
 Eindhoven University of Technology

MASTER

Estimation of perceived roughness

Jourdes, Vincent J.P.

Award date:
2004

Awarding institution:
Institut National Polytechnique de Grenoble

Link to publication

Disclaimer
This document contains a student thesis (bachelor's or master's), as authored by a student at Eindhoven University of Technology. Student
theses are made available in the TU/e repository upon obtaining the required degree. The grade received is not published on the document
as presented in the repository. The required complexity or quality of research of student theses may vary by program, and the required
minimum study period may vary in duration.

General rights
Copyright and moral rights for the publications made accessible in the public portal are retained by the authors and/or other copyright owners
and it is a condition of accessing publications that users recognise and abide by the legal requirements associated with these rights.

            • Users may download and print one copy of any publication from the public portal for the purpose of private study or research.
            • You may not further distribute the material or use it for any profit-making activity or commercial gain

https://research.tue.nl/en/studentTheses/1bc39c23-e15c-45d2-9fc2-68c5fa66a728


p,k {~~~ 
----~> 

Estimation of Perceived Roughness 

V.J.P JOURDES 

29 July 2004 



Preface 

This report is the result of my master study to obtain the master degree in electrical 
engineering of the National Polytechnic Institute of Grenoble (INPG). In a student ex
change context, I had the chance to carry out this project at the Eindhoven University of 
Technology, in the Subdepartment of Human Technology Interaction. 

I would like to thank the people from TU/ e for making this exchange program possi
ble. In particular I would like to thank my tutor, Dik Hermes, for accepting me for this 
work and for being so pedagogic. Furthermore I want to thank Jeroen Breebaart and 
Armin Kohlrausch for their help and my office mates, Jacco Van Gurp, Patrick Van Bree 
and Ronnie Duisters for their friendship. 

Vincent Jourdes 

3 



Contents 

1 Introduction 7 
1.1 The percept of roughness 7 
1.2 Interest of roughness estimation . 7 
1.3 The existing algorithms 8 
1.4 Goal of this project . . . . . . . . 8 

2 The Daniel and Weber algorithm 9 
2.1 Description of the program 9 

2.1.l Stage 1 . . . . . . . . 9 
2.1.2 Stage 2 . . . . . . . . 11 

2.2 Limitations of the algorithm . 13 

3 Implementation of the gammatone filters: modification of stage 1 15 
3.1 The outer-middle ear filter . 15 
3.2 The gammatone filter bank . . . . . . . . . 17 

3.2.l Frequency scales . . . . . . . . . . . 17 
3.2.2 
3.2.3 
3.2.4 

Description of the gammatone filter 
Computation of the gammatone filter 
Comparison with the Daniel and Weber model 

4 Modification of the stage 2 
4.1 Frequency scale modification . . . . . . . 
4.2 Design of bandpass weighting FIR filters . 
4.3 Comments on these modifications . . 

5 Problems with gammatone filtering 
5.1 Estimation of the modulation depth 

5.1.l Description of the problem 
5.1.2 Proposition for a solution . 

5.2 The filters introduce phase delay . 
5.2.l Description of the problem 
5.2.2 Proposition for a solution 

5.3 Discussion ............ . 

5 

17 
19 
22 

25 
25 
26 
27 

29 
29 
29 
31 
31 
32 
33 
33 



6 Adaptation model 
6.1 Principle and implementation of a model of adaptation . 
6.2 Final algorithm ..................... . 

7 Performance of the algorithm for symmetric signals 
7 .1 Roughness of AM signals . . . . 
7 .2 Roughness of FM signals . . . . . 
7.3 Roughness of white noise signals 

8 Roughness of assymetric signals 
8.1 Sawtooth signal . 
8.2 Results . . . . . . . . . . . . . . 

9 Discussion 

A Frequency scale comparison 

B Matlab functions and files 
B.1 function Roughbody2.m 
B.2 File FIR.J:Iweights 
B.3 Function shiftcov 

Bibliography 

6 

35 
35 
36 

41 
41 
42 
44 

47 
47 
48 

51 

53 

55 
55 
58 
59 

61 



Chapter 1 

Introduction 

1.1 The percept of roughness 

In psychoacoustic, it is common to distinguish four basic perceptual attributes. They are 
officially defined by the American Standards Institute (AINSI). They are loudness, pitch, 
timbre and duration. Apart from those four main perceptual attributes, some other per
ceptual phenomena have been related to attributes, such as fluctuation, roughness and 
sharpness. Auditory roughness is an important parameter that induces unpleasant quali
ties of a sound. Roughness was originally defined by Helmholtz [19] to provide a sensory 
basis for musical consonance. 
This phenomenon can be shown by using a 100 3 amplitude modulated 1-kHz tone and 
increasing the modulation frequency from low to high values: three different areas of sen
sation are traversed. At very low modulation frequencies the loudness changes slowly up 
and down. The percept produced is that of fluctuation. At about 15 Hz, another type 
of sensation, roughness, starts to increase. It reaches its maximum near modulation 
frequencies of 70 Hz and decreases at higher modulation frequencies to change into a tonal 
sensation. Roughness is created by the relatively quick changes by modulation frequencies 
in the region between about 15 to 300 Hz [16]. The roughness percept is measured in the 
perceptual unit asper. 

1.2 Interest of roughness estimation 

In a project concerned with the design of sound for virtual environments, the HTI sub
department study the sound of virtual objects interacting with each other. In this case 
we concentrate on the sound of a ball rolling over a plate. In previous research it was 
found that, when listening to sounds of wooden balls rolling on wooden plates, people 
were able to discriminate the sounds of large balls from those of small ones and the sounds 
of fast from slowly rolling balls. It could be shown that, besides cues such as amplitude 
modulation, both spectral and temporal properties of the sound played an important role 
in the discriminations [17]. Up to now, various studies have been carried out to describe 
the temporal and spectral structure of the rolling sounds [17][18]. An essential problem 
in these studies consisted of so-called ticks in the recorded rolling sound. These ticks are 

7 



caused by irregularities on the surface of the ball and the plates, and by the transition 
from rolling to bouncing: when the ball rolls so fast that it regularly looses contact with 
the plate and falls back again. 
It is very probable that these ticks play an important role in the perception of rolling 
sounds, especially for small, rapidly rolling balls, for which the transition from rolling 
to bouncing occurs quite easily. Since these ticks appear to contribute significantly to 
the percept of roughness, developing tools that estimate roughness of sound could be of 
interest to detect and describe them. 

1.3 The existing algorithms 

Several models for calculating roughness have been developed. The main models are based 
on auditory models, namely on the signal processing that is performed in the auditory 
system. The current algorithm was based on a proposal of Aures [3] and was improved 
and implemented by Daniel and Weber [l]. This implementation was converted to Matlab 
by J Schrader [2]. This algorithm has two drawbacks. First, it is based on the Bark scale, 
a frequency based on measurements of the frequency resolution of the peripheral auditory 
system. Second, the algorithms departs from symmetrically window sound segment. Due 
to the second drawback, the algorithm fails in estimating the differences in roughness of 
sounds with asymmetrical envelopes. 
Since the envelopes of a rolling sounds are asymmetrical and, more precisely, appear to be 
a succession in time of a complex of damped signals, this algorithm needs to be modified 
to be used for our specific purpose: studying the sound of rolling objects. 

1.4 Goal of this project 

My assignment was to carry out several modifications on this model in order to improve 
the effectiveness of the algorithm for asymmetric signals. 
In the previous algorithm by Schrader [2], symmetrical analysis filters are used. It has be 
known recently that the perceptual analysis of onsets requires an asymmetrical filter, more 
specifically a filter which has the same properties as the auditory filter [4]. It seems likely 
that similar results will come about when the perceived roughness is investigated. For this 
reason we have implemented the so-called gammatone filters, which simulate the filtering 
that takes place in the cochlea. In addition, the algorithm was modified in order to work 
only in the time domain. Last but not least, a model of adaptation is added, because this 
non-linear step is expected to increase the effect of asymmetry on the estimated roughness. 

We will begin this report by presenting the algorithm by Daniel and Weber [1]. Then 
in chapter 3 and 4 we will present the modification carried out: the modification of the 
frequency scale used, the implementation of gammatone filters, the design of FIR filter 
in order to allow the model to work in the time domain for each of the processing steps. 
Chapter 5 deals with some other modifications that appeared to be necessary after the 
above mentioned implementations. In chapter 6, we present the last modification that was 
carried out on this model: the implementation of a model of adaptation. Then, in chapter 
7 and 8 we test the efficiency of our algorithm with two main classes of signals: the signal 
with symmetric and asymmetric envelopes. 
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Chapter 2 

The Daniel and Weber algorithm 

In this chapter, a short description of the roughness model by Daniel and Weber will be 
given in order to allow the reader to better understand the part which I have modified. 
For more complete information about this model and its implementation in Matlab, I refer 
to Daniel and Weber [1 J and Schrader [2]. 

Then, we will describe the limitations of this algorithm and why its modification could 
be of interest. 

2.1 ·Description of the program 

The model implemented by Daniel and Weber, based on a suggestion of Aures [3], is derived 
from knowledge we have of the human auditory system. This model can be divided into 
two stages: The first one realizes the transformation from sound to the excitation of the 
basilar membrane, the second stage represents the processing of this excitation in the 
nervous system that leads to the percept of roughness of the sound. 

The different steps of the process are presented on figure 2.1. They will be explained 
in more details in the next subsections. 

2.1.1 Stage 1 

This model calculates the roughness of successive half-overlapping frames of the input sig
nal. The duration of those frames are 0.2 s, with an overlap of 0.1 s. Because the following 
process takes place in the frequency domain, each frame is windowed by a Blackman win
dow for side lobe suppression. The signal is transformed into the frequency domain using 
an FFT. 
A calibration factor is then required in order to get the power spectrum L in decibels (dB 
SPL) from the frequency spectrum of the FFT of the input signal. This spectrum is then 
multiplied by a factor ao(f) which represents the transmission from free field to cochlea, 
i.e. the passage through the outer and the middle ear. 

At this point of the processing we have calculated the signal as it arrives in the oval 
window. The next step of stage 1 represents the frequency analysis realized by the cochlea. 
Each frequency component is transformed into its triangular excitation pattern, which 
represents the excitation on different parts of the basilar membrane. For this purpose both 
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I st Stage 

2nd Stage i 
i ·2 

Input Signal 

200 ms frame of the sampled input signal weighted 
with a blackman window 

Transformation from free fileds to cochlea ao (f) 

Transformation of the frame spectrum into excitation patterns 

Critical-band filterbank of 47 overlapping channels at Zi =0.5 Bark and 
a bandwidth dz=lBark 

••• 47 

ei (t) - ei(t) _ FFT(jei (t)I) 

band pass filtering: 
FT (lei(t)l).Hi (fined) DC: ho,;= jei(t)I 

Y mi =rms( hBR,i(I) )/ho,i 

i+2 

correlation correlation 

ri = (g(zi).mi.ki .2.ki) 
2 

47 

Figure 2.1: Structure of the roughness model of Daniel and Weber 

Daniel and Weber and Aures used the Bark scale. The excitation level at the frequency of 
the component is set to the sound pressure level of the Fourier component. The excitation 
decreases with a constant slope towards lower frequencies and with a level dependent 
slope towards higher frequencies. The slopes are chosen in accordance with the proposal 
by Terhardt [5]: 

for the lower slope and 

dB 
81 = -27-

Bark 

S = [-24 _ 0.23kH z 0.2L] _.!!!!__ 
2 f + dB Bark 

(2.1) 

(2.2) 

for the upper slope. In equation 2.2, f represents the frequency and L the level of the 
spectral component. 

Then, specific excitation signals are calculated from these excitation patterns. Specific 
excitations are calculated for 47 overlapping channels, with a width of 1 Bark. Their 
centers Zi lie at: 

Zi = 0.5 · i (Bark) , i=l, 2, ... , 47 (2.3) 

A specific excitation spectrum is obtained from an excitation pattern as shown in figure 
2.2. The following step is done for i from 1 to 47: 

10 



If the Bark value z(f) of a frequency component is lower than Zi - 0.5 Bark, then its 
contribution to the specific excitation spectrum at channel i is set to the value of its upper 
slope at Zi - 0.5 Bark (figure 2.2 peak 1). 

(1) I (2) I (3) 
I I 

I 
I 

I 
I I 

I 
I 

I I I 

I 
I 

I I/ 

I 
I 

I J-
(a) I 

I 
I I I 

LE I 
I I I I 

I 
I I I I 

I I I I I I I 
I I I I I I I 

zi - 0.5 Bark zi zi + 0.5 Bark 

(2) I 
I 

I 

I 
: 

I I 
1 (1) I 

I I (3) I 
I 

I 

(b) 
I I I I 
I 

I 

i I I I 

LE(Zi) 

I 

I I 

I I 

I I I I I I 
zi - 0.5 Bark Zi zi + 0.5 Bark 

Figure 2.2: From excitation pattern to specific excitation levels for channel i, (a) original levels and 
slopes, (b) modified levels for channel i. 

If the Bark value of a frequency component lies within Zi - 0.5 Bark and Zi + 0.5 Bark, 
then its level L contributes unchanged to the specific excitation spectrum at channel i 
(peak 2). Finally, if the Bark value of a frequency component is higher than Zi + 0.5 Bark, 
then its level is set to the value of its lower slope at Zi + 0.5 in the specific excitation 
spectrum at channel i (peak 3). Frequency components below the hearing threshold are 
omitted. 

This way of calculating the specific excitation spectra from the level dependent slopes 
is what eventually will be responsible for describing the level dependence of estimated 
roughness. 

At this point we have 4 7 excitation spectra. These spectra are transformed back into 
the time domain using an inverse Fourier transform by combining the modified levels of 
each frequency component with their original phases. This yields the 4 7 frames of specific 
excitation signals ei(t) that will form the input to the next stage. 

2.1.2 Stage 2 

The purpose of this stage is to calculate the specific roughness of the 4 7 channels from 
which the total roughness of the signel can be deduced. 
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• First, a generalised modulation depth mi is calculated by dividing therms-value of 
the weighted excitation envelope by its DC-value. The DC-value is calculated by: 

ho,i = lei(t)I, (2.4) 

and the weighted excitation envelope by: 

(2.5) 

The fluctuations of the envelope are contained in the low frequency part of the 
spectrum FT (lei(t)I) of the absolute value of the specific excitations: 

This spectrum is appropriately weighted by HiUmod) in order to model the de
pendency of the roughness on the modulation frequency. The weighting 
functions HiUmod) have been optimized for that purpose by Daniel and Weber [1]. 
The spectral weighting functions H4Umod) (z4=2 Bark) ,H15(fmod) (z15=8 Bark), 
H42Umod) (z42=21 Bark) are drawn in fig 2.3. 
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Figure 2.3: Weighting functions H4(/mod), H16(/mod), H42(/mod) 

The weighting functions in the other channels can be derived from them in the way 
described in table 2.1. 

The generalized modulation depth is calculated as follows: 

{ 

hBP,;(t) 

~' 
mi= l, 

12 

if hBP,;(t) < 1 
ho· -

if hBP:i'(t) > 1 
ho,; 

(2.6) 



channels Way to find weighting functions 

i=l,2 ... ,4 Hl = H2 = H3 = H4 
i=6,8, ... ,16 Hi-1 =Hi and 

Hi is linearly interpolated between H4 and H16 
i=l 7,18,19,20 Hi= HlB 
i=22,24, ... ,42 Hi-1 =Hi and 

Hi is linearly interpolated between H20 and H42 
i=43,44, ... ,47 Hi= H42 

Table 2.1: Determination of the weighting function, by Daniel and Weber [l]. 

In this equation, hBP,i(t) is the rms of the envelope signal hBP,i(t) for channel i. 
The limiting of the modulation depth avoids pulses in the envelope to falsely effect 
the calculation of the total roughness, since pulses produce calculated generalized 
modulation depths that are considerably higher than 1. 

• The weighted excitation envelope is then used to calculate the crosscorrelation factor 
ki. It is defined as the crosscorrelation between hBP,i(t) and hBP,i+2(t) The calcula
tion of the correlation between the envelopes of these channels is done to determine 
to what extend the amplitude modulations in these channels are in phase and, as a 
consequence, to what extend the specific roughness in the channels can be added up 
to calculate the total roughness. 

• The roughness dependence on the frequency of the carrier is introduced into 
the model by multiplying the calculated mi by a weighting function g(zi) which is 
developed for this purpose. 

• With those three parameters, 47 specific roughnesses, which are the roughnesses of 
each channel are calculated. These 47 specific roughnesses are derived as follow: 

{ 

(gzi ·mi · ki) 2 for i=l,2 
Ti = (gzi · mi · ki-2 · ki)2 for i=3 .. .45 

(gzi ·mi· ki-2)2 for i=46,47 
(2.7) 

• Then, the total roughness is calculated by summing the specific roughnesses of all 
channels: 

(2.8) 

2.2 Limitations of the algorithm 

This algorithm and its Matlab implementation by Schrader give good estimations of rough
ness for signals like symmetrical AM-tones, FM-tones, AM-noise and unmodulated noise. 
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In the Matlab implementation, however, there remain some significant differences in cali
bration and in results presented in [2] when compared with the Daniel and Weber model. 

When using this model for tones with an asymmetrical envelope and, in a more gen
eral way, for signals of all sorts (rolling sounds, speech) which also have asymmetrical 
envelopes, some limitations appeared: Because the Fourier transforms are carried out on 
symmetrically windowed signals, there will be no difference in the estimated roughness of 
sounds with asymmetric envelopes played forwards or backwards. Indeed, as Pressnitzer 
and McAdams [6] discuss it, the effect of envelope shape on roughness perception is signif
icant. Sounds that display an abrupt rise and a slow decay are rougher than their reverse 
versions, with a slow rise and an abrupt decay. We will come back later on this subject in 
chapter 7. 

Another limitation is that, when two sounds are played together, the roughness be
longing to this mixture of sound will be perceived separately for each sound. The model 
as described is not capable of performing this kind of separation. 

We will not tackle this last problem in our work. By using FIR filters that work in the 
time domain instead of steps that took place in the frequency domain, we will avoid the 
problem of the symmetrical windowing used for the Fourier transform. By this way we 
are expecting an improvement of the algorithm for roughness estimations of signal with 
asymmetrical envelopes. 

The steps that we will have to change are: The critical band filtering, the transforma
tion from free fields to cochlea, the weighted excitation envelope calculation. 

The two first steps belongs to stage l. We will start with this stage in the next chapter 
where we will describe the notion of gammatone filterbank used to model the basilar 
membrane filtering. 
The weighted excitation envelope calculation takes place in the stage 2. Its modification 
will be described in chapter 4 together with other modifications of stage 2. 
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Chapter 3 

Implementation of the gammatone 
filters: modification of stage 1 

The gammatone filter is used in models of the auditory periphery to represent a critical
band filter. It represents the auditory filter by a causal impulse response. The interest of 
this filter is that it is a better approximation of the filtering by the basilar membrane than 
the model proposed by Terhardt [5], and used by Daniel and Weber. In addition, since it 
can be modelled by a FIR filter, the processing can be done in the time domain. 
In this chapter we will discuss mainly the modification of stage 1 of the former algorithm. 
The following figure shows the new steps used in the first stage of our algorithm which is 
the modification of stage 1 in the model by Daniel and Weber: 

! Input Signal 1 r-- ()'"'·"""~ L_ signal 

Outer middle ear 

1 
bandpass fi~ 

t 
,..exc1(t) 

,' ;, ,/ ' 

// X\ \,, 
1 

.... exci(t) 

~-----1. 

Gammatone 
filter bank 

I. 
~XC76(t) 

~-----~ 

Figure 3.1: Structure of the modified stage 1. 

After presenting the adaptation of the program to perform a time domain processing 
we will present the gammatone filter and its implementation in more details. 

3.1 The outer-middle ear filter 

In the former algorithm, the work is done in the frequency domain in the early stages 
of the program. As we discussed in the last chapter, one of the main limitations of the 
Daniel and Weber algorithm seems to be the windowing of the signal necessary to perform 
a Fourier transform. For this reason stage 1 has to be made without an FFT. 
We first must modify the way the transmission from free field to the cochlea is done. For 
this task we will use a FIR filter which models the outer-middle ear filtering, developed 
by Pflueger et al. [7]. 
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The model is designed to simulate monaural listening under free field conditions. Above 
1 kHz, the magnitude response of the outer-middle ear filter is similar to the inverted ab
solute threshold curve. Below lkHz the middle ear bones determine the amplitudes of the 
transmission. The absolute threshold curve is also influenced by the frequency internal 
noise of the inner ear and therefore does not reflect the transmission through the outer 
and middle ear below 1 kHz. Pflueger assumes that the transmission through the outer 
and middle ear below lkHz is reflected in the inverted shape of an equal-loudness contour 
at a high loudness level. 

The transfer function of the outer-middle ear filter (HLP) consists of a cascade of a 
recursive lowpass filter of order 8, 

H . 0 .109 · z 7 
· ( z + 1) 

LP(z) = zB - 2.5359 · z7 + 3.9295z6 - 4.7532z4 - 3.5548 · z3 + 2.1396 · z2 - 0.9879 · z + 0.2836 

and a parameterized recursive highpass filter of order 2 (HHP ): 

z2 
- 2 · z + 1 . 

HHp(z) = 2 2 
R R2 with R=0.957 

z - · ·z+ 

The magnitude response of the combined filter (He= HHP · HLP) is given in figure 3.2 

0 

-10 

-20 

~ -30 

~ 
~-40 
<[ 

-50 

-60 

-70 

10' 10' 
Frequency(Hz) 

Figure 3.2: Amplitude response of the outer-middle ear band-pass filter 

At the output of these filters, we have the signal as it is at the oval window. This 
signal will be used as input to the gammatone filter bank. 
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3.2 The gammatone filter bank 

In this section we will describe in more detail the properties of the gammatone filters and 
the way to implement them. 

3.2.1 Frequency scales 

The model by Daniel and Weber performs the critical-band filtering on a Bark scale. The 
Bark scale is a psychoacoustical scale which ranges from 0 to 24. On this scale, equal 
distances correspond with perceptually defined equal distances. This scale has become old 
fashioned, and most of the recent auditory modelling uses another psychoacoustical scale, 
the ERB-rate scale. This ERB-rate scale was based on improuved methods to measure 
the auditory filters bandwidth, especially bellow 500 Hz1 , by bandstop noise. On this 
scale the bandwith are smaller over the whole range. In our model, we will use this more 
up-to-date representation. 
ERB means Equivalent Rectangular Bandwidth, where equivalent means that, for a white 
noise input, the rectangular filter should pass exactly as much power as the real filter. Ac
cording to Glasberg and Moore [9] the ERB scale relates bandwidth with center frequency 
by the following equation: 

ERB= 24.7 + 0.108 ·cf, (3.1) 

where cf is the center frequency in kHz and ERB the associated bandwidth in Hz. 

The position of the center frequency is defined by introducing the scale called ERB
rate and we will denote the number of ERB by E. As for the Bark scale, one unit (1 E) 
on this scale corresponds to a constant length along the basilar membrane. 

The center frequency corresponding to one position on this scale can be derived by 
this formula from Glasberg and Moore [9]: 

cf= 229 · (lO(E/21.4) - 1) 

The ERB-rate scale is plot as a function of frequency along with the Bark scale in 
figure 3.2. 

3.2.2 Description of the gammatone filter 

The gammatone filter models the frequency-place transformation on the basilar mem
brane. We will use it instead of the critical-band filter bank triangular in the frequency 
domain of stage 1 of the Daniel and Weber model [l]. 
The gammatone filter has an impulse response given by the following equation: 

{ 
bTJ · tTJ-l · e-27r·b·t · cos(27r · f · t + </>) 

h(t) = 0 c 
(t 2: 0) 
(t < 0) 

(3.2) 

1 Measuring the critical bands below 500 Hz appeared to be quite difficult, due to the fact that, at low 
frequencies, the sensitivity and the efficiency of the auditory system rapidly diminish, while additionally 
headphone technology caused leakage of acoustic energy at low frequencies [13]. 
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Figure 3.3: The Bark scale and the ERB-rate scale 
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where the parameter 'f/ is the order of the filter, and fc the center frequency. The parameter 
bin ERB, will largely determine the duration of the impulse response. When the order of 
the filter is in the range 3-5, the shape of the magnitude characteristic of the gammatone 
filter is very similar to that of the rounded-exponential (roex) filter [8] commonly used to 
represent the magnitude characteristic of the human auditory filter. 
The roex function was suggested by Patterson and Nimmo-Smith [14] to model the shape 
of the critical band filter as determined by notched-noise experiments2 , 

(3.3) 

Where g is the normalized deviation of the frequency from the center frequency fc, 
g = l(f - fc)/ !cl· This filter has a single dimensionless parameter, p, to describe the 
critical bandwidth. 

For a gammatone filter, an order of 4 is commonly used. At this order, bis l.018·ERB 
and the -3 dB bandwidth of the gammatone filter is 0.887 times the ERB. 
In figure 3.4, we show the impulse responses of some gammatone filters for a few center 
frequencies. 

2 This experiment is used to trace out the shape of auditory filter: The center of the notch is placed 
at the signal frequency, and the signal power required for detection, is mesured as a function of the notch 
width [8] 
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Figure 3.4: Impulse response of some gammatone filters with ry=4, for a few center frequencies. 

3.2.3 Computation of the gammatone filter 

According to Van Compernole [10], the most straightforward implementation of the gam
matone filters is to use the impulse responses directly and implement them as FIR filters. 
Slaney [11][12] implemented this filter bank as a set of simple digital FIR filters instead of 
the frequency-domain methods that have been used in the past. We will use this model 
with the number of channels adapted to what we need. 

As we saw, each filter has a -3 dB bandwidth of 0.887 ERB(!), but the frequency spac
ing between channels was not specified. In the cochlea there are about 3500 inner hair cells 
but computer models can only approximate this density of channels if the computational 
load is a limitation. In the program by Slaney, it is possible to choose the desired array of 
center frequencies of the gammatone filters. We will work with 76 channels spaced 0.5 E 
from 0.5 to 38 E corresponding to center frequencies ranging from 13 Hz to 13434 Hz. It 
is approximately the frequency range in E covering the range in Bark used by Daniel and 
Weber. 
Thus the center Zi of each filter will lie at: 

Zi = 0.5 x i (E), i = 1, 2, ..... , 76. 

Now we know the impulse responses of our filters, the number of filters we need and the 
desired spacing between them. Let us see now how Slaney has designed the corresponding 
FIR filter. 

• Laplace transform of the impulse response 
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We will first recall a few Laplace transforms. We note B=21T · b=21T · 1.019 ·ERB(!) and 
w=21Tfc 

(3.4) 

tn. f(t) LaE}_fce (-lt dn (F(s)) 
dsn 

(3.5) 

( t) B·t Laplace S + B 
cos w · · e ---+ ( B) 2 2 s+ +w 

(3.6) 

from equation 3.5 and 3.6 we get: 

tn ( t) B·t Laplace ( l)n ~ ( S + B ) ·COSW· ·e ---+ - -
dsn (s+B) 2 +w2 

(3.7) 

We are interested in the fourth-order-gammatone filter, namely T/ = 4 which corre
sponds to n=3. Thus, we are interested in the third derivative in equation 3. 7. Since 
we will later normalize the gain of the filter, we now ignore the factor ( -1 r. The next 
equation gives the result of using this third derivative, which is the Laplace transform of 
the fourth order gammatone impulse response h(t) of equation 3.2: 

6(-B4 - 4B3s - 6B2s2 - 4Bs3 - s4 + 6B2w2 + l2Bsw2 + 6s2w2 - w4) 
H(s) - (3 8) 

- (B2 + 2Bs + s2 + w2)4 · 

Since the highest order of sis 8, an 8th order filter can be used to implement the fourth
order-gammatone filter. Then Slaney calculates the poles and the zeros of this transfer 
function. With them, it is possible to map all s-plane poles and zeros to corresponding 
z-plane poles and zeros with the impulse invariance mapping method. The poles and zeros 
are listed below: 

We can rewrite H(s) as: 

Z1 = -B + V3 + 23/2. w, 

z2 = -B - V3 + 23/2). w, 

Z3 = -B + J3 - 23/2). w, 

Z4 = -B - J3 -23/2). w, 

Pl = P3 = P5 = P7 = - B + i · w, 

P2 = P4 = P6 =PB= -B - i · w, 
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H(s) = G · (z1 + s) · (z2 + s) · (z3) + s · (z4 + s) 
(p1 + s)4 · (p2 + s)4 

(3.9) 

This filter is then rewriten as a cascade of 4 filters of order 2 by setting one zero and 
two poles in each filter: 

(3.10) 

(3.11) 

H3(s)= z3+s 
(Pl + s) · (p2 + s) 

(3.12) 

(3.13) 

• Z-transform 

Slaney implemented the fourth-order-gammatone impulse response as a cascade of four 
second order filters. The analysis at this point is in the Laplace, or continuous domain. 
We need to convert these filters into their equivalent sampled form for use in a digital 
program. For this purpose he uses the 'impulse invariance mapping technique' mentioned 
above. The impulse invariance filter transformation requires that we expand the filters 
into their partial fractions expansion, and then replace each pole by its discrete equivalent. 
As we have to determine 4 filters, let us explain the method for the first one to better 
understand the above assumptions: The first filter stage of equation 3.10 can be expanded 
to the following form: 

Hl(s) = _r_1_ + _r2_ 
s +Pl s + p2, 

(3.14) 

in which r 1 and r2 are the residues of the original filter when evaluated at -p1 and 
-p2. In this case we have: r1 = P1 -zi and r2 = zi -p2 • We can find the z-transform of 

p1-p2 p1-p2 
the equivalent impulse invariant filter, assuming a sampling interval of T, by replacing the 
simple s-domain pole with a modified z-domain pole. 

r T·r T·r·z 
--- =--~ s - p 1 - eT·p z - eT·p 

z 

By applying this transformation to the two fractions of equation 3.9 after grouping 
those fractions, we can determine the sampled form of the first filter: 
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-Tz2 + z (Tcos(wT)e-BT + J3 + 23/2Tsin(wT)e-BT) 
H 1 ( z) = -----'-_-e---,,2"""'B=r:-_-2z--=2=-+-2-z-co_s_( w-T-)e_,B=r=-----~ 

The other filters are determined using the same methods: 

-Tz2 + z (Tcos(wT)e-BT - J3 + 23/2Tsin(wT)e-BT) 
H2(z) = ---~----==------------~ 

-e-2BT - 2z2 + 2zcos(wT)eBT 

-Tz2 + z (Tcos(wT)e-BT + J3 - 23/2Tsin(wT)e-BT) 
H3(z) = ---~----==---.,.....------=----~ 

-e-2BT - 2z2 + 2zcos(wT)eBT 

-Tz2 + z (Tcos(wT)e-BT - J3 - 23/2Tsin(wT)e-BT) 
H 4 (z) = ---~----==---.,.....------==----~ 

-e-2BT - 2z2 + 2zcos(wT)eBT 

The filters are now completely defined: we can set the sampling period T and for each 
center frequency we can calculate w and B and deduce the corresponding gammatone 
filter: 

The first filter is multiplied by a value G(Jc) in order to set the gain of each gammatone 
filter to OdB. The function MakeERBFilter.m from Slaney designs the gammatone filter 
bank for a chosen array of center frequencies. In figure 3.4 we have plot the amplitude 
response of the gammatone filters for the center frequencies of 2-j+0.5 E withj=0,1, ... ,18. 

In figure 3.6 we test the gammatone filterbank with a pulse series as input. In this 
figure we can see that there is a phase variation of the basilar membrane motion that 
increases with decreasing frequencies. We will come back later to this phenomena, when 
we will study its influence on the rest of the program. 

3.2.4 Comparison with the Daniel and Weber model 

After the processing of the oval window signal by the gammatone filterbank, we have 76 
excitation signals. These signals will represent the input of our stage 2. This imput is 
equivalent to the input of the stage 2 of the Daniel and Weber model. The difference is that 
to compute these channels we worked only in the time domain. This allowed us to avoid the 
Fourier transformation and the symetrical windowing of the signal. The channel decompo
sition made by a gammatone-filter bank will give us a model of the cochlea which is more 
realistic than the former model. These filters are asymmetrical and we are expected that 
this property will improve the roughness estimation of signal with asymmetrical envelopes. 

Nevertheless, the shape of the gammatone filter does not change with the level of the 
signal. Or, the level dependency of the second slope of the triangular excitation pattern 
in the model by Daniel and Weber (see 2.1) is the factor which determines the level 
dependency of the estimated roughness. Since the shape of our filters is level independent 
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Figure 3.5: Amplitude response of the gammatone filters for center frequencies 2 · j + 0.5 E with j 
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Figure 3.6: Output of the gammatone filterbank for a pulse series train of 70 Hz. 
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we can no longer model this property of roughness. 
Few studies shown the dependence of roughness on level [1]. Terhardt [5] finds a doubling 
of the roughness by a level increase of 20 dB. As an approximate dependence, Zwicker and 
Fastl [16] report a twofold increase of roughness when an AM tone, of 40 dB with m=0.5, 
is amplified by 50 dB to 90 dB. 
Another point is that we work now with 76 channels defined on a ERB-rate scale instead 
of 46 channels on a Bark scale. The following processing has to be modified to suit our 
new model. This will be described in the next chapter as well as the modification of the 
weighting functions since this step was also carried out in the frequency domain. 
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Chapter 4 

Modification of the stage 2 

In stage 2 of the model by Daniel and Weber, one part is done in the frequency domain, 
namely the weighting band pass filtering. To continue in our idea of avoiding Fourier 
transforms, this step of the process has to be modified. In addition, this stage also needs 
to be adapted to the use of an ERB-rate scale since the number of channels was increased 
from 46 in the Bark model to 76 in the ERB model. 

4.1 Frequency scale modification 

• Way to find weighting functions 

To convert the method of table 2.1 used to find the weighting functions, we use the 
table of appendix A: we replace the channels of the Bark scale by their equivalent in the 
ERB-rate scale. 
The main Weighting functions H4Umod) (z4=2 bark), H16Umod) (z15=8 bark) and H42Umod) 
(z42=21bark) become: Hi2Umod) (z12=6 ERB), H3oUmod) (z30=15 ERB) and H66Umod) 
(z66=33 ERB). 
The other weighting functions are now found as shown in table 4.1. 

• Specific roughness calculation 

channels way to find Weighted functions 

i=l,2 ... ,12 H1 = H 2 = .... = H 12 
i=13, ... ,28 Hi-I= Hi and 

Hi is linearly interpolated between H12 and H3o 
i=29,30, ... ,36 Hi= H3o 
i=37,38, ... ,65 Hi-I= Hi and 

Hi is linearly interpolated between H36 and H66 
i=66,67, ... ,76 Hi= H66 

Table 4.1: Method of determination of the weighting functions, adapted from Daniel and Weber. 
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Using also appendix A, we carry out a scale adaptation of the channel dependent 
formula of equation 2. 7 used to determine the specific roughness. This formula becomes: 

for i=l, ... ,7 
for i=S, ... ,72 
for i=73, ... ,76 

• Function gzi 

The function gzi is also converted to the ERB-rate scale. The modifications carried out in 
stage 1 and stage 2 made the previous form of this function not suitable to our algorithm. 
For this reason, some values of this function are modified in order to better model the 
dependency of roughness on the carrier frequency. The modified gzi function is compared 
with the function used by Schrader in figure 4.1. 

1.4,----,----,-----,-----,--;:==========:l 
- function gzi in our program. 

1.2 

0.8 

10 

I 

I 

· - function gzi in Schraders' pr ram. 

I 

I 

15 20 25 
number of ERB 

30 35 40 

Figure 4.1: Weighting functions gzi of Schrader's program (dashed) and as used in our program. The 
two functions are plot on an ERB-rate scale to enable comparison. 

4.2 Design of bandpass weighting FIR filters 

In stage 2 of the algorithm by Daniel and Weber, the model of the dependency of roughness 
on modulation frequency is carrying out with the weighting functions Hi. The spectrum 
of the absolute values of the outputs of the gammatone filter bank is weighted by these 
functions as we showed in equation 2.5. 

To work in the time domain, we need to design FIR filters which achieve the same 
task. To compute those filters, we use a Matlab function from the design filter toolbox: 
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iirlpnorm. This function returns the coefficients of the direct form of a filter which is the 
best approximation to a desired frequency response. In our case, the desired frequency 
response for one filter is the corresponding weighting function. 

The absolute values of the transfer function of these filters are given in figure 4.2 for 
the 3 basic weighting functions. They are compared with the original data. As it is shown 
in section 4.1 there are five different weighting functions used along the channels. Thus 
we have to design 5 FIR filters. We denote by Fi their transfer function: 
F12 corresponds to H12, Fis corresponds to the interpolation between H12 and Hso, Fso 
corresponds to Hso, F37, corresponds to the interpolation between Hs6 and H66 and finally 
F66 corresponds to H 66. 

The absolute values of each output of the gammatone filter bank are now passing 
through the suitable weighting filter. This is explained in the next formulae, the output 
is also indicated by hsP,i, to keep the notations of Daniel and Weber. The filtering is 
presented by using the notation 'filter' which is used as the Matlab function of the same 
name: 

filter(A12, B12, exci(t)) for i=l, ... ,12 
filter(A13, B13, exci(t)) for i=13, ... ,28 

hsP,i(t) = filter(Aso, Bso, exci(t)) for i=29, ... ,36 
filter(A37, B37, exci(t)) for i=37, ... ,65 
filter(A66, B66, exci(t)) for i=66, ... ,76 

In this formula, Aj and Bj are the coefficients of the denominator and the numerator 
of the direct form of Fj for j=12,13,30,37 and 66. 

It is now possible to get the weighted envelope of the excitation signals without trans
forming them into the frequency domain. 

4.3 Comments on these modifications 

After scale adaptation and modifications of the calculation of the weighted envelope, the 
rest of the algorithm should stay the same since we did not want to modify the body of 
this model but only the way that some steps are carried out. In fact, after testing this 
version of the algorithm, it appears that some problems were added by the use of the 
gammatone filters. These problems and the corresponding propositions of solutions are 
given in the next chapter. 
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Figure 4.2: Absolute values of transfer functions of the design FIR weighting filters (IF12I, IF30I, IF66I) 
compared with the original data of the weighting functions (H12, H30 and H66 ). 
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Chapter 5 

Problems with gammatone 
filtering 

5.1 Estimation of the modulation depth 

In the model by Daniel and Weber, the modulation depth is calculated according to 
equation 2.6. We first kept the same formula but it appeared that, when using it in our 
program, the modulation depth was not well estimated. After discussing the origin of this 
problem we will describe the solution we found. 

5.1.1 Description of the problem 

To illustrate this problem, we have plotted in figure 5.1 and 5.2 the estimated modulation 
depths as a function of the number of ERB, as calculated with our program and with the 
program by Schrader. 
The input signal used is a 1003 modulated sine wave with a frequency modulation of 70 
Hz and a carrier of 1 kHz. Thus, we expect to find a peak at the channel corresponding 
to 1 kHz (8.5 Bark or 15.5 E). 

With our program we did not obtain this peak in contrast with the program by 
Schrader. This must be due to the fact that this method is not suitable to the use of 
gammatone filters: 
In the example of figures 5.1 and 5.2, the signal is more attenuated in channels far away 
from 1 kHz. In the model by Daniel and Weber [1], the modulation depths of channels 
diminishes the more the channels are separated from the channel corresponding to approx
imately 1 kHz. In this model, the estimated modulation depth decreases in the surround 
10 Bark. With the gammatone filterbank, the modulation depth remains constant along 
the channels, and when the signal become very small (channel 14 to 26, channel 34 to 
60) the modulation depth is badly estimated, resulting in an increase of the estimated 
modulation depth around 15 E, until the signal become enough attenuated to be under 
the threshold of hearing. 
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Figure 5.1: Estimated modulation depth as a function of the channels for a 100% AM tone, fc = 1 kH 
and J mod= 70 Hz, for Schrader's program. 
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Figure 5.2: Estimated modulation depth as a function of the channels for a 100% AM tone, fc = 1 kHz 
and fmod = 70 Hz, for our program before modification. 
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5.1.2 Proposition for a solution 

To avoid this problem, we propose to calculate the modulation depth in the same way but 
to weight it with the intensity level of the specific signal in the corresponding channel. 

The calibration coefficient is calculated in each channel as follow: 

Calib(i) = rms(hBP,i(i)) 
maxi (rms(hBP,i(i))) 

The equation 2.6 is then transformed as follow: 

{ 

hBp;(t) · Calib(i) if hBP,;(t) < 1 
ho· ' ho· -mi= ,i - ,.,, 

1 if hBp,;(t) > 1 
' ho,i 

(5.1) 

(5.2) 

With this method, we obtain the curve of figure 5.3 for the modulation depth as a 
function of the number of ERB. 
We obtain a clear peak centred at 15.5 E corresponding to a frequency of 985 Hz. This 
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Figure 5.3: Estimated modulation depth as a function of the channels for a 100% AM tone, fc = 1 kH 
and f mod = 70 Hz, for our program. 

peak is sharper than the peak obtained with the Schrader algorithm. We will see later 
that this method gives a better result than the previous program for the dependency of 
roughness on modulation depth. 

5.2 The filters introduce phase delay 

At this point the results given by our algorithm failed in some respects to represent 
some properties of roughness. For instance, for the curves of dependency of roughness on 
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frequency modulation (figure 7.2) the maxima were not at the right place. After searching 
for the origin of this problem, it appears that the phases introduced by the gammatone 
filters affect the calculation of the cross correlation factors mi described in section 2.1.2. 

5.2.1 Description of the problem 

The fact that we use a bank of FIR filters for the critical band filters introduces a phase 
delay which is not the same for all channels. In figure 3.6 we saw that there is an increas
ing phase delay with decreasing frequency of the channels corresponding to the strong 
rightward skew. Since the cross correlation is calculated from two close channels spaced 
by 1 E in our program, this phenomenon has no influence. We were able to verify this 
assumption by compensating for this phase delay using the function PhaseComp. This 
program provides a phase alignment of the responses of successive filters by shifting the 
channels horizontally so that the points of maximum response to an impulse i.e. the en
velope maxima, will be aligned. After this operation, for the same input used for picture 
3.6 (pulse series) we obtain the output of gammatone filter bank shown in figure 5.4. 
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Figure 5.4: Output of the gammatone filter after phase alignment (bottom picture) for a pulse series of 
70 Hz (top picture). 

Since this compensation had no influence on the cross correlation factor, the failure of 
our program in estimating roughness should have other origins. The problem should be 
more 'local'. In figure 5.5 we plot the phases of the gammatone filters of channels 29, 31, 
33 to try to understand this phenomenon. 

On this picture, we can see that, for instance, the main spectral component of an AM 
tone with fc=l kHz fmod=70 Hz, namely 1 kHz, will be delayed of about 3 rads by the 
channels 29, 0 rads by the channel 31, and 3 rads by the channel 33. When the cross 
correlation factors are calculated, the correlation between 2 channels spaced by 1 E is 
calculated. Because of the delay introduced (3 rads), the estimated correlation will be too 
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Figure 5.5: Phase responses of the gammatone filters of channels 29, 31, 33. 

low, resulting in a wrong estimation of roughness. 

5.2.2 Proposition for a solution 

To compensate for this phase delay the idea is to calculate several cross correlation factors 
by shifting one of the channels and take the maximum value. A maximum shifting of 3 ms 
appears to be sufficient because the phase delay between 2 channels spaced 1 E is always 
smaller than this value. In addition, a shift of 3 ms corresponds to 333 Hz and this value 
is beyond the frequencies of interest for roughness (15 to 300 Hz). Thus the estimated 
roughness will not be influenced in a wrong way. 
Let us study the influence of this modification on the estimated roughness of a white noise. 
A white noise must have an estimated roughness close to zero because theorically, a white 
noise is not rough. Because noise is a ramdom signal, the cross correlation factor calcu
lated between two channel is close to zero. The shifted correlation used in our algorithm 
appears not to influence the roughness estimation of this white noise: Because this shift is 
small enough, the cross correlation between two cannels calculated for white noise is not 
modified drastically. The calculated roughness for a white noise is still close to zero. 

As the estimation of roughness for symmetrical signals is concerned, this modification 
improves the performance of the algorithm. Nevertheless, it increases the calculation 
complexity drastically. 

5.3 Discussion 

At this point of our work, the algorithm gives a good estimation of roughness for symmet
rical signal as we will discuss in chapter 7. Although the introduction of the gammatone 
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filters brought about a small difference in estimated roughness for asymmetrical signals 
and their time reversed equivalents the program still failed to reproduice the difference in 
roughness found for signals with asymmetrical envelopes. The difference found between 
an asymmetric signal played backward and forward was not large enough. 
To increase the effect of asymmetry on the estimation of roughness, the implementation 
of an adaptation model will be of interest. We implemented the model by Puschel [15], 
which tries to incorporate the adaptation properties of the auditory periphery. We will 
present it in the next chapter. 
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Chapter 6 

Adaptation model 

6.1 Principle and implementation of a model of adaptation 

Our program models the auditory periphery up to the excitation of the basilar membrane. 
Then on stage 2 the processing of this excitation in the nervous system that leads to 
the percept of roughness is computed. To enhance the influence of the asymmetry of 
the signal, the idea is to go further on the model of the auditory periphery by including 
a model of the mechanical to neural transduction that take place in the hair cells. In 
contrast with the other steps, this part of the auditory periphery is not static but adapta
tive and this property is of interest for asymmetric signals as we will explain in this section. 

After gammatone filtering, each frequency channel is half-wave rectified and first-order 
low-pass filtered with a cut-off of 1 kHz to reflect the limiting phase-locking for auditory 
nerve fibers above 1 kHz. Then the adaptative compression takes place. 

This adaptation stage is realized with a series of five feedback loops with different time 
constants, as shown in figure 6.1. The time constants are ranged between 5 an 500 ms 
h = 99 · i + 5 ms). 

After the onset of a stationary signal, the 5 condensers are charged according to their 
time constants. In figure 6.1 we see that the input of the capacitor enters as a divisor 
on each loop, so that more charging causes more attenuation of the input signal. In a 
stationary condition, if we note I the input and 0 the output, we have: I /0 = 0. 
Hence, a stationary input I produces a value of 0 = yJ at the output of the first feedback 
loop. For a chain of n loops we obtain 0 = 2VJ. For n=5 this approaches a logarithmic 
transformation. 
The range of derived output values for. stationary inputs with levels between 0 and 100 
dB was linearly mapped to the range of 0 to 100 Model units (MU). 

The result of adaptation is that rapid changes in the input signal like onsets and offsets 
are emphasized, whereas steady-state portions are compressed. With this transformation, 
input variations that are rapid compared with the time constants of the low-pass filters 
are transformed linearly. If these changes are slow enough to be followed by the charging 
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state of the capacitor, the attenuation gain is also changed. Thus each element combines a 
static compressive nonlinearity with a higher sensitivity for fast temporal variations [15]. 
The step function response of this part of the auditory model is shown in figure 6.2 

This temporal property of the adaptation model will introduce a difference between 
signals with asymmetric envelopes: For damped tones the onset is fast and the stages with 
the long time constant cannot be fully charged. 
In figure 6.3 we show the output of the adaptation model for two inputs: A sawtooth 
(damped) and its time inverted version (ramped) after half-wave rectification and low 
pass filtering. The precise definition of a sawtooth signal will be given on chapter 8. 

We can notice in this example that the adaptation signal introduces differences between 
the two signals: the ramped tone is more attenuated and less sharp than the damped tone. 
We expect that, in this way, the modification will result in different estimated roughnesses 
for those two signals. We will test the program on asymmetric signals in chapter 8 and 
present some conclusions about the performance of the model. 

6.2 Final algorithm 

After modifying stage 1 by implementing a gammatone filter bank and using an FIR filter 
to model the passage from free field to cochlea, we have modified the stage 2 as several 
instances: First we have adapted this stage to work with an ERB-rate scale and we have 
designed some FIR weighting filters to replace the weighting functions HiUmod) (table 
2.1) in order to make the complete process working in the time domain. After testing 
this version we have modified several steps to improve the results: the modulation depth 
and the cross-correlation calculation. Then to make the estimation of roughness by our 
program more sensitive to asymmetric signals, we have added a new step: the adaptation 
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Figure 6.2: Left: input stimulus (envelope). Right: step response of the auditory model (one channel). 
From 0.5 to 0.75 s we have the adaptation stage,from 0.75 s to 1 s the transition to compression, and after 
1 s, the recovery time after offset. 

model. 
The elements of this model are shown in figure 6.4. 
In our program, we set the final calibration factor (Cal) in order to get an estimated 
roughness of 1 for the reference signal (1003 AM tone with a carrier of 1 kHz, a frequency 
modulation of 70 Hz and a level of 60 dB). 

In Appendix B, the Matlab function Roughbody2.m is given. We have implement 
this function in the program by Schrader [2] in the place of Roug}1body.m which realized 
the estimation of roughness on the basis of the algorithm by Daniel and Weber. In this 
appendix are also present the functions that we defined within Roug}1body2.m. 
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Input signal: ramped signal (Sawtooth) after half-wave rectification and lowpass fltterlng (1 kHz) 
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Input signal: damped signal (Reverse Sawtooth) after half-wave rectification and Jowpass filtering (1 kHz) 
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Figure 6.3: Output of the 10 kHz channel of the adaptation model for two inputs: A sawtooth (fc=lO 
kHz, fm=70Hz) and its time-inverted version after half-wave rectification and low pass filtering. 
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Figure 6.4: Final structure of our algorithm 
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Chapter 7 

Performance of the algorithm for 
symmetric signals 

In this chapter, we will test the Matlab implementation of our algorithm for signal with 
symmetric envelope and for white noise. We will use amplitude modulated tones and 
frequency modulated tones and test the roughness dependence on various parameters that 
are important in determining roughness. For amplitude modulation, the important param
eters are the modulation depth and the modulation frequency. For frequency modulation, 
it is the modulation index which defines the maximum frequency deviation and the mod
ulation frequency. The curves that we obtained are compared with the results found with 
the Matlab implementation by Schrader of the model by Daniel and Weber and with the 
psychoacoustic data. 

7 .1 Roughness of AM signals 

We will first test the performance of our program in modelling the dependency of rough
ness on modulation depth. Subjective measurement have proven that for an AM tone with 
Jc= 1 kHz, fmod=70 Hz and L= 60 dB, the roughness dependency with the modulation 
depth can be approximate by R= ml.6 [1]. In figure 7.1 the estimated roughness for the 
above mentioned tone is plotted as a function of modulation depth. We compared the 
curve obtained with our algorithm with the reference curve and with the results given by 
the previous algorithm. 
As we have already mentioned it in chapter 5 the results are improved by our program: 

our curve is closer to the reference curve than the curve given by the Schrader program. 
The modification of the method of estimation of the modulation depth has improved the 
efficiency of the algorithm in estimating the dependency of roughness with the modulation 
depth of an AM signal. 
Nevertheless, for carrier frequency above 2 kHz, our curves match less well the psychoa
coustics data. This is due to the use of the low pass filter in the adaptation step. The 
attenuation of the frequency components above 2 kHz leads to an underestimation of the 
modulation depth. 

The dependency of roughness of AM-tones on modulation frequency for different car-
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Figure 7.1: Calculated roughness of an AM tone as a function of modulation depth Uc= 1 kHz, fmod=70 
Hz, L=60 dB) (m=l,L=60 dB) compared to the calculated roughness of the Schrader program and with 
the reference curve (R = ml.6

) 

rier frequencies is shown in figure 7.2. Those curves are compared with the results obtained 
by Schrader [2]. 
Our curves for frequencies above 1 kHz are very close to the curve of Schrader and to the 

subjective measurements. Below 500 Hz our results begin to be less relevant and exceed 
the just noticeable difference of 173 when compared to the subjective data. The curves 
from Schrader already exceeded this just noticeable difference for carrier frequencies below 
500 Hz. In our case, this can be due to the use of FIR weighting filter (Fi) which match 
less well the original weighting functions (Hi) for low frequencies. 

7. 2 Roughness of FM signals 

We will now test the model for roughness estimation of frequency modulated tones. We 
will test the dependency of roughness with two parameters: the modulation frequency and 
the maximum frequency deviation of the FM-signal. The results are shown in figure 7.3 
and 7.4. We can notice that the roughness measurement of FM-tones do not use the unity 
asper. The roughness is expressed relative to the roughness of a reference signal. This 
reference signal (Ro) changes from one curve to an other. 

For the curve obtained for dependency of roughness on modulation depth, we can 
notice that our curve is closer to the subjective data than the curve obtained with the 
previous algorithm. There remain, however, some differences especially for modulation 
frequencies between 40 and 70 Hz. 

The curve obtained for dependency of roughness with frequency deviation is worst 
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Figure 7.2: Calculated roughness of AM-tones (m=l, L=60dB) as a function off mad compared to the 
curve obtained with the Schrader implementation of the Daniel and Weber model. 
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than the curve obtained with the previous algorithm: The relative roughness is too low, 
especially for frequency deviation higher than 1 kHz, where the value reached is about 85 
3 instead of 120 3 for the subjective data. 

Those inaccuracies could be explained by the low resolution in time domain (roughness 
estimated other overlaping segment of signal of 0.2 ms) and the fact that the problem 
encountered for the calculation of the cross correlation factor is not completely solved by 
the modification presented in chapter 5. 
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Figure 7.4: Relative roughness of a 1.6 kHz FM tone (L=60 dB, f mod = 70 Hz) as a function of D.f. 
The parameter Ro is the roughness of a 1.6-kHz AM-tone divided by 293 (Ro=3.1 asper). Our curve 
(solid line) is compared with the curve obtained by Schrader (dashed) and the subjective data measured 
by magnitude estimation [20] (median and quartiles (o)). 

7.3 Roughness of white noise signals 

According to psychoacoustic measurements, an unmodulated white noise is systemati
cally judged unrough. The Daniel and Weber model and its Matlab implementation from 
Schrader calculated an average roughness of 0.02 asper. In figure 7.5 the calculated rough
ness at seven instants of an unmodulated white noise signal is presented. The calculation 
is made with our algorithm and the algorithm of Schrader. The results agree with the 
psychoacoustic measurements: the average estimated roughness for white noise is 0.01 
asper. This is lower than the value found by Daniel and Weber. The modification of 
the cross-correlation module by the shifted-correlation presented in section 5.2.2 does not 
influence the estimation of roughness for white noise. 

Globally, we obtained acceptable results with symmetrical signals. Our results are not 
drastically different from the results of Shrader for this category of signals. In the next 
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Figure 7.5: Calculated roughness at seven instants of an unmodulated white noise signal, L=60 dB. 

chapter we will test our program with the signals for which the algorithm of Daniel and 
Weber failed to estimate the roughness satisfactorily, namely the signals with asymmetric 
envelopes. 
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Chapter 8 

Roughness of assymetric signals 

In this chapter, we will test the algorithm for signals with asymmetrical envelopes. An 
experiment of Pressnitzer et al. [6] studies the perceived roughness of pure tones modulated 
with asymmetrical envelopes. 
The modulation function used was similax to a sawtooth waveform, with a slow rise and an 
abrupt decay. We will describe this signal in the next subsection. The results of Pressnitzer 
et al. show that the influence of the shape of the waveform envelope on roughness was 
significant. 
For a given amplitude spectrum and a given modulation depth, the 'time inverted' stimulus 
was systematically judged rougher than the 'sawtooth' stimulus. This effect is highly 
significant at all center frequencies for all modulation depths. With the introduction of 
the adaptation stage, we are expecting that our model can estimate, the difference in 
roughness of asymmetrical signal with their time inverted equivalent. 

8.1 Sawtooth signal 

To test the algoritm, we will use the same signal as Pressnitzer et al. To introduce asym
metry in the envelope of a tone, they constructed an envelope by truncating the spectrum 
of a sawtooth of frequency f m· This truncation was done to avoid aliasing. For a given 
center frequency fc, only the spectral components that laid within a frequency distance 
of 1/2 ERB from Jc were retained. The envelope is calculated as follow: 

N 1 
Esawtooth(t) = L - · sin(27rnfmt) with N · f m :S ~ERB(fc)· 

n=l n 
(8.1) 

Then the final signal is obtained by amplitude modulating a sine wave at frequency fc 
with the corresponding envelope: 

( ) ( 
Esawtooth(t) ) . ( J, ) 

Xsawtooth t = 1 + m · [E ( )] · sin 27r ct 
max sawtooth t 

(8.2) 

47 



These sounds are refered by Pressnitzer et al. as 'sawtooth' because they look like 
sawtooth amplitude modulated tones. In figure 8.1 two examples of sawtooth signals are 
plotted, one for fc=2.5 kHz (N=5) and one for fc=lO kHz (N=15). 
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Figure 8.1: Waveforms of the sawtooth signals for fc=2.5 kHz and /c=lO kHz and with mdepth=l 

For the inverse sawtooth signal, the sawtooth signal is simply reverted in time. The 
sawtooth signal is a ramped tone, namely a signal with a slow rize and an abrupt decay, 
and its inverse version is a damped tone, namely a signal that displays an abrupt rise and 
a slow decay. 

8.2 Results 

In this section we will use the sawtooth signal in order to test the efficiency of our algorithm 
for signal with asymmetric envelopes. We will based our judgement on the comparison of 
these results with the psychoacoustics data obtained by Pressnitzer et al.[6]. 

In this experience, the stimuli used consisted of three series of sawtooth signal and their 
time-reversed equivalents: Uc, f m)=(2500Hz, 70Hz), (5000Hz, 70Hz),(10000Hz, 70Hz). 
Three modulation depth where used: n=0.4, 0.6, 0.8. The main results of the experience 
of Pressnitzer et al. can be summarized as follow: 
The time-reversed sawtooths are rougher than their sawtooth equivalent, and this effect 
is more pronounced for higher carrier frequencies. Each signal has presented an increase 
of roughness with modulation depth. 

Our results are presented in figure 8.2. The subjective data was presented by Press
nitzer using the Bradley-Terry-Luce (BTL) method. This method is used to construct a 
psychophysical from the binary paired-comparison judgments. Its basic hypothesis is that 
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the stimuli can be arranged along a linear scale. When presented with two sounds, the 
listener does not compare their real roughness but rather two random variables centred 
around the real values. To allow the comparison with our results we have replaced the 
roughness values on this scale by their values in roughness. 

In contrast with the algorithm by Daniel and Weber, our program succeeds in esti
mated different roughnesses for ramped and damped tones. For every plot, the estimated 
roughnesses of the sawtooth signals are lower than for their time-reversed equivalents. 
Furthermore, the evolution of this property is consistent with the results of Pressnitzer: 
The difference increases with increasing carrier frequencies. 

Nevertheless, for each signal, the evolution of roughness with the modulation depth 
does not match the subjective curves. This problem seems to be due to the use of the low
pass filter in the adaptation step. This filter tends to perturb the estimation of modulation 
depth of tones with carrier frequencies higher than 2 kHz. 
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Chapter 9 

Discussion 

In this report, we have described the modifications that we carried out on the algorithm 
by Daniel and Weber. The goal of this work was to unable the new algorithm to estimate 
the roughness of signals with asymmetric envelopes. The first idea was to implement gam
matone filters and to make each processing step work in the time domain. After carrying 
out these modifications, it appeared that the introduction of a model of adaptation was 
necessary to increase the effect of asymmetry of a sound on the estimated roughness. 

We first have tested the efficiency of our program for symmetric signals. Some results 
were improved compared to the algorithm by Daniel and Weber: 
The dependency of roughness on modulation depth for frequencies below 2 kHz is better 
modelled by our algorithm. For frequencies above 2 kHz, the lowpass filter of the adapta
tion stage perturbs the estimation of roughness but the results remain acceptable. 
The dependency of roughness of FM-tones on frequency modulation was also better mod
elled by our algorithm. 
Besides these improvements, their remain the same differences with psychoacoustic data 
that were describe by Schrader with the implementation of the model by Daniel and We
ber. For instance, the dependency of roughness of an FM tone on frequency deviation. 
The main problem due to the modifications we carried out is the fact that with gamma
tone filters, our algorithm does not model the dependency of roughness on the level of the 
sound. In future work, the implementation of a gammashirp filterbank could be of inter
est: this filterbank was developed by Irina and Patterson [21] to provide a level-dependent 
version of the linear gammatone filter used on our algorithm. 

As far as asymmetric signals are concerned, our algorithm succeeds in estimating differ
ent roughnesses for sound played forward or backward. The property shown by Pressnitzer 
et al.[6], namely an increase in roughness difference between sawtooth and time-reverse 
sawtooth with the frequency of the carrier is well represented by the program. The differ
ences that remain with the subjective data seem to be more link to the problem discussed 
for symmetric signal than the fact that we use signals with asymmetric envelopes. Thus, 
the use of a model of adaptation allowed our algorithm to represent the roughness of 
asymmetric signals. 

Nevertheless, it seems important to highlight the fact that, due to the modifications 
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carried out, the calculation time is very long for a computer of normal power. In other 
word, it is 5 times slower than with the former implementation by Schrader. This increase 
of complexity is mainly due to the shifted-correlation stage. In future work, it might be 
of interest to find an alternative to this modification to improve the calculation time. 
Other approaches may also be studied to decrease this complexity: this algorithm was 
first designed for the calculation of roughness of AM-tones and is mainly based on the 
estimation of the modulation depth of the excitation signals, i.e. the signals after passing 
throught the gammatone filter bank. Some models, as used by Leman {22], are based on 
the idea that roughness may be accounted for in terms of the energy provided by the neural 
synchronization to beating frequencies rather than a direct estimation of the modulation 
depth. This synchronisation index model allow the algorithm to take into account the 
phases in the signal, and not only the envelope and thus, enables this algorithm to deal 
with signals with assymetric envelopes. 

Last but not least, future work will have to study rolling sounds with the algorithm in 
order to study their properties and the role of roughness in the auditory discrimination of 
the size and the speed of rolling balls. 
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Appendix A 

Frequency scale comparison 

In this appendix, we give the ERB-rate and the corresponding frequency for the channels that we use. 
This scale is compared with the Bark scale. The corresponding frequencies are also presented. The 46 
channels of the Bark scale are put on the same line as the closest channel in frequency of the ERB-rate 
scale. 

channel n° Freq.(Hz) ERB-rate scale(E) Freq.(Hz) Bark scale channel n° 
1 13 0.5 50 0.5 1 
2 26 1 
3 40 1.5 
4 55 2 
5 71 2.5 
6 87 3 
7 105 3.5 100 1 2 
8 123 4 
9 143 4.5 150 1.5 3 
10 163 5 
11 185 5.5 
12 208 6 200 2 4 
13 232 6.5 
14 257 7 250 2.5 5 
15 284 7.5 
16 313 8 300 3 6 
17 343 8.5 350 3.5 7 
18 374 9 
19 407 9.5 400 4 8 
20 443 10 450 4.5 9 
21 480 10.5 
22 519 11 510 5 10 
23 560 11.5 570 5.5 11 
24 604 12 
25 650 12.5 630 6 12 
26 698 13 700 6.5 13 
27 750 13.5 770 7 14 
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channel n° Freq.(Hz) ERB scale(ERB) Freq.(Hz) Bark scale channel n° 
28 804 14 
29 861 14.5 840 7.5 15 
30 921 15 920 8 16 
31 985 15.5 1000 8.5 17 
32 1052 16 1080 9 18 
33 1123 16.5 
34 1197 17 1170 9.5 19 
35 1276 17.5 1270 10 20 
36 1359 18 1370 10.5 21 
37 1447 18.5 1480 11 22 
38 1540 19 
39 1638 19.5 1600 11.5 23 
40 1741 20 1720 12 24 
41 1850 20.5 1850 12.5 25 
42 1965 21 2000 13 26 
43 2086 21.5 2150 13.5 27 
44 2214 22 
45 2349 22.5 2320 14 28 
46 2491 23 2500 14.5 29 
47 2642 23.5 2700 15 30 
48 2800 24 
49 2968 24.5 2900 15.5 31 
50 3144 25 3150 16 32 
51 3331 25.5 3400 16.5 33 
52 3528 26 
53 3735 26.5 3700 17 34 
54 3954 27 4000 17.5 35 
55 4186 27.5 
56 4430 28 4400 18 36 
57 4687 28.5 4800 18.5 37 
58 4959 29 
59 5245 29.5 5300 19 38 
60 5548 30 
61 5867 30.5 5800 19.5 39 
62 6204 31 
63 6560 31.5 6400 20 40 
64 6935 32 7000 20.5 41 
65 7331 32.5 
66 7749 33 7700 21 42 
67 8190 33.5 
68 8655 34 8500 21.5 43 
69 9146 34.5 
70 9664 35 9500 22 44 
71 10211 35.5 
72 10788 36 10500 22.5 45 
73 11397 36.5 
74 12040 37 54 12000 23 46 
75 12718 37.5 
76 13434 38 13500 23.5 47 



Appendix B 

Matlab functions and files 

B.1 function Roughbody2.m 

% Roughbody2.m 
% Author: V.J.P JOURDES 
% New version of the function RougthBody.m (Schrader 2002) with 
% gammatone filterbank and adaptation stage. 

% take second channel of stereo signal 
InputSig = InputSig(:,size(InputSig,2))'; 

%Level desired 
dB=60; 

% Input signal read in the function 
% Roughness.m by Schrader. 

InputSig=AdaptLevel(InputSig,dB-80); %Set the level to 60dB SPL 

T = 1/Fs; % sample period 

% outer and middle ear combined bandpass filter 
% (Pflueger, Hoeldrich, Riedler, Sep 1997) 

% highpass component 
b = 0. 109* [1 1] ; 
a= [1 -2.5359 3.9295 -4.7532 4.7251 -3.5548 2.139 -0.9879 0.2836]; 
% lowpass component 
d = [1 -2 1]; 
c = [1 -2*0.989 0.989.2]; 

signalOvalW = filter(conv(b, d), conv(a, c), InputSig); 

% E values of filter for which outputs are calculated 
erbr = [0.5:0.5:38]; 
cf= 229*(10 .. (erbr/21.4)-1); % center frequencies of filters in kHz 
nF = length(erbr)'l. nF is the number of auditory filters taken into account 

% Calculation of the coefficients of the gammatone filter 

fcoefs = MakeERBFilters(Fs, cf(length(cf) :-1:1), 50); %Function made by 
%Malcolm Slaney (1998) 

fcoefs=fcoefs(nF:-1:1,:); 
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% Output of the gammatone filter 
exc = ERBfilterBank(signalOvalW,fcoefs); %Function made by Malcolm Slaney (1998) 

% half-wave rectification 
for i=1:length(exc) 

end 

for j=1:nF 
exc(j,i)=max(exc(j,i),0); 

end 

% low pass filtering L2 kHz and adaptation 
[bn,an] = butter(2,1200/(Fs/2)); 

for i=1:nF 
exc(i,:)=filter(bn,an,exc(i,:)); 
exc(i, :)=fadapt(exc(i, :)' ,Fs)'; % Function made by Jeroen Breebaart (2001) 
end 

FIR_Hweight; %call the function FIR_Hweights to get the coeficient of the filters 

% calculation of the DC values 
for k=1:nF 

end 

etmp=abs(exc(k,:)); 
ho(k)=mean(etmp); 
excd(k,:)=etmp-ho(k); 

%Weighting filtering 
for k=1: 11 

hBPi(k,:)=filter(numH7,denH7,excd(k,:)); 
end 
for k=12:28 

hBPi(k,:)=filter(numH14,denH14,excd(k,:)); 
end 
for k=29:36 

hBPi(k,:)=filter(numH30,denH30,excd(k,:)); 
end 
for k=37:65 

hBPi(k,:)=filter(numH36,denH36,excd(k,:)); 
end 
for k=66:76 

hBPi(k,:)=filter(numH66,denH66,excd(k,:)); 
end 

for k=1 :nF 
hBPrms(k)=rms(hBPi(k,:)); 
rexc(k)=rms(exc(k,:)) 

end 

%calibration factor 
maxi=max(rexc); 
if maxi>O 
calib=rexc/maxi; 
else 
calib=O; 
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end 

%modulation depth estimation 
for i=l:nF 

if ho(i)>O 
mdepth(i)=hBPrms(i)/ho(i); 
mdepth(i)=mdepth(i)*calib(i); 

else 
mdepth(i)=O; 

end 

% Calculation of the shifted cross correlation factor 
if i<nF-1, 

amount=0.003*Fs; 
ki(i)=shiftcov(hBPi(i,:), hBPi(i+2,:), amount); 

end 
end 

Roughness2('Prog',nF*ProgMax,(ProgCur-1)*nF+k); %show progress 

% Calculate specific roughness ri and total roughness R 
Cal= 2.5068; %Calibration factor. To have R = 1 for a 70dB 100% 

%AM signal of lkHz with fmod = 70Hz 

% Definition of gzi 
gr= [O 3.36 6.85 10.73 13.01 15.00 16.20 17.46 18.68 19.31 21.14 27.10 32.94 39.31 

0 0.5 0.9 1 1.10 1.25 1.26 1.18 0.95 0.87 0.66 0.36 0.28 0.20]; 
gzi = zeros(l, 76); 
k = 1:76; 
gzi(k) sqrt(interp1(gr(1,:)', gr(2,:)', k/2)); 

for ei 1:7, 
ri(ei) = (gzi(ei)*mdepth(ei)*ki(ei))-2; 

end 
for ei = 8:nF-3, 

ri(ei) = (gzi(ei)*mdepth(ei)*ki(ei-2)*ki(ei))-2; 
end 
ri(nF-2) = (gzi(nF-2)*mdepth(nF-2)*ki(nF-4))-2; 
ri(nF-1) = (gzi(nF-l)*mdepth(nF-l)*ki(nF-3))-2; 
ri(nF) = (gzi(nF)*mdepth(nF)*ki(nF-2))-2; 

%Calculattion of the total roughness 

R = Cal*sum(ri); 
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B.2 File FIR_H weights 
%FIR_Hweights 
%Author: V.J.P.JOURDES 
%This file calculates the coefficients of FIR filters that are an 
%approximation of the weighting function Hi(fmod) used by Daniel and Weber 

%Degree of the filter: 
nn=4; 
dd=6; 
%H7 

%Modification of the degree for signals with a sampling frequency of 40960 Hz 
if Fs==40960 

else 

end 

nn=3; 
dd=6; 

nn=4; 
dd=6; 

f7=[0 17 23 25 32 37 48 67 
H7=[0 0.8 0.95 0.975 1 0.975 0.9 0.8 
edges7=[0 32 37 Fs/2] /(Fs/2); 
w=[1 1 1 3 7 3 1 1 1 1 1 1 1 1 1 1 1]; 

90 114 171 206 247 294 358 500 Fs/2]/(Fs/2); 
0.7 0.6 0.4 0.3 0.2 0.1 0 0 0 J; 

[numH7,denH7] = iirlpnorm(nn,dd,f7,edges7,H7,w); %calculate the coeficients of a filter that 
%is an approximation of H7 

%H14 
f14=[0 32 43 56 69 92 120 142 165 231 277 331 397 502 1000 Fs/2J/(Fs/2); 
H14=[0 0.8 0.95 1 0.975 0.9 0.8 0.7 0.6 0.4 0.3 0.2 0.1 0 0 0 J; 
edges14=[0 56 69 Fs/2J/(Fs/2); 
w=[1 1 2 8 2 1 1 1 1 1 1 1 1 1 1 1J; 
[numH14,denH14J = iirlpnorm(nn,dd,f14,edges14,H14,w); 

%H30 
if Fs==44100 

nn=3; 
dd=6; 

else 

end 

nn=4; 
dd=6; 

f30=[0 23.5 34 47 56 63 72 78 87 100 115 135 159 172 194 215 244 290 ... 
348 415 500 645 1000 Fs/2J/(Fs/2); 

H30=[0 0.4 0.6 0.8 0.9 0.95 0.98 1 0.99 0.975 0.95 0.9 0.85 0.8 0.7 0.6 0.5 0.4 ... 
0.3 0.2 0.1 0 0 OJ; 

edges30=[0 78 87 Fs/2J /(Fs/2); 
w=[1 1 1 1 1 1 4 10 4 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1J; 
[numH30,denH30J = iirlpnorm(nn,dd,f30,edges30,H30,w) 

%H36 
f36=[0 19 44 52.5 58 

290 348 415 500 645 
H36=[0 .4 0.8 0.9 0.95 

0.4 0.3 0.2 0.1 0 0 
edges36=[0 75 80 Fs/2J 

75 80 90 101.5 114.5 132.5 143.5 165.5 197.5 241 ... 
1000 Fs/2J/(Fs/2); 
1 0.98 0.97 0.95 0.9 0.85 0.8 0.7 0.6 0.5 ... 

OJ; 
I (Fs/2); 
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w=[l 1 1 1 1 6 2 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 ] ; 
[numH36,denH36] = iirlpnorm(nn,dd,f36,edges36,H36,w); 

%H66 
f66=[0 15 41 49 53 64 71 88 94 106 115 137 180 238 290 348 415 500 645 ... 

1000 Fs/2]/(Fs/2); 
H66=[0 0.4 0.8 0.9 0.965 0.99 1 0.95 0.9 0.85 0.8 0.7 0.6 0.5 0.4 0.3 0.2 0.1 0 0 OJ; 
edges66=[0 71 88 Fs/2] /(Fs/2); 
w=[l 1 1 1 1 4 8 4 1 1 1 1 1 1 1 1 1 1 1 1 1 ]; 
[numH66,denH66] = iirlpnorm(nn,dd,f66,edges66,H66); 

B.3 Function shiftcov 
%Function shifcov.m 
:t.Author:V.J.P.JOURDES 
%This function calculate the maximum of the cross correlation between two 
%signals calculated after shifting one of them over a certain number of samples 
%fl: signal 1 
%f2: signal 2 
%amount: define the maximum number of samples that the signal will be 
%shifted. 

function y = shiftcov(f1, f2, amount) 

L = length(f1); 
ff2=f2;. 
x=l; 

for i = 1:10:amount, % The signal is shifted 10 by 10 samples for less 
% calculation complexity 

cfac = cov(f1,f2); 
den= diag(cfac); 
den= sqrt(den*den'); 
if den(2,1)>0 

r(x) = cfac(2,1)/den(2,1); 
else 

r(x) = O; 
end 
x=x+l; 
f2(1) [] ; 

f2(L) = O; 
end 
for i = l:lO:amount, 

fl=[zeros(l,i) fl(l:L-i)]; 
cfac = cov(f1,ff2); 

end 

den= diag(cfac); 
den= sqrt(den*den'); 
if den(2,1)>0 

r(x) cfac(2,1)/den(2,1); 
else 

r(x) = O; 
end 
x=x+l; 

y = max(r); 
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