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Abstract— The paper suggests an improved method for diagnosing of transient respiratory disturbances by analyzing the respiratory 
signals using quadratic time-frequency transformation techniques. Wigner Ville Distribution (WVD) is a good method for analyzing non-
stationary signals since it gives a good time-frequency resolution compared to many other time-frequency representations. The time 
marginal of Wigner Ville Distribution can be used for detecting the presence of transient and non-stationary signals. In this work, a cross-
term reduced WVD was used for detecting abnormal respiratory disturbances. An adaptive-kernel based ambiguity domain filtering was 
used to remove the cross-terms in Wigner Ville Distribution. Transient detection algorithms were implemented using cross-term reduced 
Wigner Ville Distribution and the results were compared with that of Short Time Fourier Transform based methods. The respiratory signals 
are collected from 5 different test subjects using National Instruments data acquisition devices. The collected signals were then passed 
through the detection algorithms for testing the performance of the methods. The results from the experiments suggest that the improved 
Wigner Ville Distribution could be used to detect the transient respiratory disturbances in a better way as compared to the algorithms using 
STFT, and this can be used in diagnosis of respiratory disturbances. 

Index Terms— Transient Respiratory Disturbances, Instantaneous Power, Wigner Ville Distribution, Short Time Fourier Transform, 
Ambiguity Function, Biomedical Signal Processing, Quadratic Transformations 

——————————      —————————— 

1 INTRODUCTION                                                                     
HE respiratory disturbances which are transient in nature 
can be analyzed using various signal processing methods. 
Quadratic transformation like Wigner Ville Distribution is 

a very good method for analyzing the time-frequency resolu-
tion of non-stationary signals and also for the detection of 
transients. The time marginal properties of WVD can be used 
for the detection and analysis of abnormal transient behavior 
of the human respiratory system. The mathematical cross-
terms in WVD can be reduced by performing suitable filtering 
in its Ambiguity Function (AF) domain, so that the perfor-
mance of transient detection algorithm can be improved. 
Much previous research has investigated different time-
frequency-scale techniques in various biomedical signal pro-
cessing applications. It has been shown that time-frequency 
analysis is an effective tool for analysis non-stationary signals. 
Few have tried to research the methods for diagnosis of res-
piratory diseases in either time or spectral domain. These re-
searches are not found utilizing the properties of WVD trans-
formations in the respiratory signal analysis and detection of 
transient respiratory disturbances. This research paper pre-
sents the use of an improved version of WVD and its time 
marginal property for the detection of transient respiratory 
disturbances in order to help in the diagnosis of respiratory 
diseases.  

The rest of the paper is organized as follows. The related 
works are briefly reviewed in section 2. Then section 3 
presents an overview of the scientific background behind the 

work and the different transformation techniques used in the 
past for time-frequency analysis. The section 4 describes the 
experimental setup and the protocol used in this research. The 
results and discussion about the results are presented in sec-
tion 5, and we conclude the paper in section 6 

2 LITERATURE REVIEW 
In recent years, there have been several studies contributed by 
different groups in the area of time-frequency transformations 
and respiratory signal analysis. One of these dealt with asyn-
chronous breathing movements in patients with chronic ob-
structive pulmonary disease [1]. The study concentrated on 
the anterior-posterior movements of the chest and abdomen 
during the breathing cycle in 30 patients with chronic obstruc-
tive pulmonary disease and in 10 normal subjects. However 
the researches did not use any time-frequency analysis tools 
and transformations during these studies. In another study, 
Drummond and team investigated thoracic impedance used 
for measuring chest wall movement in postoperative patients 
[2]. Thoracic impedance and rib cage band signals were col-
lected from 10 patients after abdominal surgery and studied. 
The study was purely in the time domain and no spectral 
analysis was conducted. In the work by Joonas Paalasmaa et 
al, the structure of sleep was studied in time domain by meas-
uring the variation of the respiratory rate [3]. A new method 
was introduced to extract the variation in respiratory rates 
through indirect measurements of respiration, which is partic-
ularly suitable for force sensor signals. Thacham Poyil and 
team investigated time-frequency analysis of signals using 
Wigner Ville Distribution and variants that can be used in the 
detection and analysis of non-stationary signals [4]. Ayappa et 
al worked on non-invasive detection of apnea and hypopnea 
in 15 subjects by a nasal cannula/pressure transducer system 
and the analysis was not targeted for a spectral or time-
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frequency domain [5]. A study by George et al researched on 
predicting the effects of air cavity depth of electret micro-
phones when used for measuring lung sounds [6]. It was 
found that the overall high-frequency response of the trans-
duction diminishes with increasing cavity depth. The study 
was not concentrated on the methods used for the respiratory 
signal analysis, instead was focusing on the device used for 
capturing the signals. Similarly, Foad Ghaderi et al. [7] de-
scribed localizing heart sounds in respiratory signals using 
spectrum analysis techniques. The focus was on methods for 
the cancellation of heart sounds from respiratory sound sig-
nals.  The study was done using time series analysis tech-
niques like singular spectrum analysis (SSA), but no time-
frequency transformation techniques were experimented here. 
A research describes about the analysis of respiratory auscul-
tation sounds using various techniques. Spectral density and 
amplitude of sound signals are studied using Spectrogram 
plots and automatic detection tools were developed [8]. A bet-
ter transformation like WVD could also be tried here in place 
of the Spectrogram techniques. Another research work de-
scribed the modelling of the human respiratory system using 
Impulse Oscillometry data [9]. A different work by M. T. 
Pourazad and team explored some techniques for heart sound 
cancellation from lung sound recordings using time-frequency 
filtering by multi-resolution decomposition of the wavelet 
transform coefficients [10]. In a work by Homs-Corbera et al 
proposed a method to detect and analyse wheezes during 
forced exhalation by means of a highly sensitive time-
frequency algorithm [11]. A study of computer-based respira-
tory sound analysis was conducted by Rajkumar Palaniappan 
et al [12]. A comprehensive review on computer‑based res-
piratory sound analysis techniques was done. Comput-
er‑based methods were suggested as powerful tools for diag-
nosing abnormalities and disorders in the lung. In a similar 
study, a systematic review was conducted on computerized 
lung sound analysis techniques which were used as diagnostic 
aid for the detection of abnormal lung sounds [13]. The results 
showed that much of the research used either electret micro-
phones or piezoelectric sensors for auscultation, and Fourier 
Transform and Neural Network Algorithms for analysis and 
automated classification of lung sounds. Another work in this 
area concentrated on the classification of wheeze sounds using 
wavelets and neural networks [14]. The wheeze sounds were 
classified with an accuracy of 89.28 percent. A team of re-
searchers in the Dept of Clinical Physiology and Nuclear Med-
icine, Helsinki University Hospital developed many guide-
lines for research and clinical practice in the field of respirato-
ry sound analysis. In brief, the research works included differ-
ent topics like current methods used for computerized respira-
tory sound analysis, characteristics of breath sounds and ad-
ventitious respiratory sounds, definition of terms for applica-
tions of respiratory sounds, capturing and preprocessing of 
respiratory sounds, digitization of data for respiratory sound 
recordings, basic techniques for respiratory sound analysis, 
reporting results of respiratory sound analysis and future per-
spectives for respiratory sound research [15]. A method for 
cross-term reduction in Wigner Ville Distribution using Wig-
ner Hough Transform was discussed in [16], but the applica-
tions of this method in respiratory signal analysis was not 

covered. Another work by Hedi Khammari explored the pre-
diction of sudden cardiac arrest using time-frequency analysis 
tools [17].  
It can be seen that much of the past research tried to study and 
address the issues in using the time-frequency-scale tech-
niques (like STFT, Wavelet Transforms and WVD variants) in 
various applications. And many others tried to research on the 
methods for diagnosis of respiratory diseases in time or spec-
tral domain. Despite the vast research efforts on the cross-term 
reduction algorithms for WVD, further study is still required 
to apply these results in to the diagnosis of diseases. It is no-
ticed that none of the above researches were trying to utilize 
the useful properties of WVD transformations in the respirato-
ry signal analysis and detection of transient respiratory dis-
turbances. Our study in this paper tries to make some contri-
butions to this problem. Future work in this direction will try 
to improve the algorithms by better cross-term cancellation 
techniques and different variant transformations. 

3 SCIENTIFIC BACKGROUND 
In this section, we explain the scientific background behind 
the research for reducing the cross-terms in Wigner Ville Dis-
tribution and for detection of respiratory transients. 

3.1 Reducing Cross-Terms in WVD 
The inverse Fourier transform of the Wigner-Ville distribution 
is called the ambiguity function (AF). On applying Fourier 
transform on the Wigner-Ville distribution of signals, the auto-
terms will be mapped to a region in the center of the AF do-
main. The oscillating cross-terms are mapped away from the 
origin of AF plane. So the auto-terms and cross-terms are sep-
arated in the AF domain. If we can apply a suitable filter func-
tion to the WVD in the plane of Ambiguity function, we can 
suppress some of the cross-terms based on the effectiveness of 
the filter function. This filtering operation results in the below 
time-frequency distribution, 
 
TFR = Fourier transform {Ambiguity Function · Kernel}      (1) 
 
The properties of this TFR are different from the Wigner-Ville 
distribution. The filter function is called the ‘kernel’ of the 
TFR. Since there are many possible 2-dimensional kernel func-
tions possible, there are many different TFRs for the same sig-
nal [4], [17]. 
Ambiguity function of any signal x, gives a measurement of 
the time-frequency correlation of the signal, i.e.it measures the 
similarity between the signal x(t) and its translated versions in the 
time-frequency plane. It can be expressed as  

      Ax (ξ ,τ ) =   ∫
+∞

∞−

x(s + τ /2). x*(s -τ /2) e-j2 sπξ .ds    (2) 

The variables 't' and 'ν ' are the "absolute" time and frequency 
coordinates and, the variables 'τ ' and 'ξ ' are "relative" delay 
and Doppler coordinates respectively.  
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3.2 Detection of Transient Signals 
All tables and figures will be processed as images. You need to 
embed the images in the paper itself. Please don’t send the 
images as separate files. 
Transient signals are usually non-stationary signals where the 
time of arrival of the signal cannot be known in advance and 
their duration will be very small in comparison to the analysis 
interval. Even though the detection and analysis of transient 
signals can be done by using STFT or Wavelet Transform, 
there is a limitation in those methods. Since the signal occur-
rence time is not known, it is not possible to determine and 
use a window function in an optimal way. This results in a 
bad performance in the detection of transients. To achieve a 
better performance for the detection of such signals, the pa-
rameter for detection of such signals must be invariant to the 
signal duration. When the time duration of the transient signal 
changes, this corresponds to a change in the total energy of the 
signal. This means that the magnitude of the peak of the signal 
in its frequency spectrum will be affected. So, if the pulse 
width of the transient signal is reduced, there will be a corre-
sponding decrease in magnitude of the peaks of TFRs, at that 
particular frequency and time. Hence we are going for a dif-
ferent property of WVD distribution which helps us to im-
prove the performance degradation in the transient detection 
[4], [17]. The WVD of the received signal can be used to get an 
estimate of the instantaneous signal power. So we are trying to 
make use of the time-marginal property of WVD to calculate 
the instantaneous signal power, which do not depend on the 
signal time duration. The time marginal property of WVD is 
defined as, 

2)(),( tsdtWs =∫
+∞

∞−

νν                      (3) 

From the equation, it is clear that, the instantaneous signal 
power is obtained by integrating WVD over the frequency. 
And the resultant quantity |s(t)|2 does not depend on the 
time duration of the signal. It only represents the amplitude of 
the analysis signal. So the instantaneous signal power calcu-
lated from the WVD of the signal is the parameter used for 
transient signal detection in this paper. An equivalent equa-
tion for the Spectrogram gives the average signal energy over 
the duration of the window w(t) as shown below. 

τττνν dtwsdtSs
22 )()(),( −= ∫∫

+∞

∞−

+∞

∞−

       (4) 

This helps us to conclude that the time marginal of Spectro-
gram is very much dependent on the duration of the analysis 
signal, because there is a time window associated. This results 
in a reduced performance of Spectrogram when used for de-
tection comparison with WVD.  

4 EXPERIMENTAL SETUP 
The experimental setup for detection of transient respiratory 
disturbances is shown in (Figure 1) [4], [16]. The signal u(t) is 
the input respiratory signal collected by suitable sensors and 
data acquisition devices. The Smoothed Wigner Ville Distribu-
tion (WVD) of the signal is computed after choosing a suitable 

window. As described before, this will contain both auto-
terms and cross-terms. In order to filter out the cross-terms 
from WVD the Ambiguity Function will be calculated and 
plotted. In the Ambiguity Function (AF) plane, the cross-terms 
are positioned away from the origin. To do this filtering, a 
kernel is designed that adapts its shape to the signal proper-
ties. After filtering out the cross-terms in the AF plane, we 
now have the terms that correspond to the auto-terms in ma-
jority. By performing the inverse of the AF, the algorithm 
brings back to the WVD domain with a majority of auto-terms.  
Now the time marginal of the WVD is calculated by integrat-
ing the resultant WVD (after removing the cross-terms) along 
the frequency axis, and the peak value of the integration result 
is noted. This value represents the peak instantaneous power 
parameter that can be used for detecting the presence transi-
ents in a respiratory signal. The non-stationary transient sig-
nals present in a respiratory/chest signals can be accurately 
detected by this algorithm.  

 

Figure 1: Experiment Setup for Transient Signal Detection using 
Modified WVD 

4.1 Protocol for Data Acquisition 
The inverse Fourier transform of the Wigner-Ville distribution 
is called the ambiguity function (AF). On applying Fourier 
transform on the 
1) The DAQ device is connected with the respiratory sensors 

and the power sources are connected accordingly 
2) The respiration sensor belt is connected to upper dia-

phragm region of the test subject 
3) The subjects are asked to sit on a chair be in a relaxed po-

sition 
4) The subjects are asked to take normal breaths 
5) A LabVIEW application is run on the computer to collect 

the signals to the computers. The application reads the 
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respiratory sensor values from the data acquisition device. 
6) 6 trials each of 1 minute duration are taken from all the 5 

different subjects. A sampling frequency of 1000 sam-
ples/second is used so as to capture a high frequency 
transient. 

4.2 DAQ Equipment and Sensors 
The equipment that was used for the acquisition of respiratory 
signals from different test subjects include NI Compact DAQ 
chassis and Accessories (NI cDAQ-9174), Isolated Analog In-
put Module (NI 9239) are shown in Figure 1. The setup con-
sists of data acquisition devices from National Instruments 
and the respiratory sensors from Thought Technology con-
nected together. The output of the DAQ hardware is connect-
ed to a PC which installed with LabVIEW. The DAQ device 
communicates with the Computer through a USB port. The 
respiration signal is a relative measure of abdomen expansion. 
The Respiration Sensor is a sensitive girth sensor using an 
easy fitting high durability latex rubber band fixed with self-
adhering belt. It detects chest or abdominal expan-
sion/contraction and shows the respiration waveform and 
amplitude. It can be worn over clothing. 

5 RESULTS & DISCUSSION   
Applying the WVD and STFT transformations and further 
algorithms based on ambiguity-domain filtering and transient 
detection, we obtained a set of results which help in describing 
the performance of different distributions for detection of 
transient respiratory disturbances.  
As a pilot study, the WVD representation of 2 Linear FM sig-
nals with an added random noise and the ambiguity function 
was measured and plotted. We could see that the cross-terms 
were distributed away from the centre of the AF. A signal de-
pendent adaptive kernel based on Gaussian function was ap-
plied to filter out the ‘away’ components in the Ambiguity 
function. The kernel was multiplied with the ambiguity func-
tion in order to create the new ambiguity function having re-
duced cross-terms. Now the inverse FFT on this filtered ambi-
guity function gave rise to the modified WVD with reduced 
cross-terms [4], [16].  
The respiratory signals collected using the data acquisition 
device from different subjects are analysed. The algorithm for 
detecting any possible transient respiratory disturbances is 
tested. The test is conducted on 5 different subjects of similar 
age groups. Two of them were having mild respiratory dis-
turbances and unusual yawning frequencies.  

5.1 WVD after Ambiguity Domain Filtering 
The Wigner Ville Distribution is calculated and plotted for the 
respiratory signals from different subjects in Figure 2.  
Case I: The WVD of a respiratory signal in presence of a rela-
tively high frequency transient signal is shown in the first im-
age. The WVD domain shows the original respiratory signals 
almost along the x-axis at very low frequencies. The Transient 
signal is shown in a triangular shape at a frequency range of 
75Hz. The signal components in plot other than the transient 
signal and the respiratory signal are the cross-terms of WVD. 
The second image shows the WVD after undergoing the am-

biguity domain filtering using adaptive kernel. It can be clear-
ly noticed that the cross-terms of WVD are considerably re-
duced here. 
Case II: The second row images of Figure 2 shows signal with 
a low frequency transient before and after ambiguity domain 
filtering. Here also the reduction in the number of cross-terms 
after the ambiguity domain filtering can be clearly noticed. 
The transient signal in the range of nearly 10Hz is found to be 
closer to the respiratory signal in comparison to the previous 
case. 
Case III: A similar analysis of the respiratory signals with mul-
tiple transients is shown in the third row images of Figure 2. It 
can be noticed that the number of cross-terms are lesser in the 
ambiguity domain filtered WVD. 

 

Figure 2: WVD of signal in different cases before and after Am-
biguity Domain Filtering 

5.2 Detection of Transients in the Respiratory Signals 
The time marginal property of WVD is used for detecting the 
presence of transients in the respiratory signal quantitatively 
and the results are plotted in Figure 3. In case I, the experi-
ment with a high frequency transient in the respiratory signal 
produced a result as in the first image. The values of the in-
stantaneous energy are calculated using the time marginal of 
STFT, WVD and cross-term reduced WVD. The instantaneous 
energy using all these methods is plotted and peak values are 
noted down. As can be seen in the figure, the peak instantane-
ous energy for the same signal is found to be highest in the 
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cross-term reduced WVD and the lowest in the STFT plots. 
This states that the cross-term reduced WVD using ambiguity 
domain filtering has improved the performance of transient 
detection in the respiratory signals. In case II, a similar exper-
iment with a lower frequency transient in the respiratory sig-
nal produced a result as in the second image. In case III, the 
experiment with multiple numbers of transients in the respira-
tory signal gave rise to plot as given in the third image. 
All these results confirm the fact that the WVD after ambiguity 
domain filtering using an adaptive kernel results in a better 
detection of transients in a respiratory signal. The peak value 
of the instantaneous energy in the filtered WVD is found to be 
higher in all cases. 

 

Figure 3: Time marginal of WVD and STFT in different cases 

6 CONCLUSIONS 
The above experiments and results prove how the ambiguity 
domain filtering helps in reducing cross terms in WVD, and 
how this can help in detecting the presence of disturbances in 
respiratory signals and thus in the diagnosis of respiratory 
diseases. The respiratory signals were collected using suitable 
data acquisition devices. The signals were then used to test the 
transient detection algorithm and the results were compared 
between STFT, WVD and cross-term reduced WVD. Through 

the experiments we find that the time marginal of the cross-
term reduced variant of WVD, while used for the detecting 
transient respiratory disturbances gives a better performance 
in comparison with the previous methods using STFT and 
Smoothed WVD. We believe that there is still possibilities for 
improvements in the above algorithm by further reducing the 
cross-terms in WVD through different filtering mechanisms. 
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