International Journal of Computer and Information Technology (ISSN: 2279 – 0764)
Volume 05 – Issue 04, July 2016

Coloured Noise Signal Identification using
Supervised Learning Algorithm
Mahsa Nourbagheri

Mohamed Zohdy

Department of Electrical and Computer Engineering
Oakland University
Rochester, MI
Email: Nourbagheri.mahsa [AT] gmail.com

Department of Electrical and Computer Engineering
Oakland University
Rochester, MI

Abstract— This paper presents a supervised learning algorithm
that investigates how a computer program would discern the
similarities and differences between six kind of colored noise
sound signals. By preprocessing a set of known input noise
signals and extracting the features of each signal in time-domain
and frequency domain, the algorithm classifies the known input
dataset into corresponding known classes. Different methods are
used to verify the stability and accuracy of the predictions. In the
testing stage, new unknown dataset is given to the classifier to
predict the corresponding class of the input noise signal.
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I.

INTRODUCTION

Supervised learning method can be used to predict and classify
between noise signals. The learning process of the supervised
learning method is dependent on the presence of a teacher.
One of the use case of supervised learning method is, when a
set of input and corresponding output responses are known.
Many pattern recognition systems could partitioned into
several steps such as sensing, segmentation, feature extraction,
classification and post-processing [1]. By using the knowledge
of the input-output samples or so called training dataset, we
can make more reasonable predictions about the original data
set and the resulting classifier is then used to label the
unknown instances [3]. The purpose of the learning process is
not to get optimal prediction and classification of the data, but
to provide insight into the nature of the target concept [2], [4].
First step in supervised learning is to prepare sample data. All
supervised learning methods start with an input data matrix.
Each column and row represents variables and observation
respectively. The response data would be a column vector
where each row contains the output of the corresponding
observation in the input data. Supervised machine learning
classification methods have been used in different areas such
as online reviews [6], accelerometers [7], Gaussian processes
[8]. To analyse and train the supervised learning model,
different classification algorithms such as Decision tree,
Discriminant analysis (Linear and Quadratic), Nearest
Neighbour were applied.
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Sound is a wave of positive and negative pressure disturbances.
When the molecules of the air vibrate, the ear perceives these
vibrations in the pressure as sound and converts it to
mechanical energy and then into nerve impulses which the
brain can interpret through middle ear and inner ear and that is
how human discern sound [9]. But how computers would
recognize the difference between sounds, is what this paper
will investigate. Noise signal is unwanted sound that is intense
and therefore it has the same features as sound. Any kind of
filtered noise signal is called „coloured noise‟ that implies to
impure white noise. Noise colours are characterised by colour
type because of the particular frequency of that noise. For
example, the sound wave of pink noise has the same frequency
of light waves that create pink colour. By extracting the
features from sounds and using a machine learning algorithm
method, we can predict the colour of the noise. In [2] T.Bryant
and M.Zohdy present a self-organizing feature map to display
discriminate clustering between 6 types of coloured noise
sound tracks. Self-organizing feature map is an unsupervised
machine learning method that is used in many different
applications such as malware detection [10], intelligent
hearing assistance [11], engine health diagnostics [12] and
GPS [13].
Coloured noise signals have been generated using MATLAB
Simulink. In this paper, the key features extracted from time
domain and frequency domain for each generated noise signal
and then a supervised learning algorithm has been developed
to classify between the different sample colours of noise sound
tracks to generate a model (learning phase). Later the model is
used to predict the colour of each input sound track from the
unseen data set (application phase).
II.

MACHINE LEARNING METHOD

A. Feature Extraction
In the pre-processing stage, an algorithm has been developed
to extract features from both training dataset and new dataset
in time domain and frequency domain. We have considered
eight key features from time and frequency domain. In time
domain the mean and variance of the noise signal were
calculated using the equations (1) and (2):
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power crosses 0.5% and 99.5% of the total power in the
spectrum.

Where A is the vector of noise signal, B is the scalar
observation of noise signal (samples), is the mean value and
V is the variance for the input noise signal. We have also
considered the maximum and minimum values as the key
features of the noise signal in time domain.
In the frequency domain the estimate of the power spectral
density (PSD) of the input noise signal is obtained. Estimate of
PSD is the Fourier Transform of the biased estimate of the
autocorrelation sequence. For the input signal, sampled at
the estimate of PSD of input signal for the
frequencies in radian/sample is defined as:

B. Classification Algorithm
Machine learning systems typically searches for similarities
between the features and specified classes to classify the
training set during learning process. To analyse the data set
classification, four classification learning algorithms were
applied such as Decision Tree, linear discriminant analysis
(LDA), quadratic discriminant analysis (QDA) and Nearest
Neighbour.
Discriminant Analysis Classification Methods can be derived
from probabilistic models that assume different classes
generate data based on different Gaussian distributions. In the
training phase the discriminant classification algorithm
estimates the parameters of a Gaussian distribution for each
class (prior probabilities
, means (
and the covariance
matrices
).This method constructs weighted classifiers and
estimates the class mean and variance for weighted and
unweighted data set. The estimate of the class mean for
unweighted data (
and mean for weighted data
(
are:

Where
is an element of the N-by-K membership matrix
(M),
is the observation n of training set and
is the
positive weight of data. The unbiased estimate of the
covariance matrix
and estimate of weighted covariance
matrix
with assumed sum of weights equals one,
are as below:

Figure 1. A sample blue noise signal in time and frequency domain

The PSD estimate is a real-valued signal with the frequency
range of
and contains N samples.
is the
sampling time of the input signal. The most important features
of the noise signal that considered in frequency domain are,
magnitude, median frequency, bandwidth and the power of the
spectrum. The power of a signal is the sum of the absolute
squares of its time-domain samples divided by the signal
length, or in the other word, the sum of squares of its RMS
level. The occupied bandwidth is the difference in frequency
between the points in PSD estimate, where the integrated
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Where
is the sum of the weights for class k and
is the
sum of squared weights per class (k). In the process of fitting
the training data, classifier do not use the posterior probability
or cost matrix. For both LDA and QDA the class conditional
distribution of data
is modelled as a multivariate
Gaussian distribution with density:
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The posterior probability
estimate defines the
probability of an observation x of class k:

Where
is the prior probability and
is the
normalization constant which is the sum over class l
of
. In the LDA, the Gaussian for each class are
assumed to have the same covariance matrix and only the
mean vary, but in QDA there are no assumption on the
covariance matrix and therefore, both mean and covariance of
each class vary. Predictions are obtained using Bayes rule as
below to minimize the expected classification cost:

III.

IMPLEMENTATION

Data Analysis was carried out using MATLAB software
environment for data pre-process such as feature extraction
and also algorithm development for classification of data and
the application phase which is prediction of new data given to
the classifier.
The sample noise signals have been generated using
MATLAB Simulink noise signal generator. We considered 6
colours as shown in figure 2, and each class has different
spectrum. White noise and pink noise which are used more as
reference signals have very close spectrums. We did not
consider black noise as it is the total silence and human ear
cannot discern it. Red noise, blue noise, violet noise and also
grey noise are used.
White Noise
Pink Noise
Red Noise

Where
is the cost of classifying an observation as y
while the true class is and it is a K-by-K matrix and each
element is either 0 (if observation is in the true class) or 1 ( if
the observation is not classified in the true class).
Decision Tree Classification Algorithm Method, computes the
weighted impurity of each node (t) and estimates the
probability that an observation is in node [5] t using equation
(11):

is the weight of observation j, and T is the set of all
observation indices in node t. Each predictor (feature) that is
sorted in ascending order by the Decision Tree classifier is a
splitting candidate or cut point. The classifier determines the
best way to split node t using predictors by maximizing the
impurity gain (∆I) over all splitting candidates. It splits the
observations in node t into left and right child nodes, and
respectively. For a particular splitting candidate, if the left and
right child nodes contain observation indices in the sets of
and
respectively, then the impurity gain (∆I) for that
splitting candidate is calculated with equation (12):

Blue Noise

Violet Noise

Grey Noise

Figure 2. Sample colored noise signal spectrum

This program can read all types of sound files. These files
were later pre-processed in MATLAB for feature extraction.
Figure 3 shows the extracted features in time and frequency
domain. The features extracted in frequency domain are
magnitude, median frequency, band width and band power of
the power spectral density (PSD) of each signal and features
of the time domain are, minimum, maximum, mean and
variance of each sample noise signal. The input data to the
classifier includes these features with 300 observations.

Nearest Neighbour Classification Algorithm, predicts the class
of an input data by finding the number of points and response
values(Y) in the training set that are nearest to the new input
point and assigns the classification label (
) that has the
largest posterior probability among the values in known
response set. Many different distance matrices can be used to
find the distance between a set of data and query points such
as Correlation distance, Euclidean distance, Mahalanobis
distance, Minkowski metric and etc.
Figure 3.
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Sample input data features in time domain
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During the classifying (fitting) process, the sample mean and
covariance of each class from the observation computed and
the empirical covariance matrix of each class was taken.
Figure 4 shows the Q-Q plot that examines the Gaussian
mixture assumption.

Figure 4. Sample input data features in frequency domain

A. Learning Phase
After extracting the features of each signal and constructing
the input training set and corresponding output responses, we
used these data sets to train a classification model. At the core,
choosing a classification algorithm is a balancing act and the
trickiest part of the problem. There is an inherent trade-off
between the complexity of the algorithm that can be used and
how restrictive the assumptions are about the data. At one
extreme we have a simple easy and understanding algorithm
(like decision tree, LDA and QDA) which if the data doesn‟t
match with the assumptions algorithm won‟t give accurate
results. At the other extreme complexity we have Bagged
Decision tree that supports the vector machines. These models
will operate on the wide variety of data sets. Unfortunately the
resulting models can be extremely complex. Therefore,
simpler is usually better because they are easier to interpret
and explain to others. Table 1 shows the characteristics of 4
simple classification models that are used in this research.
TABLE I.

CLASSIFICATION METHOD CHARACTERISTICS
Characteristics

Classifier
Decision
Tree

Multi
class

Prediction
speed

Interpretabili
ty

Memory
usage

Yes

Fast

Easy

Small

LDA

Yes

Fast

Easy

Small

QDA

Yes

Fast

Easy

Large

Yes

Medium

Hard

Medium

Nearest
Neighbour

The classifier has two inputs. One the sample input matrix (X)
which is created by extracting 8 features (4 in time domain
and 4 in frequency domain). Therefore the training set is a
300-by-8 matrix which the columns represent the number of
features and the rows represents the observation of each
sample signal. The other input is the known response matrix
with 300 rows. Inputs are given to the classifier has the time
domain and frequency domain features for 6 different classes
as Blue, Grey, Pink, Red, Violet, White.
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Figure 5. Q_Q plot

Deviation in the plot shows the data has tails heavier than a
normal distribution and therefore the data does not match a
single covariance matrix that we assumed for LDA. The 45
degree line represents the full agreement between the expected
and observed quantiles.
B. Verification of Classifier
After training the classifier with different classifiers, in order
to validate the classification, the accuracy of the classifier is
tested with different functions such as Misclassification Error,
Cross-Validation Error,
Confusion Matrix and Receiver Operating Characteristic ROC
curve of MATLAB Statistics Toolbox. Misclassification Error
is the difference between the response training data which are
the true predictions of the known training set and the
predictions that classifier makes of the response based on the
input training data. Misclassification Error is often an estimate
of the predictive error on the unknown new data.
Confusion matrix is a simple way of visualizing predicted
class versus true class that shows how many times
misclassification occurs during learning phase. Diagonal of
Confusion Matrix represents the correctly classified inputs and
anything off the diagonal is misclassified. The table below,
shows the Misclassification Error and the Confusion Matrix
for four different classifiers used to classify 300 sound signals
for 6 classes of colour noise (50 from each class that is given
sequentially to the classifier in learning phase). For example,
the confusion matrix of decision tree classifier shows that this
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classification method have misclassified 9 signals from each
class to green class.
Normally computational models run into problem because of
overfeeding. Cross-validation and feature selection methods
are used to reduce size of the model and minimize the set of
features that has the same predictive power as the original
model. The stability of the classifiers should be verified as the
number of predictors is much less than observations. The
Prediction Accuracy of the classifiers was evaluated using 10fold Cross Validation and the results as shown in Table 2.
TABLE II.
Classifie
r

Decision
Tree

Nearest
Neighbo
r

Linear
Discremi
nant
Analysis

Quadrati
c
Discremi
nant
Analysis

CLASSIFICATION VERIFICATION WITH CONFUSION MATRIX
Classification Verification
MC

CV

0.15

0.1
833

0.15

0.1
5

0.15

0.15

0.1
800

0.1
73

Classes

B

G

P

R

V

W

Blue
Gray
Pink
Red
Violet
White
Blue

41
0
0
0
0
0
50

0
41
0
0
0
0
0

0
0
41
0
0
0
0

0
0
0
41
0
0
0

9
9
9
9
50
9
0

0
0
0
0
0
41
0

Gray

9

41

0

0

0

0

Pink

9

0

41

0

0

0

Red

9

0

0

41

0

0

Violet

9

0

0

0

41

0

White

9

0

0

0

0

41

Blue

41

0

9

0

0

0

Gray

0

41

9

0

0

0

Pink

0

0

50

0

0

0

Red

0

0

9

41

0

0

Violet

0

0

9

0

41

0

White
Blue
Gray
Pink
Red
Violet
White

0
50
9
9
9
9
9

0
0
41
0
0
0
0

9
0
0
41
0
0
0

0
0
0
0
41
0
0

0
0
0
0
0
41
0

41
0
0
0
0
0
41

Figure 6. ROC curve by classification tree classifier

Figure 7. ROC curve by discriminant analysis classifier

In order to investigate the performance of the classifier, we
used Receiver Operating Characteristic (ROC) curve, which
shows the trade-off between the true positive rate and false
positive rate and equivalently sensitivity versus specificity for
different threshold of the classifier output. ROC curves are
also used to find the threshold that maximizes the
classification accuracy (regions of high sensitivity and high
specificity). Figures 6, 7 and 8 show the ROC curve for
different classifiers. It shows how these classifiers predict the
input data for blue class. The red circle shows the optimal
operating point of the ROC curve.
Figure 8. ROC curve by nearest neighbour classifier
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IV.

SIMULATION RESULTS AND DISCUSSION

Once we trained our classifiers, we can then use it to make
predictions about unknown new dataset that contains features
of time-domain and frequency domain of different noise
signals. In order to test the classification models, eight new
unknown datasets were given to the classifiers with different
number of observations. Table 3, shows the prediction errors
for each classifier while the new input sets has different
number. The third column shows the number of truly
predicted points from the all given data set. For each classifier
we gave a new set of input data of 20, 50, 80,120, 160, 200,
250 and 300 observations. As classifier was trained, the
prediction error of the new data set is less than the
misclassification in the learning phase.
TABLE III.

CONCLUSION

TESTING RESULTS
Stability Verification

Classifier

Decision
Tree

Nearest
Neighbour

Linear
Discreminant
Analysis

Quadratic
Discriminant
Analysis

Number
of inputs

20
50
80
120
160
200
250
300
20
50
80
120
160
200
250
300
20
50
80
120
160
200
250
300
20
50
80
120
160
200
250
300

Figure 9. Prediction Accuracy

Prediction
Error (%)

Number of
true
predictions

Number of
false
predictions

0.15
0.12
0.137
0.133
0.1125
0.125
0.112
0.123
0.15
0.12
0.125
0.133
0.1125
0.135
0.112
0.126
0.1
0.08
0.1
0.1
0.1
0.115
0.1
0.113
0.2
0.18
0.15
0.15
0.131
0.15
0.144
0.136

17
44
69
104
142
175
222
263
17
44
70
104
142
173
222
262
18
46
72
108
144
177
225
266
16
41
68
102
139
270
214
259

3
6
11
16
18
25
28
37
3
6
10
16
18
27
28
38
2
4
8
12
16
23
25
34
4
9
12
18
21
30
36
41

In this paper, different classification methods (Decision Tree,
Linear Discriminant Analysis, Quadratic Discriminant
Analysis and Nearest Neighbour) have been examined to
classify a set of sample input noise signals with extracted
features from time domain and frequency domain with 300
observation (50 observation from six different classes of
coloured noise) and later on these trained models were used to
predict the color class for new data sets of different coloured
noise signals with different numbers of observations.
Toghether, the results from testing of the classifiers shows that
noise sound signals could be distinguished by the computers
with using supervised machine learning methods that could be
used in electronics field like signal processing [14] and image
processing [15-17]. These simple classification models used in
this paper had the accuracy of around 90% for Linear
Discriminant Analysis, 83% Quadratic Discriminant Analysis
and 87% for Decision Tree and Nearest Neighbor
classification methods.
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