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Abstract. Several applications would emerge from the development of
artificial systems able to accurately localize and identify sound sources.
This paper proposes an integrated sound localization and classification
system based on the human auditory system and a respective compact
hardware implementation. The proposed models are based on spiking
neurons, which are suitable for processing time series data, like sound
signals, and can be easily implemented in hardware. The system uses
two microphones, extracting the time difference between the two channels with a chain of coincidence detection spiking neurons. A spiking
neural networks process the time-delay pattern, giving a single directional output. Simultaneously, an independent spiking neural network
process the spectral information of on audio channel in order to classify
the source. Experimental results show that a the proposed system could
successfully locate and identify several sound sources in real time with
high accuracy.

1

Introduction

In recent years, sound localization and spacial hearing have been extensively
studied. Many works aims to model biological hearing systems, while others try
to reproduce their basic functionality with artificial systems. However, the development of a consistent and robust artificial hearing system remains a challenge.
Nevertheless, several practical implementations have been proposed, the majority of them based on the estimation of the time-delay between the signals from
one or more pairs of microphones.
Several authors proposed methods for time-delay estimation based on variations of the the Generalized Cross-Correlation technique [1]. Although mathematically consistent and achieving good performance, those methods presents
complex implementations and have no relation with the true biological hearing systems. More recently, several biologically inspired sound localization approaches based on spiking neural networks have emerged. Those methods have
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Fig. 1. Block diagrams of (a) main sound localization and classification system (b)
filtering and spike generation stage (dn : 32-bit bus signals, cn : control signals)

the advantages of naturally dealing with temporal data and presenting a simple
implementation in hardware [2].
Kuroyanagi and Iwata [3] proposed a spiking neural model for detecting the
localization of a sound source based on the inter-aural time difference (ITD)
and the inter-aural level difference (ILD). This model was further extended by
the addition of a competitive learning spiking neural network [4] in order to
combine the output of the ITD extractors of all frequency channels [5]. Schauer
and Paschke [6] proposed a similar structure, except for the use of a WinnerTake-All (WTA) spiking neuron structure for combining the several frequency
channels outputs. Later, the model was extended for a 360◦ localization model
by using a special microphone arrangement [7]. They also presented a partial
hardware implementation of their system [8].
In contrast to sound localization, systems capable of identifying the nature
of non-speech sound sources were not deeply explored. Some authors study the
application of speech-recognition techniques [9], while others attempt to divide
all possibly mixed sound sources and apply independent techniques for each
kind of signal [10]. Sakaguchi, Kuroyanagi and Iwata [11] proposed a sound
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Fig. 3. Piecewise function of the Hair Cell model and the approximation error

classification system based on the human auditory model, using spiking neural
networks for identifying six different sound sources.
From all the works described above, the models proposed in [3–5, 11] have
several advantages. The models are purely based on spiking neurons, making
its hardware implementation very efficient. They also presents several common
components, reducing the model’s complexity while keeping the system generic
and extendable. Based on these models and on a preliminary hardware implementation presented in [12], this paper proposes an integrated solution for sound
localization and classification using only spiking neurons based components (except the filtering and spike generation stage), fully implemented in an FPGA
device.

2

Proposed Model

The proposed system consists on the implementation of a sound localization
and classification system in a portable hardware suitable for real-time applications. The system is able to localize a sound source using the signal from two
microphones, as well as classify the source in one of the predefined types.
The block diagram of the proposed model’s main structure is show in Fig.
1(a). The system is divided in two branches, sound localization and sound recognition. Both of them use input data from the filtering and spike generation stage,
which detailed diagram is shown in Fig. 1(b). The following section describe each
block in details.
2.1

Filtering and Spike Generation

All circuits described in this section were implemented using single precision
floating point numerical representation. The filtering stage is composed by 43
filters for the left channel (used for localization and recognition) and 15 filters
for the right channel (used only for localization). Each filter block implements
a second order Infinite Impulse Response (IIR) elliptical filter with unitary gain
on the center frequency or pass band. A cascade of a bandpass and a low-pass
produces an approximation for the cochlea’s frequency response. The total gain
of all the filters is shown in Fig. 2. Equation (1) shows the basic equation of the
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used filters:
y0 = (b0 x0 + b1 x1 + b2 x2 ) − (a1 y1 + a2 y2 )

(1)

where xn and yn correspond, respectively, to the input sample on the instant
of time n, or x (t − n) and the output of the filter on the instant of time n, or
y (t − n), and an ,bn are the filter coefficients.
The filters were implemented in a pipeline structure, in which all the multiplications are made in parallel, followed by three levels of additions and subtractions. The input and output values are stored and delayed by shift registers,
avoiding the use of RAM memories with complex addressing logic. Due to restrictions of the architecture of the used FPGA and to simplify the circuit, the
pipeline calculates 64 filters outputs at each cycle, 6 of them being ignored on
this implementation. Thus, a new sample can be processed 64 clocks after the
previous sample was received.
The output of the filters are then transformed by a non-linear function corresponding to the inner hair-cells of the hearing system. The hair-cells function
is shown in equation 2:
( 1
x3
x≥0
f (x) =
(2)
1
1 3
x
x
<
0
4
The implementation of a true exponential function in hardware is very complex. Instead, this paper proposes the use of a piecewise linear approximation
for implementing this function. Usually, this would require several comparisons
for determining which linear function should be used for a certain value. Instead
of determining the range by the total value (what would require 32-bits comparisons), the ranges for the linear functions were determined by the exponent
of the input value, represented by the first 8 bits after the sinal bit in a singleprecision floating point. From the maximal range of the input signal and desired
precision, only exponents from -16 to +15 were used. This requires 5 exponent
bits plus the signal bit, resulting in 64 different pairs of coefficients. The required
multiplication and addition were also constructed using a pipeline structure of
16 stages.
Figure 3(a) shows the true hair cell function and the piecewise approximation. The approximation error is shown in Fig. 3(b). The different scales on the
graphics shows that the error is negligible. The result from the hair-cell block is

applied in a second order IIR Butterworth 400 Hz low-pass filter, which structure
is identical to the filters described above.
The same piecewise linear approximation approach was used for the spikes
generation. Equation 3 is used for calculating the inter-spike period T :
xmax − xmin
T =K
(3)
x − mmin
where x is the input value, xmax and xmin are limiting factors for the value of x
and K is a constant. From the resulting range of the hair-cell function (-8 to +32)
and the minimal possible interval between spikes (determined by the sampling
frequency), only exponents from -2 to +5 were used. The true function and the
piecewise approximation are shown in Fig. 4(a) and the associated error in Fig.
4(b). After the period is calculated, the equivalent integer value it is compared
with the correspondent timer and, if it overflows the calculated period, a spike
is generated on the respective channel.
2.2

Spiking Neuron Model

The spiking neuron model used in this research is based on the standard integrateand-fire (I&F) model [2]. A block diagram of the FPGA implementation of this
model is shown in Fig. 5. As the input signals are pulse trains, their weighted
sum can be implemented with AND circuits, which outputs are then added and
the result compared with the threshold. The neuron’s output u (t) of the used
spiking neuron model is:
Ã n
!
X
u (t) = H
pk (t) − θ
pk (t) = e−∆t/τ pk (t − ∆t)
(4)
k=1

where H (·) is the unit step function, θ is the threshold and pk (t) is the membrane
potential of the k th input. The model also has a refractory period tr , during which
the neuron is unable to fire, independently of the membrane potential.
The time constant decaying is achieved by a bit shift and a complement
operation, subtracting a fraction of the former inner potential. Ideally, all local
membrane potential units should contain the decaying operator. However, on
this research, for the sake of simplicity, only the inner potential unit contains
that operator, as the time constant is the same for all local membrane potentials.
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2.3

Time-Difference Extractor

Each spike train generated at each frequency channel is inputted in an independent Time Difference Extractor (TDE). The structure of the extractor is
based on Jeffress’s model [13]. The left and right signals are inputted in opposed
sides of the extractor, and the pulses are sequentially shifted at each clock cycle. When a neuron receives two simultaneous spikes, it fires. The position of
the firing neuron on the chain determines the time difference. The TDE’s basic
diagram is shown in Fig. 6(a).
This work uses an improved version of the model, initially proposed in [12].
Each neuron fires only when both input’s potentials reach the threshold θT DE .
Also, when a neuron fires, the two input spikes are deleted, preventing several
false detections due to the matching of pulses of different cycles, as shown in
Fig. 6(b). The spiking neurons on the TDE uses 8-bit fixed-point numerical
representation.
2.4

Competitive Learning Network

The Sound Recognition Estimator, the Spectrum Pattern Quantizer and the
Sound Recognition Estimator are based on the Competitive Learning Network
using Pulsed Neurons (CONP) proposed in [4]. The CONP is a single layer
spiking neural network trained primarily by unsupervised learning (but also
supporting supervised learning). In order to have just one neuron firing at a time,
the CONP model presents two types of control. The non-firing and multi-firing
detection neurons fire respectively in case of no firing or multiple firing neurons,
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Fig. 8. Proposed system’s FPGA board

increasing or decreasing the inner potential of the neurons. This is also equivalent
of changing the firing threshold. Another mechanism only enables the neuron to
fire when the input spike train has a sufficiently high input potential (potential
without weighting). The FPGA implementation of CONP, previously presented
in [12], is shown in Fig. 7. The CONP implementation uses 32-bit fixed-point
numerical representation for the spiking neurons weights and potentials.
A single neuron circuit can be used for calculating the input potential, as
the time decays and weights are constant. The input potential is then used for
calculating the new threshold. The control neurons also do not act directly on
the inner potentials, but instead are sent to the threshold control unit, which
calculate the change on the threshold. The final equation for the spiking neuron
then becomes:
Ã n
!
X
pk (t) − θ − θnf d (t) − θmf d (t) − θin (t)
(5)
u (t) = H
k=1

where θnf d (t), θmf d (t) and θin (t) are, respectively, the no-firing detection threshold, the multi-firing detection threshold and the inner-potential threshold.
2.5

Proposed Models FPGA Board

In order to attend the performance requirements of the presented implementation
and allow future extensions, a custom 10x7cm hardware platform, shown in Fig.
8, was developed. The core of the system is a state of the art FPGA device, an
Altera Stratix II EPS260F484C4, containing 48352 ALUTs (Adaptive Look-Up
Table) and 288 9-bit DSP block elements. The audio sampling interface is based
in a AD7864, providing analog-to-digital conversion rate up to 520kSPS with
12 bits of resolution on 4 simultaneous channels. This, in addition to a serial
interface and a couple of LEDs and switches, makes the board a general purpose
development platform for audio based applications.

3

Experimental Results

Figure 9 provides the timing for the digital signal processing blocks. The signal
names corresponds to the diagram in Fig. 1(b). The process is triggered by a
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Fig. 9. Timing for data acquisition, filtering and spike generation

rising edge on the sampling frequency clock signal fs. After the ADC reads the
left and right channels values, the pipeline process starts. All the processing for a
single sample takes 4.24µs at 50MHz, enabling real time processing for standard
audio sampling frequencies.
Six sound signals were used on the localization and classification experiments:
“Alarm Bell”, “Interphone”, “Phone Ring”, “FM Noise”, “Kettle” and “Human
Voice”. The experimental sounds were recoded in an semi-anechoic chamber and
a Neumann KU100 Dummy Head was used as a microphone. The sound source
was moved circularly from 90◦ left to 90◦ right in relation to the dummy head,
1m away from it. The test results (calculated from the number of correct firings
in a fixed direction sound signal) correspond to the average of three different
test signals independent of the training signal. As each channel’s time difference
extractor uses only one frequency band and the time difference for each frequency
is the same for a fix direction, only the “FM Noise” data was used for training
the sound localization estimator. As it contains a wide spectrum, all other sound
sources could be correctly located.
Table 1 shows the sound localization results for the “FM Noise” and “Alarm
Bell” signals. While the “FM Noise” signal presents a high accuracy for all directions, the “Alarm Bell” sound does not present similar performance. One reason
form this is the majority of high frequency components on this signal spectrum,
which cannot be efficiently located due to the small wave length in comparison
to the microphones’ distance [7]. Nevertheless, when taking averaged firing rates

Table 1. Recognition rates (%) for the FPGA sound localization
Recognized Source Location: (-) left, (+) right
True
FM Noise
Alarm Bell
Location
-90◦ -60◦ -30◦ 0◦ +30◦ +60◦ +90◦ -90◦ -60◦ -30◦ 0◦ +30◦ +60◦ +90◦
-90◦ 98.3 0.4 0.3 0.3 0.3 0.2 0.2 61.3 15.5 8.9 3.5 4.6 3.0 3.1
0.4 98.1 0.3 0.3 0.3 0.3 0.3 19.7 47.6 7.1 2.0 14.4 5.2 4.1
-60◦
-30◦
0.3 0.3 98.4 0.3 0.3 0.2 0.2 10.6 4.0 69.8 1.7 2.6 8.0 3.3
0◦
0.3 0.2 0.3 98.6 0.2 0.2 0.2 3.9 2.6 2.2 80.9 1.4 3.8 5.2
+30◦
0.2 0.2 0.2 0.3 98.5 0.3 0.3 4.4 9.9 3.0 1.6 56.9 5.4 18.9
+60◦
0.3 0.3 0.3 0.3 0.3 98.2 0.3 4.8 6.3 13.5 3.7 6.1 46.7 18.9
+90◦
0.2 0.2 0.3 0.3 0.3 0.3 98.4 2.1 3.2 5.9 2.6 8.3 10.9 66.9
Table 2. Recognition rates (%) for the FPGA sound classification
True
Recognized Sound Source
Sound Source Alarm Bell Interphone Kettle Phone Ring Voice FM Noise
Alarm Bell
99.5
0.0
0.0
0.4
0.0
0.1
Interphone
0.0
96.9
0.0
0.3
1.5
1.3
Kettle
0.0
0.0
99.5
0.5
0.0
0.0
Phone Ring
0.4
0.3
0.5
99.0
0.5
0.2
Voice
0.0
1.5
0.0
0.0
98.8
0.2
FM Noise
0.1
1.3
0.0
1.0
0.0
99.0

in short intervals, it always correspond to the correct direction, confirming the
efficiency of the proposed FPGA implementation on locating the sound source.
The results for the sound classification experiments are shown in Table 2. All
the sound sources could be accurately identified in all cases. The slightly lower
value of the “Interphone” reflects the problem of short duration sounds or sound
signals composed by different sequential sounds (e.g. door bells).
Table 3 shows the processing time and logic utilization of each of the circuit
blocks shown in Fig. 1. The CPU processing time corresponds to a software simulation running in a Pentium IV 3.8GHz with 2GB of RAM. The logic utilization
values do not include the external interfaces (ADC and serial port).

4

Conclusion

This paper proposes an integrated sound localization and classification system
and a respective compact hardware implementation. Such kind of system can
be the core of several applications, including support and safety devices. The
Table 3. Processing time for a 10 seconds sound
Processing Time
Component
CPU(s) FPGA(s)
Filtering & Spike Generation 11.61
0.68
41.25
0.84
Time Difference Extractor
Sound Localization Estimator 8.61
0.88
Frequencial Pattern Quantizer 2.31
0.73
Sound Recognition Estimator 1.66
0.64
Total
65.44
1.78

signal and FPGA logic utilization
Logic Utilization
ALUTs Memory Bits DSP blocks
10564
71528
136
14025
10011
4594
1570
40764
71528
136

proposed system can successfully localize and classify several sound sources,
without requiring any external processing.
Future works also include the optimization of the FPGA code in order to use
smaller devices, by converting the spiking neural network to a serial-processing
architecture. Moreover, a 360◦ localization system and an extension for classifying multiple simultaneous sound sources are already being developed.
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