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ABSTRACT
The purpose of this paper is to build a system model which can automatically separate background sound
from noisy speech signal, and then classify the background into predefined event categories. This paper
proposed to use weighted overlap-add algorithm (WOLA) for feature extraction and neural network (NN)
for sound event detection, with recordings of 11 realistic background noise scenes (cafe, station, hallway …),
mixed with human speech at SNR of 5 dB. In our approach, an energy waveform trough detection algorithm
is used to retrieve important background sound information. Then the WOLA algorithm is used to extract
spectral features by transforming each fraction of time domain signal into frequency domain data represented
in 22 channels. Moreover, a feed-forward neural network with one hidden layer is used to effectively
recognize each event’s diverse spectral feature pattern, and then produces classification decisions in the form
of confidence values. The overall detection accuracy has achieved 96%, while the event ‘hallway’ has the
lowest detection rate at 85%. Moreover, this detection algorithm could improve noise reduction in hearing
devices by applying distinct compensation gains, which will attenuate the noise dominated frequency bands
for each particular predefined event.
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1. INTRODUCTION
Hearing aid and cochlear implant are two main types of hearing devices that can help people with
hearing loss regain partial hearing ability. People with a hearing aid or cochlear implant generally still
have difficulty in understanding speech in background noise. Smart sound processing in detecting and
classifying background events can potentially improve their speech understanding in adverse listening
environments.
Efficient ways of separating background noise from complex sounds is a crucial component for
smart sound processing. Speech pause detection is one useful method for noise background separation.
The pause detection algorithm tracks the power envelops of the speech + noise signals and marks the
minima points as ‘pauses’ [15]. In this study, a simplified ‘trough detection’ algorithm is developed
on the basis of the speech pause detection algorithm.
The weighted-overlap add (WOLA) analysis is an efficient and robust tool for processing audio
signals and it is widely available on hearing device DSP (digital signal processing ) platforms. WOLA
is an analysis and synthesis technique which breaks down a piece of continuous audio signal into
separated small segments for feature extraction process. Brennan et al. [12] have built an adaptive
filtering system using WOLA in an ultra-low-power DSP. Moreover, Sheikhzadeh et al. [10] proposed
a delayless method for adaptive filtering through subband adaptive filters (SAF) systems based on
WOLA, taking advantage of WOLA’s block processing feature which doesn’t involve long FFT or
IFFT operations. In another study by Vicen-Bueno et al. [11], the WOLA filterbank was used in a
modified LMS-based (Least Minimum Square) feedback-reduction subsystems in digital hearing aids.
Spectral subtraction techniques involve the use of FFT (Fast Fourier Transform) or filter banks. It
estimates the power spectrum of noise-free signal by subtracting the overall signal power spectrum
with the noise-only power spectrum. Mwema and Mwangi [2] proposed an algorithm based on the
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spectral subtraction method to eliminate the Gaussian white noise. In this paper, the spectral
subtraction technique is used and the event feature gain pattern is applied to attenuate the noise
frequency channels.
Neural network applications in DSP has been gaining attention in recent years, due to the increased
processing power in low-cost/low-power DSPs. The neural network running efficiency is exploited
by Behan et al. [3]. They have performed ways to accelerate Integer Neural Networks (INN) on low
cost DSPs by using DSP instructions. In another study by Namjin et al. [9], a DSP-Based Hierarchical
Neural Network is used for classification of 11 modulation signals by analyzing on 31 statistical signal
features. With similar idea, in this study, neural network is used to classify 11 sound events based on
22-channel spectrum features.
The proposed intelligent background sound event detection system aims to classify a given sound
signal into one of the preset scenes. The structure of this paper is as follows. The trough detection
algorithm used for separating background noise from speech audio signals is presented in Section 2.
The feature extraction procedure, including the use of WOLA for sound analysis and synthesis, as
well as the smoothing of estimated noise templates, are described in Section 3. In Section 4, the
application of neural networks in sound event classification and its detailed structure design are
discussed, as well as the evaluation of the detection accuracy derived from the testing dataset. The
application of noise reduction gain patterns and results are discussed in Section 5. And lastly, the
conclusions and future work are discussed in Section 6.

Figure 1. Framework of the main signal processing procedures.

2. TROUGH DETECTION ALGORITHM
In this study, sound event refers to a set of environmental noises in 11 different scenes. The
background noise audio files are downloaded from the Creative Commons website. They include 'cafe',
'cafeteria', 'hallway', 'kitchen', 'living', 'meeting', 'office', 'resto', 'square', 'station', and 'washing'. Each
event contains 16 files, and each file lasts 5 minutes long. The ideal type of background noise signals
for detection should be stationary with a constant volume. Events of ‘cafe’, ‘cafeteria’, ‘living’,
‘meeting’, and ‘resto’ are presumed to be relatively more difficult for detection, since they contain
varying sound elements. In this study, the first 4 minutes of each file is used for training, while the
last 1 minute of each file is reserved for detection testing.

Table 1: Sound file list.
The speech file contains a piece of human speech consisting of 3 sentences and lasting about 6
seconds. The audio signals used in this study are mixed audios generated by adding event noise signals
to human speech signals with SNR at +5 dB and a sampling rate of 24 kHz. To generate a mixed audio
at desired SNRs, the formula below is used:
ܵ௫ௗ ൌ ܵ௦  ܵ௦ ൈ

ோெௌೞ
ோெௌೞ

ൈ ͳͲ

షೄಿೃ
మబ

(1)

Background extraction is the crucial part and also the first stage for this system. The objective of
the proposed ‘trough detection’ method is to temporally locate the background noise data from the
mixed signal. To achieve that, the mixed audio signal is first converted to a sound energy waveform,

1760

by applying a high pass filter (preemphasis) and half-wave rectifier to the audio signal, and
transforming every 256 original audio data samples (equivalent to roughly 21.5 ms of signal) to one
RMS (Root Mean Square) sample.
Then the ‘trough detection’ algorithm could be applied to energy waveforms with the following
procedure steps:
1. From the starting point, follow the curve of energy waveform.
2. When an energy trough is found, mark it as ‘energy trough’.
3. Force the trough tracking curve to increase linearly at a preset time constant starting from
this ‘energy trough’.
4. Stop the increase where it meets the audio energy waveform, then follow the curve of energy
waveform again.
5. Again, when an energy trough is found, mark it as ‘energy trough’.
6. The same process repeats itself by looping step 3 to step 5, until the end of energy waveform
is met.
The gradually ascending line represents the RC (Resistor Capacitor) response time. In a Resistor
Capacitor circuit, the RC response time is the time it takes to charge the capacitor from 0 to 63% of
its max value. And the RC response time determines the time constant (tau -τ), defined by resistance
R multiplies capacitance C. A similar idea is used in this trough detection algorithm. The slope angle
of the line is determined by the tau value. The time constant was set based on the speech syllabic
rate to force the trough tracking curve staying on the noise floor.
A reliable trough is a ‘global’ trough which is considered a low energy spot through the entire
timeline of energy waveform. The use of RC response line prevents extracting an unreliable ‘local’
trough. ‘Local’ troughs are low energy spots in small local segments on energy waveform. They
generally have lower energy than adjacent troughs but still have higher energy than ‘global’ troughs.
In Figure 2, a ‘local’ trough is marked by the red cross. A higher energy trough indicates that it
probably contains speech data samples. So ‘local’ troughs are not wanted, as they don’t represent
noise-only samples.
The last step is to extract these energy troughs. Energy troughs contain background noise -only
data. Because human speech usually has periodic higher energy, while the background has relatively
constant and lower energy.

Figure 2. Demonstration of the application of the trough detection algorithm. The energy
waveform is derived from a mixed audio signal of event ‘station’ at SNR = +5 dB. The x axis is the
number of energy waveform samples. The green line is the trace of RC response line. The red dots
are troughs detected, and they represent the background noise -only samples to be extracted.

3. FEATURE EXTRACTION
The weighted overlap-add algorithm is widely useful in analyzing audio signal. WOLA analyses the
time domain signal block by block, making it an ideal method for real time processing devices.
Schuster and Ansorge [8] have experimented on WOLA’s ability to filter out background noise in a
noise canceling system and achieved de-noised speech.
The WOLA filterbank is a low-delay, highly efficient implementation of over-sampled generalized
DFT (Discrete Fourier Transform) system [13, 14]. For WOLA analysis, the first step is to shift R
input samples at a time to the buffer with frame length L [6]. Note that when odd stacking is used, the
input signal must be flipped in sign every N samples [7]. And then, this buffer will be processed by
an analysis window with also length L. Lastly, this L-sample frame will be folded into N-sample
blocks for Fast Fourier Transform (FFT) process to produce spectrum output in complex numbers. Its
mathematical framework is defined as [5]:
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(2)
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where x(m) is a time domain signal sampled every ܴ samples in time m, ܹெ ൌ ݁ ಾ ,  ܯis the
number of frequency samples, ݇ is the discrete frequency index, ݄ሺ݉ሻ is the analysis window, and ݏ
is the time index of the short-time transform at the decimated sampling rate (decimated by the
integer factor ܴ).
WOLA synthesis is like the reverse of WOLA analysis. It applies inverse Fourier transformation
to segments of short-time Fourier spectrum and sum the results with overlap to obtain audio signal
in time domain. Its main characteristic is to transform frequency spectrum data back to a finite
length of time domain signal. Its mathematical framework is defined as [5]:

ᇱ ଵ ெିଵ 
ᇱ
ܺሺ݊ሻ ൌ σஶ
௦ୀିஶ ݂ሺ݊ െ  ܴݏሻ ெ σୀ ܺ ሺ ܴݏሻܹெ

(3)

where ܺ ሺ ܴݏᇱ ሻ is a discrete short-time spectrum, output ݔොሺ݊ሻ is considered as sampled everyܴ ᇱ
ೕమഏ

samples in time ݊, and ܹெ ൌ ݁ ಾ ,  ܯis the number of frequency samples, ݇ is the discrete
frequency index, ݂ሺ݊ሻ is the synthesis window. and s is the time index of the short-time transform
at the decimated sampling rate (decimated by the integer factor ܴ ᇱ).
The operation of WOLA filterbank is determined by a number of parameters: Analysis window
size (La), Synthesis window size (Ls), Input block step size (R), and FFT size (N). In our
experiments, La is set to 512, Ls is 256, N is 256, R is 64, and odd stacking is used to produce
reasonable spectral and temporal resolutions.
Next, each extracted energy trough is processed through WOLA analysis and returns 128
complex numbers. All complex numbers are transformed to real numbers by magnitude calculation
to represent the value of 128 bins in frequency domain. After 128 bin feature s are created, they are
converted into 22-channel feature curves by bin merging. Because in cochlear implants, only up to
22 channels of stimulating signals are generated to mimic normal hearing. Since the speech signal
generally occupies the low-mid frequency, it is important to reserve a higher resolution of data in
0.1 kHz ~ 3 kHz frequency range.

Table 2: WOLA bins that are combined into 22 channels.
Each event has its own signature feature curve shape. For better observation, the plots of four
events’ averaged feature curve out of roughly 1500 feature curves are shown below. Thos e plots give
valuable information about how this intelligent detection system ‘sees’ these events. The
distinguishable patterns of each event create the opportunity for machine recognition.

Figure 3. A direct comparison of 4 events’ averaged feature curves, including events ‘cafe’,
‘cafeteria’, ‘hallway’, ‘kitchen’. The horizontal axis stands for frequency channels, and the vertical axis
is magnitude in dB.

4. NEURAL NETWORK DETECTION
Neural network’s automatic structure learns the highly nonlinear mapping between the input and the
output directly from data, therefore reducing the need to find human -crafted intermediate representations
[12]. A Feed-forward neural network with 1 hidden layer is used in this study. Also, the training function
of Levenberg-Marquardt is used. In our experiment, the neural network accepts 22 input values from 22
channels, and outputs 11 values representing the classification confidence for the 11 pre -defined events.
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Figure 4. The neural network 1-layer structure.
Each neuron in hidden layer and output layer forms a web structure, as described in this formula:
 ൌ ݂ሺ݅  ݓ כ ܾሻ

(4)

where ‘i’ denotes the input to the neuron, ‘o’ denotes the output of the neuron, ‘w’ is weight, ‘b’ is
bias, and ‘ƒ’ is the transfer function.
First of all, a neuron takes an input either from feature curves or from the output of previous layer.
The input is multiplied by a weight value and then added with a bias value. After that, a non -linear LogSigmoid transfer function is applied to form the neuron output.
The training set is a matrix with a size of 22 rows and around 300,000 columns, which represents the
22 bins values of around 300,000 feature curves extracted from all the test audio files. Another matrix of
targeted result is also stored, which has 11 rows and same number of columns. This target matrix tells the
neural network which feature curve belongs to which event. During the training procedure, the assigned
values for weights and bias would be adjusted to approach producing output results similar to target
matrix.
After neural network is built, a 5 seconds time frame is sufficient to give a detection clas sification
result. The output from the neural network will give 11 values, representing the confidence level
(likelihood) of the 11 events. And the event with the largest confident value will be selected as the
detected event.

Table 3: Confidence Matrix shows the overall averaged confidence values for all 11 events. Each column is
one event under detection, and the rows are the confidence level of 11 events.
Table 3 lists out the averaged confidence values for all 11 events. The confidence value is the output from
neural network ranging from 0 to 1(0% to 100%). After each detection, one confidence level will be generated
for each event, representing the likelihood to be recognized as that event. It gives information about the
similarity of two events’ feature curves from the detection system’s perspective. For example, it could be found
that ‘meeting’ is recognized as similar to ‘hallway’ by observing that ͂meeting’ has a 0.1772 confidence value
to ‘hallway’, at the same time, ‘hallway’ has a 0.3241 confidence value to ‘meeting’.

Table 4: Confusion Matrix shows the overall detection accuracy for all 11 events. Each column is one
event under detection, and the rows are the recognition rates in percentage for 11 events.
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Table 4 lists out the overall detection accuracy for all 11 events. It provides a general view of the
recognition correctness rate for each event. It also indicates which event is misclassified if error occurs.
Table 3 and Table 4 are related but not the same. The averaged confidence levels could not be directly
translated into detection accuracy. In other words, if one event has a very low averaged confidence value of
itself, it couldn’t imply its detection accuracy is low. For example, event ‘square’ has a 0.3692 averaged
confidence value to be detected correctly, and a 0.3614 averaged confidence value to be incorrectly
classified as ‘cafeteria’. By reading the confidence values, it looks like event ‘square’ will often be
recognized as ‘cafeteria’, as they have similar averaged confidence values. However, the confusion matrix
shows that ‘square’ has a high 96% accuracy, and only a 3% chance to be wrongly detected as ‘cafeteria’.
The reason is that although the two events have similarly low confidence levels, the confidence values of
‘cafeteria’ is still smaller than that of ‘square’ in most of the time. The two main reasons for
misclassification are: similar feature curves between two events; variance of the feature curves of one
event.

5. NOISE REDUCTION WITH GAIN PATTERN
Noise reduction is one important real field application to take advantage of the automatic event
detection results. The de-noise gain patterns for each event could be derived from the events ’
averaged feature curve patterns. A meaningful event gain pattern with the attenuation range of 0 dB
to -30 dB can be derived from flipping-over the event averaged feature curve, and then apply
normalization and pre-emphasis. A de-noised gain pattern could be easily applied to the frequency
domain audio data after WOLA analysis but before WOLA synthesis. This de-noising gain pattern
attenuates the noise dominating frequency channels.
The noise reduction performance is evaluated preliminarily by listening to the audios before/after
de-noising, and visually comparing the spectrogram of input/output audio signals. The result shows
that after applying the gain pattern, the output audio sounds noticeably less noisy, with the speech
more popped out. But the event gain pattern won’t react to sudden or periodic changes in
background noises. It is most effective for elimination of stationary noise with constant volume
level and similar characteristics.
Another method to generate de-noise gain pattern is using the instant trough background noise
data [4]. In this approach, the last four troughs would be extracted and fed into a FIFO (First In First
Out) to generate an averaged instant feature curve, which would be applied to same processes of
flip-over, normalization, and pre-emphasize to derive the instant gain pattern for the current time
moment. Since this instant gain pattern is updated every time when a new trough is detected, it is
adaptive to the dynamically changing background noise. Now even the abrupt noise could be deeply
suppressed. However, the instant gain doesn’t update itself if no new trough is detected. Then the
instant gain pattern has too little attenuation on the noise or mistakenly attenuates human speech.
Through preliminary testing, it is found that the output audio ’s speech volume goes up and down
from time to time, caused by the abrupt changes of the instant gain pattern. Also, the speech doesn’t
sound smooth, as the first and last syllables of a word are usually cut off.
To overcome the limitations of both the event gain pattern and instant gain pattern, a
combination of them with an adjustable weighting ratio is tested in the experiment. The test results
have proven that the combined gain pattern generates output audio with less noise over the course
and smoother speech transitions between syllables. By observation of its spectrogram, it’s shown
that output audio has improved noise reduction ability (larger blue area) compared to Figure 5. (a),
and meanwhile it has smoother speech transitions (less gaps in low frequency yellow a rea)
compared to Figure 5. (b). Therefore, the combined gain pattern can potentially improve de-noising
results.
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Figure 5. These three images are zoom-in comparison between three types of gain patterns
applied. Image (a) is the spectrogram result of using the event gain pattern. Image (b) is the
spectrogram result of using the instant gain pattern. Image (c) is the spectrogram result of using the
combined gain pattern at ratio of 1:1. Image (a) preserves and enhances all the details in human
speech. But it has horizontal spectral gaps, since its gain pattern remains the same over time. And
it’s less effective in reducing noise which doesn’t match the event gain pattern. Image (b) could
greatly reduce noise. It applies adaptive instant gain pattern from the background noise in real time.
But it creates temporal (vertical) speech gaps, which causes the speech stuttering. Image (c)
combines the detection results of the two gain patterns. It is more efficient in noise reduction, while
retaining the smoothness of human speech.

6. CONCLUSIONS AND DISCUSSION
In this study, a novel approach for sound event detection in realistic environments using WOLA
and a feedforward neural network was proposed. The trough detection algorithm has been proven to
be able to accurately extract background sections. WOLA is capable of transforming those background
time domain sections into frequency spectrum (feature) curves for gain application. Then these feature
curves are used as training data for neural network. After the neural network is built, mixed audio
signals can be fed into neural network for event classification. This model could also contribute to
background noise reduction by attenuating the targeted background noise frequency regions. A gain
pattern could be derived by flipping the event feature curve. This gain pattern is later applied back to
the mixed audio signal in complex domain for noise reduction purpose. WOLA synthesis is used to
transform the frequency domain data back to continuous time domain audio. Preliminary evaluations
were carried out for a noise reduction efficiency test, and the noise suppression performance for pre defined events is improved.

Figure 6. block diagram of the intelligent event detection and noise reduction systems of this paper.

For future work, a larger training dataset with more event signals could be used for training to
further understand the full capability of this system. Future work could be made to test this system
on a real hearing device. Furthermore, this system could be applied to not only noise detection, but
also smart sound recognition, such as keyword spotting.
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