-
resented by a sin 2πft while the delayed sound at the right ear is represented by
(a−∆a) sin 2πf(t + ∆t), where ∆a is the sound fading (ILD) and ∆t is the extra
time for the sound to the right ear (ITD). Using these two cues, the sound source
position can be estimated in the horizontal or azimuthal plane [6]. In humans the
ITD cue is effective for localising low frequency sounds (20 Hz to 1 kHz) [7], how-
ever, the information it provides becomes ambiguous for frequencies above ∼1 kHz.
In contrast, the ILD cue has limited utility for localising sounds below 1 kHz, but
is more efficient than the ITD cue for mid- and high- frequency (>1 kHz) sound
localisation [7].

Models of ITD and ILD processing have been developed by a number of re-
searchers. Jeffress [6] originally proposed a widely used model to detect ITD in
which sound from each ear passes different delay lines before reaching a coincidence
neuron which fires with a maximum rate when one specific delay time is present
for the sound. Yin [8] improved Jeffress’s model in response to biological evidence
by introducing a single delay line for the ipsilateral ear while retaining multiple
delay lines for the contralateral ear. For ILD, physiological evidence [1] suggests
this cue is encoded in the neuronal firing that results from the interaction of an
excitatory input from the side ipsilateral to the lateral superior olive (LSO), and
an inhibitory input driven by the sound reaching the contralateral side. Thus, as
the sound moves from the one side to the other, the firing rate of the neurons
decreases in one LSO and increases in the other. However, the deep mechanism of
ILD processing remains unclear.

This paper presents a new auditory processing approach designed to provide
live sound source positions via a spiking neural network (SNN). In this SNN, we
implement Yin’s ITD model and also propose an ILD model. Then ITD and ILD
are combined to simulate the role of the IC in the human. This is the first example
of integrating both ITD and ILD into a spiking neural network to cover a wide
frequency range of sound inputs. The neural models in the system are treated as
independent of sound frequency and, ITD or ILD as there is no obvious evidence
for specialisation. This simplifies the system and is a potential advantage for future
adaptive auditory systems.

The rest of this paper is organised as follows. Section 2. reviews the neuro-
physiological data of human auditory pathway. In that section, we introduce level
locking auditory neurons. Section 3. proposes a pyramid model to compute ILD.
Section 4. addresses the generic structure of the spiking neural networks and the
leaky integrate-and-fire soma model. Section 5. proposes a system model which
combines the ITD pathway and the ILD pathway. In Section 6., experimental re-
sults are presented to show the feasibility and performance of the sound localisation
system. Finally, conclusions and future work are given in Section 7..
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2. Biological Fundamentals and Assumptions

When sound waves arrive at ears, the auditory nerve (AN) fibres are triggered to
transmit spikes encoded information to the central nervous system. Each auditory
nerve fibre is maximally sensitive to a characteristic frequency (CF) [9][1]. This
tonotopic representation of frequency is maintained in subsequent nuclei of the
ascending auditory pathway. In addition to this tonotopic representation, the AN
fibres also encode temporal information about the sound waveform. The probability
of AN fibre excitation is maximal during the peak phase of the sound waveform.
This phase locking occurs at frequencies of 20Hz to about 5 kHz, and is an essential
step in the extraction of ITD, because it represents the basis for comparing the
relative timing of the waveforms at the ears. Figure 1 shows an example of spikes
phase-locked to the peaks of the sound waveform.

As the sound pressure level (SPL) increases, auditory nerve fibers increase their
rate of discharge with a sigmoidal relationship to the decibel intensity of sound over
a range of about 30 dB. In order to cover a wide SPL range, e.g. up to 120 dB,
the base point of the range is adaptively changed according to the background
sound level using a poorly understood mechanism. In this paper, we assume there
are “level locking” auditory nerve fibers which generate spiking signals only if the
sound signal level lies in a specific fixed range. Figure 1 shows an example of level
locking spiking signals, where the start point of the sound level range is at point
a. The auditory nerve fiber locked with level a fires spikes at time t1 and t3, while
the AN fiber locked with level b fires one spike at time t4 as the sound wave does
not reach level b during the first period.

After encoding the temporal and amplitude information, the spiking sequence
passes along pathways through the superior olivary complex (SOC) to the inferior
colliculus (IC) where the ITD and ILD cues are processed. Two separate circuits,
the ITD pathway and the ILD pathway, are involved in there. ITD [1] is pro-
cessed in the medial superior olive (MSO) in the SOC, and ILD is processed in the
lateral superior olive (LSO) also in the SOC. The MSO in one side receives exci-
tation from the AVCN (anteroventral cochlear nucleus) from both ears. Besides
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 wave

5t

a

b
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Fig. 1: An example of phase locking spike signals (t2 and t5), and level locking
spike signals (where spikes at t1 and t3 are related to level a and spike at t4 level b)
according to a sound wave. (b-a) is the relative detective range with a start point
of a.
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Fig. 2: Schematic diagram the ITD processing of the MSO in the human.

that excitation, recent neurophysiological studies have revealed that the MSO also
receives inhibition following the excitation [1]. After ITD processing in the MSO,
the results pass to the IC. For ILD processing, cells in the LSO are excited by
sounds that are greater in level at the ipsilateral ear than the contralateral ear and
inhibited by sounds that are greater in level at the contralateral ear [1]. Therefore,
the LSO receives excitation from the ipsilateral AVCN, but inhibition from the
MNTB (medial nucleus of the trapezoid body) which converts the excitation from
the contralateral AVCN to inhibition. Finally, the spiking output of the LSO is
tonotopically projected to IC.

Figure 2 shows Yin’s model of the ITD. The neurons in the MSO are assumed
to be distributed along two dimensions: characteristic frequency (CF) and ITD.
In the figure, the length of the delay line represents the delay duration in the
propagating of the spiking signal from the AVCN to the MSO, so that the ipsilateral
spiking signals have a fixed delay time (the single delay line in the figure), while
the contralateral spiking signals have variable delays (the multi-delay lines in the
figure). When spikes arrive from both sides at the same time, the ITD neuron fires.
This approach is implemented in our model.

3. Model of ILD Processing in LSO

In the LSO, the model of the ILD processing is not yet fully understood. In this
paper, we propose an ILD model based on the neurophysiological evidence of single
delay line and the assumption of the existing of level locking AN. This model, called
the pyramid ILD model, is illustrated in Figure 3. The left slope of the pyramid
receives the inhibition inputs from the contralateral MNTB and the level order
of the inhibition is arranged in the reversed order of the pyramid layer, i.e. the
level number increases from the top to bottom layer. The inhibition of one specific
sound level gets into the network along the dot line in the figure. The right slope of
the pyramid takes the excitation inputs from the ipsilateral AVCN and the input
of a high sound level is organised at the top of the pyramid. The excitation of one
sound level passes down the network along the dashed lines. The neuron at the
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Fig. 3: Schematic diagram the ILD processing of the LSO in the human.

cross point of the excitatory dashed line and the inhibitory dotted line is the ILD
coincidence neuron. It fires only if there are spikes at the excitatory line and no
spikes at the inhibitory line. The layer containing coincidence neuron indicates the
ILD, i.e. the lower layer represents the small level difference and vice versa.

4. Spiking Neural Network

Spiking neural networks (SNNs) [10][11][12] are an artificial neural models, that
explicitly take into account the timing of inputs. They increase the level of realism
in modelling synapses and somas in neural networks. SNNs are better at advantages
when processing continuous temporal input, such as voice and vision. Temporal
inputs can be first encoded into trains of spikes as inputs to the SNNs. Once a
synapse receives a spike, it triggers a postsynaptic current (PSC) that produces
a membrane potential (MP) change at the soma model connected to the synapse.
Therefore, the MP of the soma varies according to the arrival of PSCs and the
soma will fire and release an action potential when the MP reaches a threshold.

The synaptic response to a spike is modelled as a constant square current.
When we assume that a spike has occurred at t = ts, the response of the synapse
model can be described as follows:

I(t) =





0,
ws,
0,

if (t− ts) < ls
if ls ≤ (t− ts) < ls + τs

if ls + τs ≤ (t− ts)
(1)

where ls is the latency of the response to the spike, ws is the weight and τs is the
lasting time. The strength and the sign of ws indicate the strength and the type
(inhibition or excitation) of connection between the synapse and the soma. During
the response to one spike, one synapse will ignore all other incoming spikes.

The soma response to a synaptic input I(t) can be modelled based on the leaky
integrate-and-fire model in [10]:

u(t) = ur exp(− t− ts
τm

) +
1
C

∫ t−ts

0

exp(− s

τm
)I(t− s)ds (2)

where ur is the initial membrane potential when the spike arrives [10], and τm is a
time constant which controls how fast the membrane potential returns to rest. A
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small τm means spikes have to be nearly synchronous for the MP to reach threshold.
In this paper, a typical value for τm is 1.6 ms. C is the capacitor which is charged
by I(t), in order to simulate the procedure of the postsynaptic current charging the
soma. Furthermore, the soma model has one more parameter, the action potential
threshold ϕ. When u(t) = ϕ, the soma will fire a spike, then u(t) is reset to 0 and
integration restarts.

5. System Model of Sound Localisation

Inspired by the neurophysiological data and the proposed ILD pathways presented
in Section 3., we designed a model of sound localisation using the spiking neural
network described in Section 4.. In contrast to other sound localisation systems,
e.g. [13], which only utilises an ITD pathway, our model utilises both the ITD
and ILD pathways for both ears. This feature supports a broadband localisation
we will see in Section 6.. Furthermore, we simplify the model of the synapse, and
the parameters of the synapse and soma are independent to sound frequencies in
contrast to the model in [13]. This feature enables our system to run in real-time
and supports potential optimisations. Figure 4 shows a schematic structure for the
sound localisation procedure in the left ear, i.e. the left ear is the ipsilateral ear
and the right ear the contralateral. Please note that there is duplication on the
right side. In the figure, the tonotopic sound encoding performing in the cochlea
is simulated by a bandpass filterbank consisting of a series of discrete second-
order Gammatone filters [14]. The filterbank decomposes the sound into multiple
frequency channels in a similar way as the cochlea processes the sound. An example
of the filterbank can be seen in Figure 5.

After the Gammatone filterbank, the temporal information of the sound in each
frequency channel is encoded into a spike sequence by the phase locking module in
Figure 4, which simulates the phase locking character of the inner hair cell (IHC)
in the cochlea. At every positive zero-crossing of the incoming sound, a spike is
triggered. At the same time as the phase locking is encoded, the sound amplitude
is encoded into spike sequences by the level locking module shown in Figure 4.
The amplitude of each spike in both phase locking and level locking encoding is
constant. Figure 6 shows an example of the spiking sequences produced by these
two modules.

Following the ITD pathway in Figure 2, the spike sequence of the contralat-
eral ear, i.e. the right ear in Figure 4, passes variable delay lines ∆ti. We denote
the delayed spike sequence as SCP (∆ti, fj), where C stands for the contralat-
eral, P for phase locking, ∆ti for the delay time, fj for the frequency channel j.
Similarly, SIP (∆T, fj) represents the delayed spike sequence of the ipsilateral ear
with a fixed delay time ∆T . SCP (∆ti, fj) and SIP (∆T, fj) are then input to the
ITD coincidence model (please see Figure 9-(a) for details) to compute the ITD.
The output of the ITD coincidence model is a new spike sequence represented as
SITD((∆T −∆ti), fj). When there are spikes in SITD((∆T −∆ti), fj), it means the
sound arriving to the ipsilateral ear is earlier than that to the contralateral ear by
ITD = ∆T −∆ti. Once the ITD calculation is done for all frequency channels, a
three-dimensional ITD distribution map can be drawn, where the x-axis represents
ITD, the y-axis the frequency channel and the z-axis the mean spike count in a
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Fig. 4: Schematic structure of biologically inspired sound localisation system. This
example assumes the left ear is the ipsilateral ear. IHC stands for inner hair cell
and AN for auditory nerve.

unit time. Figure 7 shows an ITD calculation results for a spoken word ’fish’ from
left side at 60 degrees and 1.28m distance. A negative ITD value means the sound
arriving at the right ear is later in time than that at the left ear.

The ILD pathway is modelled in the lower box in Figure 4. The level locking
spike sequences from the contralateral and ipsilateral sides pass fixed delay lines,
∆H and ∆P , respectively. Then they go into the ILD coincidence model for calcu-
lating the level difference. Figure 9-(b) illustrates the coincidence model in detail.
In the figure, SCL(li, fj) represents the contralateral level locking spike sequence
of frequency channel j and level li, while SIL(lk, fj) the ipsilateral level locking
spike of level lk. The output of ILD model is SILD((lk − li), fj), which indicates
the spike sequence when ILD = lk − li. Once the ILD calculation is implemented
for all frequency channels and for both sides, a ILD distribution map can be drawn
in the similar way as the ITD distribution. Figure 8 shows the ILD computation
results for the same sound in Figure 7. A negative ILD value means the level of
sound going to the right ear is lower than that to the left ear.

The calculation results of the ITD and ILD coincidence model are finally merged
together to estimate the sound source azimuth as shown in the Inferior Colliculus
model of Figure 4. To achieve real time computation, we do not use a spiking
neural network for this part of the IC model. Instead, we apply Bayes theorem
to compute the azimuth probabilities according to ITD or ILD and then integrate
them according to frequency. The follow is the detailed approaches, first we obtain
a conditional probability of a specific ITD, mi, given a specific azimuth θj and
specific frequency channel f by sampling white noise from 37 discrete azimuth
angles (from -90 to 90 degrees in 5 degree steps) using a robot head. 2 These
samples were processed through our MSO model to obtain an ITD distribution for

2The head has dimensions similar to an adult human head and included a pair of cardioid
microphones (Core Sound) placed at the position of the ears, 15 cm apart from one another.
Sounds were recorded in a low noise environment with 5 dB SPL background noise. The distance
of the sound source to the center of the robot head was 128 cm and the speakers adjusted to
produce 90±5 dB SPL at 1 kHz. Recordings were digitalised at a sample rate of 44100 Hz. Sound
duration was 1.5s, with 10 ms of silence at the beginning.
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Fig. 5: An example of Gammatone filterbank results. The raw sound is a 500
Hz pure tone recorded from our mobile robot, MIRA, in a noisy environment.
The filterbank is configured with 16 channels covering frequencies from 200 Hz
to 3000 Hz. The sound amplitudes in the bottom figure are normalised for good
visualisation effect.

each azimuth, which was then used to compute p(mi |θj , f). Then the posterior
probability of an azimuth, given specific ITD and frequency, can be calculated by
Bayesian probability as:

p(θj |mi , f) =
p(mi |θj , f)p(θj |f )

p(mi |f )
(3)

where p(θj |f ) can be set as uniform distribution. p(mi |f ) can be calculated as:
p(mi |f ) =

∑
j

p(mi |θj , f)p(θj |f ).

For ILD, we can perform the similar computation and get the posterior prob-
ability of p(θj |li , f), where li indicates a specific ILD. Now, we can use these
posterior probability to estimate azimuth for any sound recording. First, the az-
imuth estimation based on ITD and ILD is calculated separately:

pITD(θj |f ) = p(θj |mi , f)p(mi |f ) (4)

and
pILD(θj |f ) = p(θj |li , f)p(li |f ) (5)

where, p(mi |f ) and p(li |f ) are calculated from the ITD/ILD distribution of cur-
rent sound recording. For example, assume s(mi, f) is the total spike number for
ITD=mi in a frequency channel f , then p(mi |f ) can be calculated as: p(mi |f ) =

s(mi,f)∑
j

s(mj ,f) .

Regarding to the approach to integrate ITD and ILD cues, we have to consider
the advance of ITD and ILD in different frequency band. From biological evidences
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Fig. 6: An example of phase locking encoding and level lock encoding. The incom-
ing signal is the channel 5 output in Figure 5 with a centre frequency of 505 Hz.
The total level number in the level locking encoding is 10. Here, only level-2, 4, 6,
8 are displayed.

of human, ITD can provide accurate sound source azimuth information up around
1 kHz and starts to have ambiguity when frequency is over 1 kHz. In contrast,
ILD plays a trivial role in low frequency (<1kHz) band and begins to be critical in
high frequency bands. Based on this evidence, the azimuth estimation in IC level
is implemented in two frequency bands as follows:

pIC(θj |f ) =
{

pITD(θj |f ) f < 1kHz√
pITD(θj |f )pILD(θj |f ) f ≥ 1kHz

(6)

Finally, a 2D probability map is built with one frequency dimension and one
azimuth dimension. This map can be used to cluster single or multiple sound source
azimuthes by variable methods, e.g. K-means [15]. In this paper, we only consider
a single source, so we sum up all probability along the frequency dimension and
apply a weighted mean method to determine the azimuth. See Equation 7.

θ =
∑

j

(
θj

∑

k

pIC(θj |fk )

)/∑

k

pIC(θj |fk ) (7)

6. Experimental Results

To assess the feasibility and performance of our sound localisation model, four
types of sound were employed: click, pure tone, white noise and speech. The pure
tone included 500Hz and 3000Hz. The speech sounds included two words in the
English language: “hello” and “look”. The robot was kept stationary. Each sound

9



From the Inferior Colliculus to a Hybrid Computational Sound Localisation Model

−0.88
−0.66

−0.43
−0.20

0.02 
0.25 

0.48 
0.70 0.82 

200 
449 

842 
1464

2447
4000

0

10

20

30

L−−−−−−sound source ITD (ms)−−−−−−R

ITD map for speech of ’fish’ from −60 degree in 1.28m

Frequency (Hz)

S
pi

ki
ng

 n
um

be
r

Fig. 7: Illustration of ITD computation. The sound is the word ’fish’ from the left
side at 60 degrees in 1.28m. The sound is recorded with a real robot head in a
quiet room. The correct ITD spike should be around -0.5ms. However, there are
many ambiguous spikes for frequency channels above 1 kHz.

sample is recorded with a distance of 1.28 m and at 7 azimuth positions: -90, -60,
-30, 0, 30, 60 and 90 degrees.

The parameters of the spiking neural network are listed in Table I. The Gam-
matone filterbank is set with 16 channels to cover from 200 to 4000 Hz.

Tab. I: Parameters in experiments

Excitatory Synapse Inhibitory Synapse Soma
ls τs ws ls τs ws ϑ τm C

ITD 2.1 0.08 0.1 2.28 0.08 -0.1 8e-4 1.6 10
ILD 2.1 0.08 0.1 2.28 0.08 -0.1 8e-4 1.6 10

Channels Channels ∆ti ∆T ∆H ∆P
ITD 17 n/a [1.4 2.6] 2 n/a n/a
ILD n/a 10 n/a n/a 2 1.8

*Note: the unit of ls, τs, ws, τm,∆ti , ∆T , ∆H and ∆P
is ms and the unit of C is mF.

Tables II, III and IV show the results using three different methods for sound
localisation. In Table II, only ITD cue was applied to compute the azimuth, i.e.
pIC(θj |f) = pITD(θj |f) instead of Equation 6. In Table III, only ILD cue was used
, i.e. pIC(θj |f) = pILD(θj |f) instead of Equation 6. In Table IV, both ITD and
ILD cues were utilised. The top line of each table shows the real azimuth angle of
the speaker and the first left column shows the sound type. The estimated azimuth
angle is shown in the corresponding cell.

Table II shows that ITD cues are reliable for most of sound types except for
the high frequency pure tone 3000 Hz for which ITD cue fails for all. This fact is
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Fig. 8: ILD calculation illustration. The sound source condition is the same as in
Figure 7
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Fig. 9: (a) ITD coincidence model (b) ILD coincidence model. ES stands for
excitatory synapse, and IS inhibitory synapse.

consistent wit the known multiple-peak ambiguity of the the ITD cue. The accuracy
of the ITD cue is high when sound comes from front [-30, 30] degree range and is
poorer when the sound source is to the side. The result in this table confirms the
fact [1] that (i) the ITD cue has the highest efficiency for sound localisation when
the sound source is in front of the observer, and (ii) the ITD cue effect on sound
localisation degrades over 1 kHz for a distance 15 cm between the microphones.

In contrast, Table III shows that ILD cues are not as accurate as ITD in most
conditions. However, the ILD cue did a much better azimuth estimation for a pure
tone of 3000Hz. This result matches the fact [1] that the ILD is the main cue
for the high frequency sound localisation. For 500Hz, the ILD cue has the worst
performance where it cannot even distinguish the sound from the left or right sides
because there is not significant binaural sound level difference for a low frequency
sound. For all other broadband sounds, the ILD cue provided the best estimation
when sound came from -60 and 60 degrees because when sound comes from side,
sound level becomes significant in contrast to ITD.
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Tab. II: Result using ITD cue only

Azimuth -90.00 -60.00 -30.00 0.00 30.00 60.00 90.00
click -64.02 -60.77 -30.00 0.00 18.05 48.09 51.22
noise -77.31 -72.48 -30.00 0.00 30.00 72.20 77.96

500Hz -90.00 -76.84 -30.00 0.00 59.37 90.00 77.59
3000Hz -0.93 -1.92 -0.07 8.55 -1.90 2.51 -1.38

hello -76.73 -72.52 -30.00 0.00 30.00 72.28 77.78
look -77.05 -72.12 -30.00 0.00 30.00 72.32 77.73

Tab. III: Results using ILD cue only

Azimuth -90.00 -60.00 -30.00 0.00 30.00 60.00 90.00
click -8.13 -47.31 -34.12 -2.83 7.32 9.52 27.22
noise -48.31 -59.23 -47.26 -34.57 59.24 60.37 61.02

500Hz -4.43 -0.69 -8.78 -0.68 -3.38 0.75 -2.57
3000Hz -61.19 -60.06 -59.60 0.00 59.92 59.78 58.75

hello -47.11 -59.54 -47.02 -20.53 48.75 60.31 50.07
look -47.87 -59.56 -46.71 -21.39 48.61 60.34 60.72

Table IV shows that combining ITD and ILD can accurately estimate the az-
imuth over all four types of sound. For a low frequency pure tone, the performance
is the same as for the method using ITD only. For a high frequency pure tone, this
method generates much better results than using only ITD or ILD. Even for the
broadband sound, integrating the ILD with ITD, the model shows ITD’s higher lo-
calisation efficiency between [-30,30] degrees and also increased accuracy for sound
from sides. The results in this table shows that our method of integrating ITD and
ILD cues improves the performance of the sound localisation over wide frequency
and broadband sounds.

7. Conclusions and Future Work

In this paper, we implemented a sound localisation system using spiking neural
network inspired by mammalian auditory processing. In this system, both the ITD
and ILD pathway were modelled based on recent neurophysiological findings. In
the ITD pathway, we based our research on Jeffress’s model. In the ILD pathway,
we proposed an assumption of the level-locking auditory nerve and built a pyramid
model to calculate ILD. The parameters of the SNN were set independently to the
sound frequency and ITD (ILD) in contrast to similar work in [13]. The ITD and
ILD cues were merged using Bayes theorem integration. The experimental results
showed that our system can localise the sound source from the azimuth -90 to 90
degree. The sound frequency varied from 500 to 3000 Hz. The effect of frequency
and sound source position on the localisation efficiency had a high correspondence
with neurophysiological data.

In the future, active sound localisation, which can specify the feature frequen-
cies of an interesting object, will be the next step of our research. In addition, an

12



J. Liu, H. Erwin and S. Wermter

Tab. IV: Result combining ITD and ILD

Azimuth -90.00 -60.00 -30.00 0.00 30.00 60.00 90.00
click -64.33 -60.00 -30.00 0.00 30.00 58.27 78.02
noise -77.68 -60.00 -30.00 0.00 30.00 72.30 77.92

500Hz -90.00 -78.65 -30.00 0.00 43.19 90.00 90.00
3000Hz -76.73 -57.84 -52.74 0.00 57.64 60.77 78.47

hello -77.21 -60.00 -30.00 0.00 30.00 71.67 90.00
look -77.59 -60.00 -30.00 0.00 30.00 71.99 90.00

adaptive relative range of the level-locking encoding by using the feedback from
SOC should increase the localisation efficiency of our system in a cluttered envi-
ronment. For the application of our system to a mobile robot, we are planning
to implement a self-calibration sound localisation system which can adaptively ad-
just the synapse and soma parameters according to the environment or hardware
changes.
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