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Abstract. Several applications would emerge from the development of
efficient and robust sound classification systems able to identify the na-
ture of non-speech sound sources. This paper proposes a novel approach
that combines a simple feature generation procedure, a supervised learn-
ing process and fewer parameters in order to obtain an efficient sound
classification system solution in hardware. The system is based on the
signal processing modules of a previously proposed sound processing sys-
tem, which convert the input signal in spike trains. The feature gener-
ation method creates simple binary features vectors, used as the train-
ing data of a standard LVQ neural network. An output temporal layer
uses the time information of the sound signals in order to eliminate
the misclassifications of the classifier. The result is a robust, hardware
friendly model for sound classification, presenting high accuracy for the
eight sound source signals used on the experiments, while requiring small
FPGA logic and memory resources.

1 Introduction

By the information provided from the hearing system, the human being can
identify any kind of sound (sound recognition) and where it comes from (sound
localization) [1]. If this ability could be reproduced by artificial devices, many
applications would emerge, from support devices for people with hearing loss to
safety devices.

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 [2], while others attempt to divide
all possibly mixed sound sources and apply independent techniques for each kind
of signal [3]. Sakaguchi, Kuroyanagi and Iwata [4] proposed a sound classification
system based on the human auditory model, using spiking neural networks for
identifying six different sound sources.

Due to its high computational cost, sound classification systems are often
implemented in hardware for real-time applications. A preliminary hardware



implementation of the model proposed in [4] was presented in [5], while a full
system implementation, including the signal processing modules, was proposed
in [6]. The spiking neurons based model proposed in [4, 5], although presenting
acceptable results, requires the adjustment of several critical parameters, while
requiring a large FPGA area, in spite of claims of implementation efficiency of
spiking neural networks in digital hardware.

This paper proposes a new approach for sound classification and its corre-
spondent hardware implementation. While still based on spikes, a new feature
generation method enables high accuracy with an efficient implementation in
hardware. The proposed method also presents few non-critical parameters on
the learning process.

The organization of the paper goes as follows: a short description of the signal
processing and pulse generation modules is presented in Section 2, and Section
3 introduces the proposed model, which hardware implementation is presented
in Section 4. Section 5 presents experimental results, and Section 6 concludes
the paper with analysis of the results and suggests possible future extensions.

2 Signal Preprocessing and Spikes Generation

The main structure of the sound classification system is shown in Figure 1(a),
with its first block is detailed in Figure 1(b). The use of spikes is required due
to the use of the proposed method in a larger system, described previously in
[6], which also includes sound localization and orientation detection, in which
sharing of signal processing modules is mandatory.

The sound signal is sampled at 48kHz, converted to single-precision floating-
point representation and sent to the filter bank module, which divides it in N
frequency channels. After, the signals’ envelops are extracted and their amplitude
used for controlling the period of the spikes generators. All spike trains pn (t)
(n = 1 . . . N) become the input data of the sound classification module.
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Fig. 1. Sound classification system (a) main structure and (b) signal processing
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Fig. 2. Spike map for a segment of the interphone sound signals

3 Proposed Model

The previous sound classification model proposed in [4, 5] presents several pa-
rameters that must be correctly tuned in order to obtain a good accuracy. The
tuning process is not straightforward and requires several retrials. Moreover, as
the model is based on a non-supervised learning model, a successful learning
cannot be always guaranteed and the training process is very time-consuming.

The approach proposed in this paper combines a simple feature generation
procedure, a supervised learning process and fewer parameters in order to ob-
tain an efficient sound classification system solution. This solution presents high
accuracy and uses small resources (e.g. FPGA area and memory). The following
sections present each of the modules in details.

3.1 Feature Generation

As the firing rate of the spike trains corresponds to the amplitude of the signal,
a straightforward approach for detecting the energy xn (t) of each nth frequency
channel is to count the number of spikes in a time window of length W :

xn (t) =
W−1∑

i=0

pn (t− i) (1)

where pn (t) is the spike train value on time t, n = 1 . . . N . The vector x hence
represents the sound pattern in time t. Figure 2 shows the plot of the number of
spikes per time window for the sound signal interphone, used on the experiments
in Section 5.

If this vector is naively used as the input sample z for the classifier, different
signal amplitudes would result in different patterns, what is not desirable. A
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Fig. 3. Binary features for the (a) interphone and (b) fire truck sound signals

different approach is to consider the highest firing rate channels’ indexes as the
feature vector for the classifier:

zm = arg max
n

mpn (2)

where arg maxi represents the index of the ith highest element in a vector, m =
1 . . .M and M is the number of features (number of channels to be considered).
The drawback of this approach is that, due to the use of the channels’ indexes,
small frequency shifts result in large vectorial distances. Therefore, standard
distance measurements cannot be applied for comparing the patterns.

Even though the order of the highest firing rates may contain information
about the pattern, a very robust set of features can be obtained by ignoring this
information. Thus, the new feature vector becomes a binary vector defined as:

zn =

{
1 if pn ≥ max

i

Mpi

0 otherwise
(3)

where maxi represents the ith highest element in a vector. Figure 3 shows the
binary features of the interphone and fire truck sound signals.

3.2 Classification

The standard Learning Vector Quantization (LVQ) neural network [7] was used
as the classifier. The learning rate α was reduced linearly along the training
epochs by a β factor. The clusters centers were initialized using the Max-Min
Distance clustering algorithm [8].

As the patterns were reduced to simple binary vectors, they can be compared
by Hamming distance:

d (z, ω) =
N∑

i=1

|zi − ωi| (4)

where the elements of sample z and weight ω, during the training process, are
converted to binary values only for distance calculation.
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3.3 Time Potentials

In the feature generation process, no feature extraction or selection procedure
is being used in order to “clean” the patterns. Although such techniques would
avoid misclassifications by the LVQ neural network, they also would add more
parameters to the system and increase the training complexity.

Up to the LVQ neural network, no time information had been used for the
classification. It can be assumed that the sound sources being recognized will not
present instant changes, i.e. they last for periods of time much larger that the
size of the time windows. Thus, by the use of potentials similar to the membrane
potential of spiking neurons, one can remove the instant errors from the LVQ
neural network without modifying the training process. The time potentials are
defined as:

uk (t) =

{
min (umax, uk (t− 1) + γ) if k = y (t)

max (0, uk (t− 1)− 1) if k 6= y (t)
(5)

where uk is the potential of the kth category, γ is the increment for the winner
category and umax is the maximal potential. Hence, the winner category at time
t is the one with higher uk (t) value. It must be noted that, by setting the umax

parameter, the increment γ does not need to be adjusted. In the experiments of
this paper, γ was set fix to 2.



Table 1. LVQ neural network confusion matrix

Original
Recognition Result

alarm ambulance fire truck interphone kettle phone police voice unknown
alarm 1512 0 0 1 13 0 0 2 0

ambulance 0 3543 1 870 0 0 18 1 91
fire truck 42 6 4349 7 16 28 96 0 40
interphone 0 121 6 1985 0 0 4 0 22

kettle 40 0 0 0 1479 0 0 0 1
phone 1 0 1 0 0 1765 0 0 1
police 11 106 147 565 13 46 4039 0 181
voice 59 902 202 1850 1 70 62 6931 387

4 Hardware Implementation

The state machine of the sound classification system is shown in Figure 4. The
spike counting happens as an independent process, which transfer the total num-
ber of spikes to the feature generation process when a full window is completed.
The feature generation module sequentially searches the M largest spike rates
and send this result to the classification module, which searches for the cluster(s)
with the smallest distance to the feature vector. Finally, a winner-takes-all voting
is performed and the final label is sent to the output.

The circuit was implemented in an Altera Stratix II EPS260F484C4, which
contains 48352 Adaptive Look-Up Tables (ALUT) and more than 2M bits of
internal memory. The proposed method (with 9 features, 1000 clusters per class
and a 1000 samples time window) uses a total of 2136 ALUTs, 1206 dedicated
logic registers (DLR) and 184K bits of memory (for storing the reference vectors
of the LVQ neural network). The size of the memory scales linearly with the
number of clusters per class and the number of categories, while the number of
ALUTs and DLRs presents small increases for larger values of R and number

R (number of neurons used for winner−takes−all)
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Fig. 5. LVQ accuracy (a) as function of R and (b) as function of the number of features
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Fig. 6. Time potentials and final sound classification results

of categories. The number of clusters per class and number of features do not
significantly increase the number of ALUTs and DLRs.

For this same configuration, the average processing time for the feature ex-
traction and classification procedures are, respectively, is 3.74µs and 42.16µs.
The classification processing time grows linearly with the total number of clus-
ters. Considering a 48kHz sampling rate, these timings enable the use of a much
larger number of categories and reference vectors.

5 Experiments

Eight sound signals were used on the experiments: alarm bell, ambulance, fire
truck, interphone, kettle, phone ring, police car and human voice. The databases
where split in training and test sets in a 2:1 rate. The voice database contains
several individuals’ voice signals, thus, presenting a larger number of samples.

The LVQ network was trained with α0 = 0.1, β = 0.995 and a maximal
of 1000 learning epochs. Figure 5 shows the test accuracy for several training
parameters, and Table 1 shows the confusion matrix of the chosen parameters
set (9 features, 1000 neurons per class and 1000 samples time window).

The accuracy values presented in Figure 5 and Table 1 are the raw classifica-
tion result of the LVQ neural network. Figure 6 show the results when calculating
the time potentials, for a maximal potential umax equal to 192. All the misclas-
sifications were eliminated, with the the drawback of a small delay introduced
on the response of the system.



6 Discussion and Conclusions

This paper proposed a new method for implementing a sound recognition system
in an FPGA device. A novel and robust feature generation approach permits
the use of a very simple classifier, a standard LVQ neural network, while an
independent temporal layer eliminate the misclassifications.

The obtained classification accuracy is encouraging. When running in the
FPGA, the proposed model showed to be very robust and insensitive to back-
ground noise. On the case of the human voice database, several individual’s voice
not used on the training set were successfully recognized. An improved version
of the time potential layer with a better response time is being developed.

Future works include the use of a larger filter bank in order to increase the
system’s accuracy. Several more sound sources will be used in order to deter-
mine the limits os accuracy of the proposed system. The implementation of the
learning system in hardware would permit several new applications, as well as
increasing the system’s flexibility.
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