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ABSTRACT 

The objective of this thesis is to axamina tha means by 

which a modal for tha signal and noise associated with 

magnetic tape recording can be davaloped. A general model is 

first created in terms of signal, signal-dapandant noisa and 

signal-indapandant noisa. Analysis is then performed on the 

signal-indapandant noisa to characterize tha statistical 

nature of this noisa. Tha signal-dapandant noisa is than 

isolated to datarmina the modal to be used for this type of 

noisa. 

Simulations are generated to ensure that the procedures 

used on tha actual data are valid. Once tha modal for tha 

signal-dapandant noisa is formed, it is than implemented into 

tha general modal to provide a batter understanding of it. 

After a modal has baan established, it will be easier to find 

ways of reducing tha noisa, thereby producing higher quality 

magnetic tape recorders. 
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CHAPTER I 

INTRODUCTION 

Noise, present in all communication systems, degrades 

the quality of the signal. An ideal system has zero noise, 

but the physical limitations of the system make this impossi

ble. The systems therefore implement such devices as filters 

and Dolby tape noise reduction schemes to reduce the effect 

of noise. 

Noise can be classified as either signal-independent 

noise or signal-dependent noise. Signal-independent noise 

includes tape head noise, noise from the surroundings, ampli

fier noise and other noise that cannot be varied by changes 

in the signal. Signal-dependent noise is defined as noise 

that varies with the magnitude and form of the signal. 

Our hypothesis here is that the signal coming out of a 

magnetic recording system is, in fact, a mixture of the 

signal, signal-independent noise and signal-dependent noise. 

The purpose of this thesis will be to form a statistical 

model for this output signal. A statistical model will be 

established empirically by allocating the sampled values into 

voltage intervals (bins) and forming a histogram. In order to 

form a model for the whole system, each part of the signal 

will have to be isolated and analyzed individually. 



Once a model has been established it will be easier for 

systems to be designed that would reduce the noise levels. 

This will bring technology closer to perfect signal reproduc

tion and thereby improve signals in all fields of communica

tions . 

Magnetic recording media have a wide variety of applica

tions in the communications industry. These applications 

include low frequency audio recorders, data storage devices 

such as floppy disks and video cassettes. Figure 1.1 [5] 

shows the basic layout of a magnetic tape recorder. 

1.1 Fundamentals of Magnetic Recording 

The magnetic tape consists of a non-magnetic substrate 

coated with a uniform distribution of magnetic particles. It 

can be assumed for analytical purposes that the particles 

are identical and that each particle is isolated from its 

neighbors. In practice, however, particles will vary in shape 

and size and they may even be clumped together in certain 

regions [11]. There can also exist certain interactions 

between the particles on the substrate. These coercive forces 

play a significant part in the quality of tape recordings but 

no method has yet been implemented to reduce their effect. 
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WRITE/READ 
HEAD 

GA? 

10 \m. MAGNETIC COATING 

25 L̂m MYLAR BACKING 

Figure 1.1. Schematic of magnetic tape 
recorder [5] 



Recording materials, usually metals and their oxides, 

have different properties when influenced by a magnetic 

field, H. The state of magnetization, M, will remain in the 

metals until another magnetic field influence is introduced. 

The magnetic properties of a particle characteristically 

follow a hysteresis curve as shown in Figure 1.2 [2]. 

The "saturation magnetization," Mg is the saturation 

point after which an increase in magnetic field will not 

produce an increase in the amount of magnetization in the 

magnetic particles. The greater the value of Mg the larger 

the residual magnetic content of the particle Mj- and there

fore the larger the signal that the reading head receives. 

Point A is the non-linear region around which the signal 

fluctuates under conditions of no bias. Point B is the 

operating point is after the signal is applied. 

The signal amplitude received by the reading head is 

also a function of the density of particles on the tape 

substrate. The greater the density of particles on the tape, 

the larger the signal that the read head receives. 

Manufacturing processes, however, produce a range of 

particle sizes that make the even packing of particles on the 

tape difficult. The more expensive tapes and data storage 

devices tend to have better quality sound production because 

the magnetic particles have a larger value of Mg. These 



Figure 1.2. The hysteresis curve showing 
coercivity HQ [2] 



particles also have greater sensitivity to fluctuations in 

the magnetic fields applied to the tape. 

For the recording process, the tape is passed over a 

magnetic head by a motor in the tape player. The signal 

current, I, applied to the recording head creates magnetic 

poles which produce a flux (Figure 1.3). Since the recording 

medium is adjacent to the air gap, the flux causes the parti

cles on the tape to be magnetized. The pole strength and flux 

density depend on the time varying current in the electromag

net, i.e., 

^(x) = K I sin(27Cfx) (l.l) 

where ^(x) is the flux at a distance x from the head 

K is the constant of proportionality 

I is the signal current 

f is the frequency of the signal 

X is the distance from tape head. 

If the recording signal frequency is f [5], and the 

relative velocity of the tape is v, then the pattern stored 

on the medium will have a wavelength of,?l , where 

X = - ^ . (1.2) 
f 

When these recorded values pass over the read head, a 

flux is generated that is proportional to the voltage V 



SIGNAL CURRENT 
(FREQUENCY f) 

N d 0 OUTPUT VOLTS 

MOTION 

WRITING OR 
RECORDING 

PROCESS 

READING OR 
REPRODUCTION 

Figure 1.3 Transformation of temporal information 
into the spatial domain by the 
recording process [5] 
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across the windings as shown in Equ.(1.3) 

-dO -N V d<E) , , 

dt dx 

where N is the number of windings across the playback head 

and V is the velocity of the tape. 

A convenient way to model the recording process is by 

representing the signal as a cylindrical bubble next to the 

recording gap (shown in Figure 1.4) [3]. 

This cylindrical bubble [3] projects into the moving 

tape with a diameter that is proportional to the total 

instantaneous recording current. Thus the larger the signal 

to be recorded, the larger the size of the bubble and thus 

the difference in recording the signal. The magnetic field H 

at a radius R from the recording head is given by 

4 n i /•, ^\ 
H = (1 .4) 

R 

where n is the number of turns and i is the current in the 

windings. 

If X is the direction of the tape movement, then the 

component of this field in the x-direction is given by 

H, = \" ' I . (1.5) 
(x^ + y') 



magnetic tape 
coating 

recordin< 
gap 

Figure 1.4. Bubble model for magnetic recording 
processes [3] 
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Each magnetic particle has some critical magnetic field 

value (denoted by Hx=Hc) at which the particle begins to 

magnetize. Equ. 1.5 can thus be rewritten as 

2 . / .x2 
x^ + (y-r*) = r' (l. 6a) 

Re 2 n i 2 n (it, + î ) 
r ' = - = ^ j — = . (1.6b) 

The radius of the bubble can thus be seen to be linearly 

proportional to the sum of the bias current i-^ and the signal 

current io. 

1.1.1 Zero Bias Recording 

For the case of zero bias recording, consider the bias 

current iĵ  to be zero thus forcing r' in Equ. (1.6) to be a 

function of only the signal current ig• Figure 1.5a shows the 

effect of applying a signal to the recording head without any 

bias current. Waves A,B and C represent bubbles whose radii 

are less than, equal to, and greater than the thickness of 

the coating of the magnetic tape, respectively. Figure 1.5b 

shows the reproduced flux readings at the read head. The 

voltage at the read head is directly proportional to the 

derivative of the flux produced at the heads. 
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TAPE MOTION 

UNMAGNETIZED TAPE 

(a) 

(b) 

Figure 1.5 Zero bias recording (a) bubble 
formation at different signal 
magnitudes (b) reproduced head flux 
(directly proportional to the deri
ative of the head voltage) [3] 
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It is clear from the reproduced voltages that the flux 

due to signal B causes tha least distortion. Curve C is large 

enough to penetrate the far side of the magnetic coating. The 

reproduced flux in case C therefore reaches cutoff or satura

tion. 

Due to the small but finite distance between the tape 

and player head, it is clear that the bubble has to reach a 

certain radius before the magnetic tape is affected in any 

way. To compensate for this physical obstacle, a bias current 

i]3 is introduced to offset the starting point of the radius 

RQ. This bias current can either be an alternating current 

(A.C.) or direct current (D.C.) form. 

1.1.2 D.C. Bias Recording 

When a signal is applied to the magnetic tape without a 

D.C. biasing current, the magnetic particles are following 

the nonlinear portion (see point A) of the characteristic 

hysteresis curve shown in Figure 1.2. The bias current allows 

the particles to operate in a more linear region of the 

curve, thus allowing a linear relationship between magne

tization and the output voltage signal [18]. 

The first stage of D.C. bias recording is to run the 

tape over a separate head to saturate the magnetic particles 

to the point Mg in Figure 1.2. This head also acts as an 
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erase head because any information previously stored on the 

tape is wiped out by the saturation process. When the satu

rated tape leaves the head the magnetic field is brought down 

to some point Mj- where the field Ĥ ^ is zero. 

The next stage is the actual recording process. A 

magnetic field, of polarity opposite to the previous satura

tion field, is added to the signal field and the resultant 

field is impressed on the tape. This magnetic field is the 

D.C. bias that is used to overcome the initial critical 

bubble size in zero bias recording. On the hysteresis curve 

in Figure 1.2, the D.C. bias pushes the magnetic field to 

point B. When the D.C. bias is applied, bubbles of equal 

diameter are created to be applied on the tape. These bubbles 

are chosen to be approximately half the thickness of the tape 

so that the signal can be of equal magnitude in each direc

tion. Figure 1.6 shows the effect of biasing the signal with 

different size bubbles. 

From these figures it is possible to see that part (ii) 

produces the cleanest head voltage because the bubble size is 

half the thickness of the tape. 
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(a) 

(b) 

Figure 1. 6 D.C. bias recording (a) bubble 
patterns due to recording at 
different bias levels 
(b) reproduced head fluxes 
(head voltage is proportional 
to derivative of head flux) [3] 
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1.1«3—A.C. Bias Recording 

The objective in A.C. bias recording as in the D.C. case 

is to provide a more linear region of tha characteristic 

curve for the signal to operate on [7]. This in turn will 

yield a linear relationship between the input signal and the 

output flux. In the A.C. case, the bias signal is an A.C. 

signal whose frequency is much greater than the highest 

frequency of the recorded signal. This ensures that the 

signal to be recorded is essentially constant during one 

cycle of the bias signal. The magnitude of the A.C. biasing 

signal is approximately equal to the coercive force of the 

particles. This too ensures that the linear region is reached 

for the recording process. 

The magnetic bubble created by the bias signal fluctu

ates at the same frequency as the frequency of the bias 

signal. When a signal is added to the bias signal, the 

resulting signal field is added to the bias field. This 

causes the bubble pattern (already created by the bias 

frequency) to be modulated at the signal frequency. 

There are two principle advantages of the method of A.C. 

biasing over D.C. biasing. The first advantage is that in the 

A.C. case, the tape is not saturated before the bias is 

applied. Thus if there is no signal input, there is nothing 

recorded on the tape. Since the noise level is greater when 

the particles are arranged or magnetized, the background 
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noise is greater for tha D.C. biasing method. Tha second 

advantage is that tha linear region of tha B-H curve is 

larger for the A.C. biasing case than for D.C. biasing. This 

allows a greater signal-to-noise ratio for the A.C. biasing 

method. 

1.2 Review of Models and Past Work 

Though a lot of research has been done on the develop

ment of a model for the magnetic tape, not much has been done 

to develop a model for the signal and noise associated with 

magnetic recording. Ideally the signal coming out of a tape 

player would be the same as the signal that was recorded 

earlier on the tape. The effect of noise, however, has a 

tendency to destroy the clarity of the reproduced signal. 

Noise is an undesirable element in any communication 

system and is an important element to be considered to form 

an accurate model. The model generated must consist of the 

original known signal recorded, the presence of signal-depen

dent noise and the more common signal-independent noise. The 

model for the output signal from a tape player can thus be 

represented by 

f(t) = s(t) + ni(t) + G{s(t)} • n2(t) (l . 7) 
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where s(t) is the signal that is recorded on the tape, ni(t) 

is the signal-independent noise and G{s(t)}•n2(t) is the 

signal-dependent noise. The signal-dependent noise contains 

an unknown function G{ } of the signal s(t). From the way 

the model has been set up it is possible to see that the 

noise ni(t) and the noise G{s(t)}•n2(t) are independent and 

the signal s(t) is deterministic. This also implies that 

ni(t) and n2 (t) are independent random variables. 

Bias-dependent noise is noise which varies as a result 

of varying the recording bias and is, by definition, indepen

dent of the signal. Most recording systems have the recording 

bias set at the optimal level and therefore cannot be 

changed. The bias level is fixed on most commercial tape 

players and therefore the noise effect due to the bias 

current ij-, is fixed. The noise due to the bias signal can 

therefore be treated as signal-independent noise. 

To isolate the signal-independent noise n3^(t), the 

signal s(t) is set to zero. This sets s(t) and the signal-

dependent noise G{s(t) }•n2 (t) to zero, thus setting 

f(t)=ni(t), a function of the signal-independent noise only. 

The statistical properties of the signal-independent noise 

term, ni(t), can thus be determined by setting the signal to 

zero. 

The signal s(t) is a deterministic function so it can be 

predicted and therefore removed. Thus, since s(t) and ni(t) 
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have already been characterized, it is possible to 

statistically isolate the signal-dependent noise. Once the 

signal-dependent noise has been isolated, it is possible to 

generate simulations to match the resulting histogram and 

thus form an empirical statistical model for the signal-

dependent noise. 

After the model for the signal-dependent noise has been 

determined, the model for the entire tape signal f(t), of 

Equ. (1.7), can be determined. Once the model for f(t) has 

been determined in this thesis, further research can be 

conducted to reduce the effects of the noise on the ideal 

signal s(t). 

1.3 Outline of the Thesis 

The basic mechanisms involved in the recording and play

back of magnetic tape noise have already been covered. A 

brief outline of the model to be used for the signal gener

ated by a tape player has also been covered in the first 

chapter. 

The second chapter will look at the basic mathematical 

and analytical techniques involved in the analysis of the 

data. The fundamentals will be discussed with examples to 

augment the methods and theorems reviewed. 
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To justify the methods used in the analysis of the data, 

simulations were generated and the programs run on the simu

lated data. This validates any method to be tried on the 

actual data. The first process would try and justify the 

removal of a deterministic sinusoidal wave from the sum of a 

random variable and the wave. The simulations then prove the 

validity of separating the sum of two random variables. 

The actual experimental set-up will be reviewed in Chap

ter IV. This chapter seeks to provide a basic understanding 

of the system used to analyze the model to be developed for 

magnetic recording processes. 

Chapter V will then proceed to analyze the actual 

sampled data. The processes used for the simulations will 

then be tried for the data sampled from a reel-to-reel tape 

recorder. 

The final chapter will consist of conclusions drawn from 

the analysis of the data. These conclusions will hopefully 

yield a better understanding of the model to be used for the 

signal generated from a tape recorder/player. With a better 

understanding of the model, future research can then be 

conducted to reduce the effects of noise and thereby produce 

a sound quality closer to the ideal sound. Digital recording 

devices such as compact disks have already succeeded in 

reducing the effect of noise on recordings. These digital 

methods, however, use a finite number of digital levels where 
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its analog counterpart, the magnetic recording devices poten

tially have access to higher resolution if the effects of 

noise are reduced. 



CHAPTER II 

MATHEMATICAL REPRESENTATION AND PROCESSES 

2.1 Sampling Theory 

Signals are usually found either in a continuous 

(analog) or discrete (digital) form. In the modern technolog

ical world, with the advent of computers, most of the infor

mation is in digital format. It is therefore useful to 

convert analog data into a digital format to help in the 

analysis of the data. The sampling theorem, also known as 

Nyquist's theorem or Shannon's theorem [17], suggests a 

method by which it is possible to take sample values at 

appropriately spaced intervals and still recover the original 

information. 

The sampling theorem states that a real-valued bandlim-

ited signal, which has no frequency components above B Hz, 

can be represented by samples taken at uniform intervals of 

no greater than (1/2B) seconds apart. Thus, if a continuous 

signal x(t) has a maximum bandwidth of B Hz, the sampling 

frequency (known as the Nyquist frequency) has to be a mini

mum of 2B Hz. The sampled signal described above is expressed 

by 

X3(t) = ^ x(nT3) 5(t-nT3) (2 . l) 

n=-

21 
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where Tg is the sampling period (1/2B), x^{t) is the 

sampled discrete signal, x(nTs) is the continuous analog 

waveform value at t=nTs, and 3(t-nTs) is a Dirac delta func

tion located at t=nTs. 

Taking the Fourier transform of the time function 

results in 

oo 

xa(f) = fs X ^(f-fs) (2-2) 

where fg = l/Tg is the frequency at which the function 

X(f) repeats itself. Figure 2.1 shows a schematic of the 

Fourier spectrum, X(f), of the original function, and the 

sampled signal's spectrum X3(f). 

If, based on the sampling theorem, the sampling 

frequency fg > 2B , then it is possible to draw the spectrum 

of the sampled function as shown. To retrieve the original 

signal from the sampled form, the signal is passed through a 

low-pass filter of bandwidth W > B as shown in Figure 2.2. 

If the sampling frequency fg is less than 2B, the Nyquist 

rate, then overlapping occurs as shown in Figure 2.3. If 

overlapping occurs then the original signal cannot be 

retrieved by lowpass filtering and an aliasing error occurs. 

Another type of error introduced in reconstruction is 

due to the use of a nonideal low-pass filter. The two types 

of error occurring during reconstruction are shown in Figure 

2.4. 
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X 

X(f) d{ f-^ ) 

-B ^ B f 

(a) 

-f 0 

(b) 

X3(f) 

(c) 

Figure 2 . 1 Demonstration of Nyquist 
Sampling theorem (a) the 
signal spectrum before 
sampling (b) the sampling 
signal represented as a train 
of delta functions (c) the 
spectrum of the sampled function 
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Ideal low-pass 
f i l t e r resDonse 

R e c o v e r e d 
S i g n a l 

F i g u r e 2 .2 Recovery of t h e o r i g i n a l s i g n a l 
from sampled s i g n a l by lowpass 
f i l t e r i n g 

X (f) 

- B 0 f s - ^ ^ 

Figure 2.3. The aliasing problem involved 
with undersampling 
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Ideal filter 
response 

xa( f ) 

Reconstructed 
Signal 

(a) 

Non-ideal filter 
response 

R e c o n s t r u c t e d 
Signal 

( b ) 

v/y/yy/A 
^ 

Overlapping regions causing aliasing error 

Figure 2.4 (a) - Aliasing error due to 
low sampling frequency 
(b) - Aliasing error due to 
non-ideal filter 
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In audio recording systems the maximum audible frequency 

for the human ear is approximately 20 kHz. Thus, in order 

to satisfy the Nyquist sampling criterion, it is necessary to 

sample the signal at a frequency of at least 40 kHz. The 

A/D converter involved in the sampling process was set to 

sample at over the sampling rate of 40 kHz to avoid error due 

to aliasing [19]. 

2.2 Fast Fourier Transform and its 

Properties 

According to definition [16], the Fourier transform 

X(f) of a continuous time function x(t) is given by 

X(f) = I x(t) exp(-j27lft) dt . (2.3) 

The inverse transform x(t) of a spectrum is given by 

x(t) = J X(f) exp(j27Cft) df . (2.4) 

The continuous function x(t) can be discretized by 

sampling the function at the Nyquist sampling rate (twice the 

signal bandwidth). The Fourier transform is now referred to 

as the Discrete Fourier transform or DFT, and the new 

versions can be written as 
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N-l 

X(m) = 51 x(n) (Ws)"" (2.5) 
n=0 

N-1 

x(n) = - y X(m) (W«)-™" (2.6) 
N 

m=0 

where N is the sample size and Wjq = exp(-j27C/N) • The points 

m=N in the frequency domain and n=N in the time domain corre

spond to the start of a new period in each, since the DFT has 

period N. 

The DFT can be implemented into a software routine to 

take the transform of a discrete time signal x(t) . It is, 

however, a slow algorithm to implement. A faster version of 

the DFT is called the Fast Fourier Transform or FFT. It is 

important to realize that the FFT is merely a faster algo

rithm used to calculate the DFT. 

According to an algorithm presented by J.W. Cooley and 

J.W. Turkey in 1965, assume that N is a power of 2. Now allow 

the function g(n)=x(2n) to be the even indexed values of x(t) 

and h(n)=x(2n+l) to be the odd indexed values. It is possible 

to write the transform of x(t) as 

N/2-1 f N/2-1 

X(f) = ̂  Z g(n)(WN/2)"' + - ^ Z h(n)(w,,,)"^ (2.7) 
n=0 n=0 

This algorithm will allow the FFT of any periodic func

tion x(t) to be calculated quickly and efficiently. An imple

mentation of such an algorithm has been implemented [15] into 
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a software routine presented in Appendix A. For a detailed 

understanding of the FFT, the reader should check that refer

ence. 

One useful property of the FFT is the property of convo

lution. Two discrete functions x(t) and y(t) are said to be 

convolved if 

N-l 

x(t) * y(t) = 2^ x(k) h(N-k) . (2.8) 
k=0 

The property of convolution states that taking the FFT 

of these convolved functions gives 

3 { x(t)*y(t) } = X(f) Y(f) . (2.9) 

Convolving in the time domain is therefore the same as 

multiplying in the Fourier domain. The converse is also true. 

This property allows one to replace convolution by the simple 

operation of multiplication. 

2.3 Homomorphic Filtering and its 

Variations 

The process of homomorphic filtering [9] is a type of 

nonlinear filtering used to separate data that has been 

multiplied together previously. The term "Homomorphic Filter

ing" comes from the fact that the Logarithm (LN) and 
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Exponential (EXP) operations compensate each other. The basic 

process involved is shown in the block diagram in Figure 2.5. 

To illustrate the advantages of homomorphic filtering 

let the function f(t) be the product of two random variables 

x(t) and y (t), i.e., 

f(t) = x(t) y(t) . (2.10) 

The first stage of the filtering process involves taking 

the natural logaritlim, LN, of the function f(t), thus creat

ing a sum of terms. 

LN{ f(t) } = LN{ x(t) y(t) } 

= LN{ x(t) } + LN{ y(t) } . (2.11) 

Assuming that LN{x(t)} and LN{y(t)} have separable spec

tra, the Fourier transform of the function (Figure 2.6) is 

taken, yielding 

F(f) = X(f) + Y(f) (2.12) 

where F(f)=3{LN(f(t))}, x(f)=3{LN(x(t))} and Y(f)=3{LN(y(t))}. 

This frequency spectrum is then passed through a 

filter say, to remove the unwanted component Y(f). The new 

spectrum would look like F'(f) (Figure 2.7). 

Taking the IFFT of the spectrum F'(f) now results in the 

time function LN{x}. 

3"'{ F'(f) } = LN{ x(t) } . (2.13) 
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f (t) 

Figure 2.5. Block diagram of the 
homomorphic filterinc 
process 

where fl 

Fl 
F2 
f2 
f3 

is the LN of f(t) that forms additive terms 
out of the multiplicative terms 
is the FFT of fl 
is the filtered version of Fl 
is the IFFT of F2 
is the EXP of f2 (also filtered version of f(t)) 
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Y(f) 

F(f) I 

X(f) 

Y(f) 

frequency 

Figure 2.6. The magnitude of the separable 
spectrum of F(f) 

|F' (f)| 

frequency 

Figure 2.7. Spectrum after filtering Y(f) 
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Taking the exponential of this filtered function then 

results in the original function x(t). 

EXP{ LN{x(t) } } = x(t) . (2.14) 

The process described above needs to be modified if the 

function f(t) is the convolution of two functions x(t) 

and y(t). In this case, the FFT is first taken to get the 

multiplicative terms and then the logarithm is taken to get 

the additive format. This process will, however, be discussed 

and applied in greater detail in Chapter III. 

2.4 The Chi-Square Goodness of Fit 

Test 

The data that has been sampled is placed into ordered 

voltage bins and thus a histogram of the data created. This 

data is then normalized by dividing through with the total 

number of points in the histogram, N. The normalized values 

that belong to a particular bin j is labeled the observed 
value Oj. It is sometimes useful to be able to compare this 

distribution with a known normalized density function. 

One method of comparing histograms is to plot the 

histograms and visually examine them to see how well they 

agree. This method, however, easily leads to error due to 

misjudgment on the part of the human observer. A more 
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accurate and efficient method of comparing histograms is by 

use of the Chi-square test [6]. 

The first step involved in the Chi-square test is to 

plot the expected histogram where each bin j has an expected 

value Ej.This histogram is generated so that the maximum 

value of the expected histogram is approximately equal to 

the maximum value of the observed histogram. 

The Chi-square test statistic T for n sample bins is 

given by 

" .2 

= N * >, ' (2.15) 
j=i ' 

where N is the number of sampled data points used to form the 

histogram. 

It is clear to see from Equ. 2.15 that if the observed 

value Oj is exactly the same as the expected value Ej for 

j=l,2, ,n, then the test statistic will be zero. There 

are however some restrictions on the use of the test statis

tic. In 1970, T. Yarnold stated that if the number of 

observed values Oj (for a normalized density) was less than 

5/N then it was better to combine bins to produce larger 

expectations [6]. 

The approximate density of T for large samples is a Chi-

square with n-p degrees of freedom where p is the number of 

parameters being estimated. One is testing the hypothesis 
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HQ : f(x) = f*(x) versus an alternative hypothesis 

H^ : f(x) 9t f * (x) , where f(x) is the observed density and 

f (x) is the expected density. 

The acceptance or rejection of the null hypothesis is 

based on the value of the test statistic [10]. A statistic is 

any measurable transformation of the data [6] and a test 

statistic is a statistic used to help to make the decision in 

a hypothesis test. 

The hypothesis HQ is rejected if the test statistic T is 

greater than the critical value of a Chi-square, T^, with n-p 

degrees of freedom at Ii percentile. The B percentile is a 

measure of the degree to which the test can be considered 

accurate. There are various methods by which the histograms 

can be tested for goodness-of-fit. This thesis implements 

only the Chi-square test to fit the density functions because 

it is an accurate and simple method that fulfills the degree 

of accuracy sought in the analysis. 



CHAPTER III 

SIMULATION OF DATA 

3.1 Removal of a Deterministic Sine 
Wave from a Sum of Terms 

It is clear to see from the general model presented in 

Chapter I, that the first stage of isolating the signal-

dependent noise is to remove the sine expression. Since the 

sine wave is a deterministic term, the phase and magnitude 

can be predicted. Once these variables are known, it is 

possible to create an ideal sine wave and subtract the two 

waves to isolate the noise terms. Figure 3.1 shows a plot of 

the simulation generated by 

f(t) = 80 + Msin(wt+0) + G(SEED) (3.1) 

where G(SEED) is a Gaussian random variable (R.V.) with a 

seed to generate the function. The value 80 in the term 

represents the D.C. offset term that is introduced in the 

real data to shift the scale from (-2.5v/2.5v) to (0v/5v). 

To simulate experimental conditions, the magnitude M, 

frequency w, and phase 0 of the sine wave are chosen at 

random and are therefore unknown apriori to the user. The 

Gaussian random variable is generated with a standard 

deviation (S.D.) of 5. This wave is created by the program 

SIM.BAS shown in the Appendix. 
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0 100 200 300 400 
TIME VALUES [2 5uS / div] 

Figure 3.1. Simulation of sum of sine wave and 
Gaussian random variable 
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The plot of the function, however, only gives a rough 

estimate of the magnitude and phase of the sine wave. It is 

then necessary to decide whether this wave gives the best fit 

to remove the sine wave. 

To accurately decide if the sine wave has been 

completely removed, the FFT of the sampled data is taken. The 

parameters of the ideal sine wave (amplitude, frequency and 

phase) are varied until the frequency component of the sine 

wave is reduced to a minimum value. This then verifies that 

the sine wave has effectively been removed. Figure 3.2 shows 

the plot of an ideal sine wave with the same frequency as the 

carrier sine wave in Figure 3.1. 

It is now possible to subtract each point in Figure 3.2 

from Figure 3.1 using the program SUB.BAS in Appendix A. This 

effectively removes the Msin (wt+0) function from Equ. 3.1 

thereby isolating the Gaussian term. The resulting function 

is graphed in Figure 3.3. 

A histogram can now be formed out of the data in Figure 

3.3 by the program ST.HAS and plotted in Figure 3.4. 

The density function of an ideal Gaussian random 

variable is given by 

f(x) = - = = — exp 
V27C a 

- (x-^i)' 

2o' 
(3.2) 

where a is the variance and \i is the mean 

^HHlffiiiyij 
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A random variable with a Gaussian distribution (S.D.=5) 

is generated by the program GAU.BAS. The program ST.BAS forms 

a histogram of this simulated random variable and overlays 

the result in Figure 3.4. It can be seen by comparing the 

overlaid plots in Figure 3.4 that they are almost identical. 

This shows that the Gaussian random variable in Equ. 3.1 may 

be isolated from a sum of terms by subtracting out the sine 

term. It should therefore be possible to implement this 

method using the real data. The difficult part, as one might 

expect, is to find the correct frequency, phase and magnitude 

of the carrier sine wave. 

3.2 Separation of Histograms of Two 
Random Variables 

Separating the histograms of two random variables added 

together is complicated by the fact that neither variable is 

deterministic. It is, however, possible to separate the 

histograms if the form of one histogram is known. Consider a 

function z (t) to be a sum of two random variables x(t) and 

y(t) . 

z (t) = x(t) + y(t) . (3.3) 

The distribution of z is given by Equ. 3.4 [13]. 

foo 

f(z-y,y) dy . (3-4) 
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If the two random variables x and y are independent, 

then the joint distribution has the property that fxy = fx^y-

This allows Equ. 3.4 to be written as a convolution. 

oo 

fz(z) = I fx(z-y) f^iy) dy = f̂  * fy . (3.5) 
J oo 

Thus from Equ. 3.5, it can be seen that if two 

independent random variables are added together then their 

density functions are convolved. From the design of the 

general model, it is obvious that the signal-dependent noise 

variable and the signal-independent noise variable are 

independent of each other. The task therefore is to separate 

the statistical characteristics of two independent random 

variables when the statistical nature of one variable 

(signal-independent noise) is already known. 

In the simulation, the distribution of both r.v.'s will 

be known with the objective of separating one density from 

the other. x(t) is generated as a product of a constant K]̂  

and a r.v. with a standard Gaussian normal (mean=0, S.D.=1). 

The random variable y(t) is chosen to simulate the signal-

dependent noise. It is chosen to be a product of 

K2(1+sin(t))0-25 and a random variable with standard Gaussian 

distribution (mean=0, S.D.=1). This relation between vari

ables are summarized by 

f(t) = Ki G{seedl} + Kj G{seed2} [l+sin(t)]°" . (3.6) 
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K^ and K2 are constants that are chosen arbitrarily to 

be 3 and 2 respectively. The power of the (l+sin(t)) term is 

chosen to be 0.25 at random. The Gaussian r.v. G is chosen to 

have different seeds (SEEDl and SEED2) so that the two 

samples are independent. To ensure this fact, the program 

CORR.BAS was executed resulting in a correlation coefficient 

less than 10~3. 

According to Equ. 3.5, if x(t) and y(t) are independent 

[13], the density of z(t) will be the result of convolving 

the densities of x(t) and y(t). The program ST.BAS calculates 

the histograms of x(t), y(t), z(t) and displays the results 

in Figure 3.5. 

According to the properties of the Fourier transform, 

convolving in the time domain is equivalent to multiplying in 

the frequency domain. Thus taking the Fourier transform of t^ 

gives 

Fz = Fx • Fy (3.7) 

where Fz = 3{fz}, F̂  = 3{fY}, and F^ = 3{fx}. 

The process of homomorphic filtering discussed previ

ously can be implemented here with slight modifications. This 

time the logarithm (LN) is taken in the Fourier domain 

instead of the spatial domain giving 

LN{F2} = LN{FX} + LN{FY} . (3.8) 
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Since the histogram of x is known a priori, it is 

possible to take the natural logarithm of tha FFT of this 

density function to get LN{Fx}. This term can then be 

subtracted from LN{Fz} to isolate LN{Fy}. Taking the exponent 

and IFFT of this result will then give the desired histogram 

fy(t) . 

Since the Fourier transform of the histograms is taken, 

it is necessary to avoid both ringing and spikes in the 

Fourier domain before the homomorphic filtering process is 

implemented. To reduce the effect of these spikes in the time 

domain, the histogram is passed through a smoothing program 

(SMOO.BAS) before the FFT is taken. 

There are two plausible methods that can be used in the 

smoothing algorithm. The first method is referred to as "mean 

filtering." This method involves passing the array through a 

program that replaces each value with the mean of the k 

points around it where k is an odd number. The second method 

is called "median filtering" which involves replacing each 

point with the median of the k points around it. 

Mean filtering was used as opposed to median filters 

because the main objective is to smooth out the ripples and 

bumps. Median filters, by definition, tend to remove spikes 

and large irregularities rather than small ripples. The 

transforms generated are more likely to have ripples than 
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large spikes, so the use of median filters may not be 

adequate. 

These mean filters, however, have a tendency to have a 

greater effect on the shape of the data as the number of 

points used for averaging is increased. Three point averaging 

is used as a compromise between modifying the shape of the 

histogram and having a valid smoothing effect on the 

histogram. 

Figure 3.6 shows the result of the homomorphic filtering 

process described above and the histogram of y(t). Comparing 

the two histograms in Figure 3.6 shows that the homomorphic 

filtering process did isolate the histogram of random 

variable y(t) (fy(t)) like it was supposed to do. 

The Chi-square test is implemented to see how 

efficiently this process isolated r.v. y. Comparing the two 

arrays (21 points) produced a test statistic T=26.93. Since 

there were no estimates made to produce the histograms, p=0 

(from Chapter II), and so the critical value from the Chi-

square tables with 21 degrees of freedom is Tc=46.8 (99.9% 

certainty level). Since T<Tc/ it can be stated at a 99.9% 

level that the two histogram are the same. It is possible to 

therefore conclude at a 99.9% certainty level that the r.v. y 

has been isolated from the sum of x and y. 
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One property of the Fourier transform is that a RECT(x) 

function in the time domain is equivalent to a SINC(f) 

function in the frequency domain. This implies that any edges 

in the time domain will cause ringing to occur in the 

frequency domain. This ringing will affect the result of the 

homomorphic filtering. The slight difference in rhe twc 

histograms plotted in Figure 3.6 is due to the inaccuracy 

caused by converting to and from the Fourier domain. The 

smoothing routine did, however, help to eliminate enough of 

the ringing to help identify the result. Since the Chi-square 

test does not compare points less than 5/1024, most of this 

ringing is neglected for the comparison of the histograms. 



CHAPTER IV 

DATA ACQUISITION SYSTEM 

4.1 Block Diagram of the Sampling 

System 

The overall block diagram of the sampling system has 

been shown in Figure 4.1. Each step in the diagram will now 
be explained in detail. 

4.1.1 Tape Recorder 

The tape recorder used for the experiment was a Roberts 

990 reel-to-reel 1/4" tape recorder. This system was chosen 

for its low signal-to-noise ratio and availability. Most 

recording devices have noise reduction schemes implemented 

into their players. Since the objective was to analyze the 

noise in the system, it was necessary to tap the signal 

before any alterations were made to it. 

The signal taken directly from the head had a magnitude 

on the order of 50uV. There was a preamplifier cascaded 

directly with the head with a gain of 200. Since the signal 

would not be filtered in any manner, the output was taken 

from the preamplifier output jack. 

49 
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Figure 4.1. Overall sampling system 



51 

4.1.2 Amplifjo^ 

Since most digital circuits (including computer boards) 

operate in the 0 volts to 5 volts range, it was necessary to 

implement an additional gain of 500. This would give a total 

system gain of 10^ to achieve the amplification of 50uV to 

5V. The schematic of the amplifier used to generate this gain 

has been shown in Figure 4.2. 

Two operational amplifiers (OP-AMPS) were cascaded in 

the non-inverting mode. The reason they were cascaded had to 

do with the fact that the amplifier noise is also a function 

of gain and cascading allows the gain of each stage to be 

smaller. The amplifier noise was also a major consideration 

in choosing the type of OP-AMP used. The LM308 is a high 

performance ultra-low noise device and was considered to be 

ideal for the job. 

After the circuit had been constructed, it was tested to 

have an output of 5 volts and a cutoff frequency of 35 kHz. 

4.1,3 Filter 

The main concern in dealing with audio systems is that 

only noise in the audio range is of any concern to the 

listener. Since the human ear is usually not capable of 

discerning frequency components greater than 20 kHz, there 

was no need to sample components greater than 20 kHz. The 
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Figure 4 . 2 . Ampli f ier with a gain of 500 
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signal was thus processed through a real time analog lowpass 

filter as shown in Figure 4.3. 

The filter was constructed using the LM 4558 operational 

amplifier because it is also a low noise device. The circuit 

designed can be classified as a second-order Thomas-

Biquadratic filter with a smooth pass-band [15]. 

The cut-off frequency was set to be 20 kHz and the gain 

of the filter was set so that no further gain was added or 

removed from the system. The Q value of the filter was set to 

one so that there was a fast roll off at the cutoff point. 

4.1.4 D.C. Offset Circuit 

Though the signal coming from the filter output would 

have a scale of 5 volts, it would range from -2.5 volts to 

2.5 volts. Since computer systems operate in the 0-5 volt 

range, a simple offset circuit was required to add a constant 

to the output. This has been shown in Figure 4.4. 

The input signal could thus be measured across one 

resistor to have a D.C. level that would give a new range of 

0 to 5 volts. To avoid attenuation problems with D.C. feed

back, a capacitor was placed in the line to isolate the 

circuit. 
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D.C. bias 



56 

The signal thus processed was connected to an analog-to-

digital converter (ADC) and data values stored in the 

computer. The full details of the process are described below 

in Section 4.2. 

4.2 Sampling Circuit and Computer 
Interface System 

The signal coming from the analog filter had a magnitude 

ranging from 0 volts to 5 volts and frequency components from 

0 Hz to 20 kHz. This signal could then be sampled by the ADC 

and stored in the memory. 

To convert an analog signal into digital information, a 

National Semiconductors ADC 0820 was chosen. There were 

several reasons for this choice. Since the ADC 0820 was 

microprocessor compatible, it appeared as a memory or I/O 

port and thus eliminated the need for external interfacing 

logic. Secondly, it had a fast maximum conversion time of 1.5 

microseconds during the WRITE/READ (WR/RD) mode. The built-in 

sample-and-hold function eliminated the need for external 

holding circuitry. Since it was powered by a single 5 volt 

power supply, it could be installed directly on a board and 

into the computer. 

The ADC was used in the WR/RD mode to sample data from 

the input line. In this mode, conversion would be started by 

a WR signal to the chip, and after a minimum of 600 nano-
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seconds, the data would be placed on the data lines by the RD 

signal. The ADC was able to communicate with the computer 

with the aid of a Tl-PCOl card which could be installed into 

an expansion slot in the Tl-Personal Computer. The pins of 

the board were connected as shown in Appendix C. 

In order for the computer to retrieve data from the ADC, 

the location of the ADC had to be specified. Two types of 

addressing formats were available : the I/O format and memory 

format. The I/O format treats an output port as an I/O port 

and memory format treats a port as a memory port. An I/O 

addressing format was chosen because the address decoding 

logic required would be minimized. An I/O format would only 

require 10 address lines as opposed to 20 lines for the 

memory format. 

The memory map of the TI-PC indicated that any location 

from OlOOH to 03FF was available for I/O addressing. Inspec

tion of the address locations indicated that 0200H to 02FFH 

were unoccupied by any other devices. If address line A9 was 

chosen to be 1 then the address location would be 02XXH where 

the XX varies from 00 to FF. 

A9 AQ 

0200 ========> 10 0000 0000 

(10 address lines) 
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Since these locations were unoccupied, only one address 

line was needed to address the ADC. The diagram for interfac

ing the ADC to the expansion bus is shown in Figure 4.5. 

The mode pin was connected to +5 volts for the ADC to be 

in the WR/RD mode. An assembly language program (ACQ.ASM) was 

then written to acquire and store the data in the memory. 

The basic program NOISE.BAS was written to load ACQ.ASM 

into memory location starting at 4000H. The data was then 

sampled at twice the bandwidth frequency of 20 kHz by the 

program and stored from memory location 5000H onwards. 
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CHAPTER V 

MEASUREMENTS AND ANALYSIS 

5.1 Data Acquisition 

The experimental apparatus described in Chapter IV was 

set up to sample and store the data. A sine wave from a wave 

generator (Wavetek model 185) was recorded through the micro

phone input of the Roberts reel-to-reel tape recorder onto 

the magnetic tape. If the amplitude of the sine wave was 

greater than some critical value then the tape recorder would 

record a distorted signal instead of a clean one. The criti

cal value of this particular device was determined to be 200 

mV RMS. 

The first set of data was recorded at a signal amplitude 

of 140 mV and a frequency of 200 Hz. The amplitude of the 

input signal was then decreased to 130, 110, 100, and 80 mV 

so that five experiments could be run at different ampli

tudes. It was necessary to perform this experiment with sine 

waves of different amplitudes to ensure that the model devel

oped was a good one. 

It was next necessary to store data for the signal-

independent noise terms. Since all the apparatus used was a 

source for system noise, it was essential that the only terms 

missing be the terms due to the signal. The amplitude of the 

sine wave was reduced to be as low as possible so that the 

60 
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effect of the signal was reduced to virtually zero. This then 

implies that anything recorded onto the magnetic tape was due 

to the signal-independent noise. 

, All experiments were conducted within a small time frame 

to ensure that effects due to the surroundings remained 

reasonably constant. Each experiment initially stored 32 

kilobytes of data in the memory of the TI-PC. These data 

values were then stored in five files of 1024 points each. 

The remaining points were then discarded. These files were 

shown to be statistically independent by running CORR.BAS and 

noticing that the correlation value was on the order of 10"^. 

With these operations performed, it was then possible to 

perform an analysis of these data files. 

5.2 Analysis of Signal-Independent 

Noise (SIN) 

The analysis of SIN began with the formation of 

histograms from each data file by the program ST.BAS. These 

five histograms were then averaged together by AVG.BAS and 

the resulting histogram stored in a file. This new histogram 

was an average estimate of the histogram for the signal-inde

pendent noise. 

The reason for averaging the histograms was to take into 

account the slightly varying means and variances. It also had 

the effect of smoothing the histograms to a small degree. To 
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get a reference level to work on, the density functions were 

normalized (NOR.BAS) by dividing through by the total number 

of points. 

From this histogram it could be seen that the mean for 

this density was zero and the shape resembled the Gaussian 

density function. The task, therefore, was to curve fit this 

density with a Gaussian density of mean zero and a standard 

deviation of S. 

A normalized ideal Gaussian density function was gener

ated to fit the experimental density as closely as possible. 

The Gaussian density function was generated to have a mean of 

zero and a standard deviation of 1. The product of a constant 

Ki and this density function resulted in a Gaussian density 

function with a mean of zero and standard deviation of Ki. It 

was necessary to use the Chi-square test [6] to determine the 

best fit since the observer would be unable to distinguish 

between small displacements in the fit. The program CHI.BAS 

determines the test characteristic T between two normalized 

densities. This program only compares points that are greater 

than 0.00488 (5/1024) according to the condition stated in 

Chapter II. Table 5.1 shows the different values obtained for 

the Chi-square test when the simulated density and signal-

independent noise density (8 points greater than 0.0048) were 

compared. 
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Table 5.1. Comparison of characteristic test values T 
at different values of S.D. for signal-
independent noise 

S.D. of 
Simulation 

KI 

1 .500 

1.600 

1.630 

1.635 

1.640 

1.700 

Characteristic 
Value 
T 

13.65 

2.32 

1 .51 

1.47 

11 .29 

10.65 

Critical 
Value 

31.26 

31.26 

31.26 

31.26 

31.26 

31.26 
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The mean of the Gaussian had already determined to be 

zero and the standard deviation set to be 1. Since the only 

estimated variable was the constant, Ki, p (Chapter II) has a 

value of 1 and so the test statistic T has a Chi-square 

distribution with 7 (8-1) degrees of freedom. From the tables 

of the Chi-square distribution, the value of T^ at a ii=99.9% 

level of accuracy and 7 degrees of freedom was 24.32. The 

hypothesis that the distributions were similar was accepted 

at a 99.9% certainty level if the test statistic T<TQ. Though 

there were several values of T that were less than T^, it was 

necessary to choose the minimum value of T to obtain the best 

fit. The hypothesis that the distributions were the same 

could be accepted at a higher percentage of certainty if the 

test statistic T was lower. 

From Table 5.1 it can be seen that the minimum value of 

T was obtained at Ki=1.635. The plot of the experimentally 

obtained distributions for SIN can be seen in Figure 5.1. An 

ideal Gaussian density function, with mean=0 and Ki=1.635, 

was also generated and superimposed in Figure 5.1. It can be 

seen from Figure 5.1 that the the histograms are almost iden

tical except at the "tails" where there is a little 

ringing. The signal-independent noise was therefore 

modeled as a Gaussian distribution with a mean of zero and a 

standard deviation of Ki=1.635. 
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5.3 Analysis of Signal-Dependent 
Noise (SDN) 

The major steps used in forming a SDN model were noise 

isolation and noise identification. The techniques discussed 

for isolating and identifying simulated data in Chapter III 

were implemented using the real data. 

Since the recorded sine wave was deterministic, the 

first stage in noise isolation required it to be subtracted 

directly. The sampled wave was examined to determine the 

approximate values for the sine wave's magnitude, phase and 

frequency. The first estimate of the sine wave was then 

subtracted from the sampled wave. Taking the FFT of the 

resulting wave would determine what portion of the sampled 

sine wave had been removed. 

If the frequency spectrum showed that there were still 

spectral components of the sine wave remaining after the 

subtraction, a new ideal sine wave was generated with a 

slight change in the magnitude. The magnitude was thus varied 

until a minimum spectral component was obtained in the 

frequency domain. This, however, did not guarantee that the 

exact sine wave was removed. 

If the phase of the ideal sine wave did not match that 

of the sampled sine wave, there would also be frequency 

components around the expected frequency values that would 

remain. The phase was next varied until the only term remain

ing was a single component of the sine wave. 
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The frequency value was then varied until the one compo

nent was reduced to a minimum. Figure 5.2(a) shows a window 

in the sampled waveform and Figure 5.2(b) shows the spectral 

components of the sampled waveform. The central spike was due 

to the D.C. offset introduced before sampling. The spectral 

component due to the sine wave is shown to be around 200 Hz. 

Figure 5.3(a) shows the signal after subtracting the 

ideal sine wave and Figure 5.3(b) shows its frequency spec

trum. It can be seen from this spectral domain that the spec

tral components of the sine wave have been completely removed 

from the original signal. Since the sine wave had the same 

D.C. term as the sampled wave, the D.C. component was also 

removed. The only terms presumed remaining were the signal-

dependent (SDN) noise and signal-independent noise (SIN) 

terms. This process was repeated with the four other sampled 

files. 

The second stage in noise isolation was to separate the 

signal-independent noise from the signal and thus isolate the 

SDN. The histogram of each sampled data file was formed using 

the program ST.BAS. These five histograms were averaged 

(AVG.BAS) to form one smooth file, normalized (NOR.BAS) to 

have unit area and plotted in Figure 5.4. 
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The spectral components of this histogram were generated 

using FFT.BAS and observed for irregularities. Though the 

histogram formed was reasonably smooth, there was still a 

slight amount of ringing that occurred in the Fourier domain. 

The process of homomorphic filtering (HOM.BAS) could 

then be used to remove the signal-independent noise from the 

sum of noise terms and thus leave remaining the signal-depen

dent noise. The histogram in Figure 5.4 was passed through 

the smoothing routine SMOO.BAS and plotted in Figure 5.5(a) 

with its FFT (Fz) plotted in Figure 5.5(b). It can be seen 

from this spectrum that most of the ringing has been 

eliminated by the smoothing routine. The histogram of the 

signal-independent noise is plotted in Figure 5.6(a) with its 

FFT (Fx) in Figure 5.6(b). 

The homomorphic filter was applied to the spectrum to 

get LN(Fz)-LN(Fx)=LN(Fy) (see Equ.3.8). Taking the expon

ential of this spectrum results in the spectrum of the 

signal-dependent noise Fy shown in Figure 5.7(a). Taking the 

IFFT of this spectrum results in the the density of the 

signal-dependent noise (Figure 5.7(b)). 

Inspite of the fact that the normalized density of the 

joint terms was passed through a smoothing routine, there was 

still some apparent ringing in the resulting histogram, as 

shown in Figure 5.7(b) . Since the ringing occurs only in the 

tails of the histogram, it is possible to zero out the terms 
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Spectrum of SDN after filtering 
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that cause the ringing. A critical value (5% of the peak 

value of the histogram) was chosen and all points below this 

value were set to zero. After these points were removed it 

was necessary to renormalize the histogram and the result 

plotted in Figure 5.8. 

The second step was to fit this curve with a simulation 

of signal-dependent noise and thus establish a model. As the 

general model in Chapter I had suggested, the first estimate 

made for the model of signal-dependent noise was a product of 

a sinusoid and a Gaussian random variable. The function of 

the sinusoid was however be an essential factor in determin

ing the model. 

If the sinusoid was raised to a power, then it was 

essential that the term being raised was greater than 1 at 

all times. Since a sinusoid (SIN,COS) varies from -1 to 1, it 

was necessary to formulate the term as (1+SIN) in order to 

avoid values below zero. 

The simulation being generated could thus be written as 

K2-G{SEED}•(1+SIN)P^. The power of the sinusoid, pw, and 

variable K2 were being estimated. Since different amplitudes 

were recorded for different experiments, the SDN would be 

expected to be different for each experiment. Since the 

amplitude of the sine wave in the model was removed from the 

power term, it can be expected to affect the variable K2. The 

variable K2 can thus be rewritten as 
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K2 = K • Â ** (5.1) 

where K is a constant for all signals A is the amplitude of 

the signal recorded on the tape and pw is the exponential 

power. 

The Gaussian random variable, G{SEED}, was set to have 

mean=0 and standard deviation=l. The simulations were gener

ated to create five files of 1024 values like the sampled 

data. The histograms of each file were formed and averaged to 

form one smooth file. This simulated histogram was then 

normalized and compared to the actual signal-dependent noise 

to determine the best fit. The program CHI.BAS was used again 

to determine if the fit was acceptable at a 99.9% certainty 

level. 

The signal-dependent noise has been plotted in Figure 

5.9 superimposed on a simulation that was deemed the best 

fit. The power of the sinusoid was determined to be 0.146 and 

the constant K2 was determined to be 1.13. There were 12 

points being compared in the Chi-square test, but since there 

were two variables (K2,pw) being estimated, the test statis

tic T has 10 (i.e., 12-2) degrees of freedom. The critical 

value of the statistic TQ, with 10 degrees of freedom, was 

found from the tables to be 29.59. If T<Tc, at a 99.9% level 

the model could be accepted, however, as in the case of SIN, 

the lowest value of T was found to determine the best fit. 
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This process was then applied to the other signals 

sampled to create five files of signal-dependent noise SDNA, 

SDNB, SDNC, SDND and SDNE. Table 5.2 shows the results 

obtained after curve-fitting the isolated signal-dependent 

noise and the results of the Chi-square test. It can be seen 

from this table that the power has a mean of 0.14 9 and a 

standard deviation of 2.19-10~2 over the five experiments. 

Since this is a low value for the standard deviation, it can 

be stated that the model value for the power was a stable one 

over the five experiments. 

Since these five files were generated from different 

signals, the expression for the SDN could be expected to vary 

with the signals. As discussed earlier, the magnitude of the 

signal recorded would affect the value of the variable K2 in 

the model. To see how the value of the constant K2 varied 

with fluctuation in signal, a plot of signal amplitude vs 

constant K2 was plotted in Figure 5.10. 

It was then possible to estimate (from Equ. 5.1) the 

value of the constant K by dividing K2 by AP^ (K=K2/APW) . 

This result was then tabulated in Table 5.3. It can be seen 

from this table that the constant K has a mean of 1.45 and a 

standard deviation of 3.08-10"2. This was also an acceptable 

value of standard deviation for the constant K, so that 

K=1.45 was a stable value over the five experiments. 



Table 5.2. Results of modeling of signal-
dependent noise with input signals 
of different amplitudes 

80 

File 
Name 

SDNA 

SDNB 

SDNC 

SDND 

SDNE 

Input 
Signal 

14 0mV 

130mV 

llOmV 

lOOmV 

80mv 

Test 
Statistic 

6.42 

13.95 

10.79 

13.87 

13.70 

POWER 

POWER 

Critical 
Value 

29.6 

29.6 

29.6 

29.6 

29.6 

MEAN : 

STANDARD : 

Power 
pw 

0.146 

0.150 

0.150 

0.150 

0.152 

0.149 

2.19-10-3 

K2 

1.13 

1.07 

1.04 

1.02 

0.97 

DEVIATION 
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Table 5.3. Estimating the value of K 

File 
Name 

SDNA 

SDNB 

SDNC 

SDND 

SDNE 

Input 
Signal 

140mV 

130mV 

llOmV 

lOOmV 

8 0mV 

K2 

1.13 

1.07 

1.03 

1.00 

0.99 

pw 

0.146 

0.150 

0.150 

0.150 

0.152 

K 

1.50 

1.45 

1.43 

1.42 

1.45 

MEAN 1.45 

STANDARD 
DEVIATION 

3.08-10-2 



CHAPTER VI 

CONCLUSIONS 

The general model for the signal emerging from a tape 

player (Chapter I) can be written as 

f(t) = s(t) + ni(t) + G{s (t) } •n2 (t) (6.1) 

where s(t) is the signal that was recorded on the tape, 

G{s (t) } •n2 (t) is the signal-dependent noise and ni (t) is the 

signal-independent noise. The experiments performed in this 

thesis allowed the individual generic components of this 

model to be replaced with specific detailed components. 

The SIN term, ni (t) , was determined to be the product of 

a Gaussian random variable (mean=0, variance=l) and a 

constant Ki, where Ki was determined to be 1.635. Since the 

SIN term is composed of noise due to the system and its envi

ronment, Ki had a tendency to vary as a result of the 

surroundings. All the experiments were performed over a small 

period of time to ensure that the external conditions 

remained relatively constant. 

The SDN, G{s (t) } •n2 (t), had been determined to be a 

product of a sinusoidal term, a constant K2, and a Gaussian 

random variable (mean=0, variance=l) as shown below. 

G{s (t) }•n2(t) = [1+SIN (t)]P^ •K2-G{mean=0,var.=l}. (6.2) 

83 
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The power, pw, was determined to have a mean of 0.149 over 

five experimental runs with a standard deviation of 

2.19-10~3. The constant K2 could be written as K-AP^ (Chapter 

V) . The value of K had a mean of 1.45 and a standard devia

tion of 3.08-10-2 based on the experiments in Chapter V. 

The SIN(t) term was added to 1 because it would not be 

feasible to take the root of a negative number to the 0.149 

power. This also allowed the formation of a more accurate 

model because it included the effect of a bias term applied 

to the signal before recording. The sinusoid SIN(t) was used 

instead of COS(t) purely as a matter of choice. The expres

sion could just as well be modeled with a COS(t) term. 

Using the values obtained from the experiments the 

general model in Equ. 6.1 could be rewritten as 

f (t) = A-SIN(t) + 1.635-G{m=0,V=l} 

+ 1.45- (A) 0-149. [i+siN(t)]0-l'^9-G{m=0,V=l} . (6.3) 

This equation can be generalized for any signal by 

substituting the values for the signal instead of A-SIN(t) 

and written as 

f(t) = SIGNAL + 1.635-G{m=0,V=l} 

+ 1.45- [OFF+SIGNAL]0-149-G{m=0,V=l} (6.4) 

where OFF is the offset added to keep the signal positive. 

This particular model was determined for a signal coming 

out of a Roberts reel-to-reel tape player. This does not. 
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however, guarantee that all signals from magnetic tape 

recordings will conform exactly to this model. Though most 

cases would be similar to the above model, there may be 

slight variations. 

With a better understanding of the model developed in 

this thesis, it is possible to perform further research to 

remove the noise present in recording processes. There exiŝ  

various filtering techniques for the removal of Gaussian 

noise and functions of Gaussian noise. These terms could be 

implemented with further research to produce higher equality 

sound from analog tape players. 
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PROGRAM : SIM.BAS 

DESCRIPTION : This program generates a random variable 

80+M-SIN (wt+(|))+G{ SEED} . M, w, and <)) are 

all randomly chosen as a function of SEED 
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10 
20 
30 
40 
50 
60 
7U 
80 
90 
100 

DIM V(1096) 
RFM * * * * * * * * * * * 

REM THIS SIMULATES 80+SIN(t)+G§SEEDt 
R F M * * * * * * * * * * * 

SD=5 
ND$="SIM" 
OPEN N0$ FOR OUTPUT AS #2 
PRINT #2,1024 
RANDOMIZE 
MG=RND*25 

110 W=RND/40 
120 
130 
140 
150 
160 
170 
180 
190 
200 
210 
220 
230 
240 

PH=RND*3 
P0R*J=1 TO 1024 

V2=2*RNr>-l 
Vl=2*RNEKl 
S=V1®2 + V2< 2̂ 
IF S>=1 THEN GOTO 14U 
Xl=SD*V2*(-2/S*LOG(S) )*^.5 
X2=80+MG*SIN(W*J+PH) 
X=XH-X2 
PRINT # 2 , J , X 

NEXT J 
CLOSE #2 
END 



PROGRAM : SUB.BAS 

DESCRIPTION : This program subtracts simulated SIN function 

(N$) from the sampled function (D$) and places 

the resulting time file in an answer file 

(AXY$). 
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10 
20 
30 
40 
50 
60 
70 
80 
90 
lOU 
110 
120 
130 
140 
150 
160 
170 
180 
190 
200 
210 
220 
230 
240 
250 
260 
270 
280 
290 
300 

RFM *************** 
REM THIS PROGRAM SUBTRACTS ONE FIL 
RFM********** ***** 
DIM NM(4096),DN(4096) 
PRINT "Input the name 
INPUT NS 
OPEN N$ FOR INPUT AS 
INPUT #1,N 
FOR J=l TO N 
INPUT #1,DUM,NM(J) 

NEXT J 
CLOSE #1 
PRINT "Input the name 
INPUT D$ 
OPEN D$ FOR INPUT AS 
INPUT #1,N 
bX3R J=l TO N 
INPUT #1,DUM,DN(J) 

NEXT J 
CLOSE #1 
PRINT"Input the name 
INPUT AXY$ 
OPEN AXY$ FOR OUTPUT 
PRINT #1,N 
FOR J=l TO N 
ANS=134+NM(J)-DN(J) 
PRINT #1,J,ANS 

NEXT J 
CLOSE #1 
END 

of 

#1 

1 of 

#1 

of 

AS 

file 1 " 

file 2 " 

answer file" 

#1 

FROM ANOTHER 
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PROGRAM : SIN.BAS 

DESCRIPTION : This program generates a SINE wave of 

different phase, frequency and magnitude. It 

is used to match the carrier sinusoid in the 

sampled wave. 
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in •DPM***r * * * * * yc* 

20 REM THIS ROUTINE GENERATES A SINE WAVE OF FREQUENCY W 
30 REM AND PHASE P AND MAGNITUDE MG 
4 0 REM ********** 
50 PRINT "INPUT PHASE":INPUT P 
60 PRINT "INPUT FREQUENCY":INPUT W 
70 PRINT "INPUT MAGNITUDE":INPUT MG 
BO PRINT "INPUT THE NAME OF SINE SIMULATION":INPUT F$ 
9U OPW FS FOR OUTPUT AS #1 
100 PRINT ?1,1024 
110 FOR J=l TO 1024 
120 EF134+MG*SIN(W*J+P) 

130 PRINT #1,J,F 
140 NEXT J 
150 CLOSE #1 
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ST.BAS 

DESCRIPTION : This program creates a histogram from a time 

file with 2^ divisions where n is an integer 

The histogram is divided into bins of 0.5 

divisions [0-255 scale] 
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10 OPM********** 

20 REM THIS ROUTINE FORMS THE HISTOGRAM OF DATA (SIZE 4096) 
30 OPM********** 

40 DIM A(555),X(5096) 
50 COLOR 13,0,0 
60 PRINT"INPUI THE FILE TO ANALYZE":INPUT F$ 
70 OPEN F$ FOR INPUT AS #1 
80 INPUT #1,M 
90 FOR J=0 TO M-1 
100 INPUT #1,K,X(J) 
110 NEXT J 
120 CLOSE #1 
130 M=l624 
140 SUM=0:SUM1=0:SUM2=0:SUM3=0 
150 MIN=X(0) 
160 MAX=X(0) 
170 REM********** 
180 REM FINDS THE MINIMUM AND MAXIMUM VALUE IN ARRAY 
190 REM********** 
200 FOR J=0 TO M-1 
210 IF X(J)<MIN THEN MIN=X(J) 
220 IF X(J)>MAX THEN MAX=X(J) 
230 NEXT J 
240 PRINT "MAX : ";MAX:PRINT "MIN :";MIN 
250 RRM********** 
260 REM FINDS THE MEAN OF THE FUNCTION 
270 RRM********** 
280 FOR J=0 TO M-1 
290 SUM=SUM+X(J) 
300 NEXT J 
310 MEAN=SUM/M 
320 PRINI" The mean is :";MEAN 
330 RPM********** 
340 REM FINDS THE STANDARD DEVIATION OF THE FUNCTION 
350 RRM********** 
360 FOR J=0 TO M-1 
370 SUMl = SUMl + ( (X(J)-MEAN)®2 ) 
380 NEXT J 
390 M2=SUM1/M 
400 STD=M2"̂ .5 
110 PRINT" The standard deviation is :";STD 
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42U REM'̂ **"̂ ****** 

430 REM THIS SEĈ IDR INPUTS IHE B^^TCH,START AND NO.OF BINS 
440 REfv̂ ********** 
450 VST=0 
460 BAT=.5 
470 T=250 
480 NUMBCH=T/BAT 
4 9 0 ^<£;r/^****''f**** 

500 REM THIS SECTOR PUTS EACH VALUE INTO ITS VOLTAGE BIN 
510 REfv]'̂ *****'̂ *** 
520 FOR J=0 TO NUMBCH 
530 A(J)=0 
540 NEXT J 
550 CUM=0 
560 FOR 1=0 TO M-1 
570 N=INT(X(I)/BAT) 
580 A(N)=A(N)+1 
590 NEXT I 
610 OPEN "a:DUM" FOR OUTPUT AS #1 
620 PRINT #1,NUMBCH 
630 FOR J=0 TO NUMBCH-1 
640 PRINT #1,J*BAT,A(J) /1024 
650 CUM=CUM+A(J) 
660 NEXT J 
661 PRINT CUM 
670 CLOSE #1 
680 PRINT "INPUT THE FOURIER TRANSFORMABLE FILENAME":INPUT NV$ 
690 OPEN "a:DUM" FOR INPUT AS #1 
700 OPEN NV$ FOR OUTPUT AS #2 
710 INPUT #1,NUM 
720 K=0 
730 K=K+1 
740 FI=2^K 
750 IF NUM>FI THEN GOTO 730 
760 PRINT #2 ,FI 
770 FOR 1=1 TO NUM 
780 INPUT #1,A,B 
790 PRINT # 2 , I , B 
800 NEXT I 
810 FOR J=NUM+1 TO Fl 
820 PRINT # 2 , J , 0 
830 NEXT J 
840 CLOSE #2 
850 CLOSE #1 
860 END 
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PROGRAM : GAU.BAS 

DESCRIPTION : This program generates a Gaussian random 

variable with a standard deviation of 5. 
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PROGRAM : GAU.BAS 

DESCRIPTION : T h i s p r o g r a m g e n e r a t e s a G a u s s i a n random 

v a r i a b l e w i t h a s t a n d a r d d e v i a t i o n of 5 . 
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PROGRAM : GAU.BAS 

DESCRIPTION This program generates a Gaussian random 

variable with a standard deviation of 5. 



WITH GAUSSIAN PDF 

DIM V(llOO) 
p p M * * * * * * * * * * * 

REM GENERATES R.V. 
P g k * * * * * * * * * * * * 

COLOR 1 2 , 0 , 0 
PRINT "INPUT THE S.D OF THE GAUSSIAN":INPUT SD 
PRINT "NAME FILE OF NOISE SIMULATION": INPUT N0$ 
OPEN N0$ FOR OUTPUT AS #2 
PRINT #2,1024 

100 RANDOMIZE 
110 FC^ J = l TO 1024 

V2F2*RNI>-1 

V1=2*RND-1 
S=V1©2 + V2©2 
IF S>=1 THEN GOTO 120 
Xl=SD*V2*(-2/S*LOG(S))^.5 
X=80+X1 
PRINT # 2 , J , X 

190 NEXT J 
200 CLOSE #2 
210 END 

10 
20 
30 
40 
50 
60 
70 
80 
90 

120 
130 
140 
150 
160 
170 
180 
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PROGRAM : CORR.BAS 

DESCRIPTION : This program finds the correlation coefficient 

between two time files. 
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PROGRAM : CORR.BAS 

DESCRIPTION : This program finds the correlation coefficient 

between two time files. 



1 0 1 

i n p R M * * * * * * * * * * 
20 REM FINDS THE CORRELATION COEFFICIENT OF TWO FILES 
30 O R M * * * * * * * * * * 

40 DIM X(4096) ,Y(4096) 
50 SUM=0:SUM1=0:SUM2=0:SUM3=0:SUM4=0 
60 PRINT"INPUr NAI4E OF FIRST FILE":INPUT F$ 
70 OPEN F$ FOR INPUT AS #1 
80 INPUT #1,M 
90 FCB J=0 TO M-1 
100 INPUT #1 ,K,X(J ) 
110 SUM=SUM+X(J) 
120 SUM2=SUM2+(X(J)*^2) 
130 NEXT J 
140 CLOSE #1 
150 PRINT"INPUr NAME OF SECOND FILE":INPUT F$ 
160 OPEN F$ FC» INPUT AS #1 
170 INPUT #1,M 
180 FCR J=0 TO M-1 
190 INPUT #1 ,K,Y(J) 
200 SUM1=SUM1+Y(J) 
210 SUM3=SUM3+(Y(J)<^2) 
220 NEXT J 
230 CLOSE #1 
240 R R M * * * * * * * * * * 
250 REM FINDS IHE CORRELATION COEFFICIENT BETWEEN IVD FILES 

260 REM********** 
270 FOR J=0 TO M-1 
280 SUM4 = SUM4 + X(J )*Y(J ) 
290 NEXT J 
300 NUM=M*SUM4 - SUM*SUMl 
310 DEN=(M*SUM2-SUM<^2)*(M*SUM3-SUM1«2) 
320 C0RR=NUM/DEN®.5 ,̂ 
330 PRINT "THE CORRELATION BETWEEN THE ARRAYS IS ;OORR 
340 END 
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PROGRAM : SMOO.BAS 

DESCRIPTION : This program smoothes a histogram using mean 

filtering with 3 points. 
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10 REM********** 
20 REM THIS ROUTINE USES 3 POINT MEAN SMOOTHING 
on p p M * * * * * * * * * * 

40 DIM X(600) ,M(9) ,Y(600) 
50 SY=0 
60 PRINT " I n p u t t h e f i l e t h a t needs smoothing":INPUT F$ 
70 OPEN F$ FOR INPUT AS #1 
80 INPUT #1,N 
90 FOR J=l ID N 
100 INPUT #1 ,D ,X(J ) 
110 NEXT J 
120 ST=0:FI=0 
130 FDR*J=3 ID N-2 
140 IF STOO THEN GOTO 160 
150 IF X(J-2)=0 AND X ( J - 1 ) = 0 AND X(J)<>0 THEN ST=J-1 
160 IF FIOO THEN GOTO 180 
170 IF X(N-J)=0 AND X(N-J-1)=0 AND X(N-J-2)<>0 THEN FI=N-J-1 
180 IF STOO AND F I O O THEN GOID 200 
190 NEXT J 
200 IF ST=0 THEN ST=5: IF FI=0 THEN FI=N-5 
210 PRINI ST,FI 
220 CLOSE #1 
230 PRINT "HOW MANY PASSES WOULD YOU LIKE":INPUT PAS 
240 LP=0 
250 REM********** 
260 REM THIS IS MEAN FILTERING 
270 REM********** 
280 FOR J=l TO ST 
290 Y(J)=X(J) 
300 NEXT J 
310 FOR J=FI TO N 
320 Y(J)=X(J) 
330 NEXT J 
340 LP=LPfl 
350 PRINT "PASS NUMBER ";LP 
360 FC» J=ST+1 TO F I - 1 
370 Y(J) = ( X(J -1 )+X(J )+X(J+1) ) / 3 
380 NEXT J 
390 FOR J=l TO N 
400 X(J)=Y(J) 
410 NEXT J 
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420 IF LP<PAS THEN GOTO 280 
430 PRINT "Name smoothed file":INPUT V$ 
440 OPEN V$ FOR OUTPUT AS #1 
450 PRINT #1,N 
460 FOR J=l ID N 
470 PRINT #1,J,Y(J) 
480 NEXT J 
490 CLOSE #1 
500 END 
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PROGRAM : ACQ.ASM 

DESCRIPTION : This program digitizes 32K of values and 

stores the data in memory locations starting 

at 5000H 
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DLAY 
SAMP 
CSEG 
START 

LOAD: 

DLY: 

START 
CSEG 

EQU 
EQU 
SEGMENT 
PROC 
ASSUME 
PUSH 

* PUSH 
PUSH 
PUSH 
PUSH 
PUSH 
XOR 
XOR 
MOV 
MOV 
MOV 
MOV 
MOV 
MOV 
MOV 
OUT 
INC 
IN 
MOV 

DEC 
JNZ 
LOOP 
POP 
POP 
POP 
POP 
POP 
POP 
RET 
ENK> 
EMDS 
END 

2 
32768 

1 

FAR 
CSiCSEG 

BP 
AX 
BX 
C^ 
DX 
DS 
BX,BX 
AX,AX 
AX,4FFFH 
DS,AX 
DI ,0 
CX,SAMP 
EK,0200H 
AL,0 
BX,DLAY 
DX,AL 
DI 
AL,DX 
[DI],AL 
BX 
DLY 
LOAD 
DS 
DX 
CX 
BX 
AX 
BP 

START 

; T H I S PROGRAM I S USED I D TRANSFER EATA 
;FROM AN A/D CONVERTER TO THE MEMORY 
; 0 F A T . I . PROFESSIONAL COMPUTER. 
. * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * * 

; SETTING 2 DELAY LOOPS 
32K VALUES TO BE S T O ^ D 
; I N I T I A L I Z E CODE SEGMENT 

;SAVE REGISTERS 

;CLEAR BX REGISTER 
;CLEAR AX REGISTER 

POINT DATA SEG. I D 4FFF 
SET DEST. INDEX TO 0 
LOAD SAMPLE SIZE TO CX REG. 
SET ADDRESS OF A/D CONV. 
CLEAR AL 

START CONVERSION 
INCREMENT MEMORY 
LOAD DKTA IN AL REGISTER 
STORE DATA IN MEMORY 
DELAY LOOP 

;CONTINUE SAMPLING 
; RESET REGISTERS FOR BASIC 

A> 
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PROGRAM : NOISE.BAS 

DESCRIPTION : This program loads the assembly language 

program ACQ.ASM and forms files from data 

stored in memory locations. 
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10 REM*********** 
20 REM THIS I S IHE SAMPLING ROUTINE TO STORE DATA 
30 REM*********** 
40 PRINT "This is the data acquisition program for SIGNAL DEPENDENT" 
50 PRINT "and BIAS DEPENDENT noise. Turn ON the power supply and" 
60 PRINT "press RETURN to continue.":INPUT D 
70 RRM ************* 
80 REM THIS ROUTINE CALLS THE ASSEMBLY LANGUAGE PROGRAM THAT STORES 
90 REM VALUES IN MEMORY IDCIATIONS SPECIFIIED. 
100 REM************* 
110 DEFINT I 
120 CLS^ 
130 DEF*SEG =&H4U00 
140 lOFF = 0 
150 BL0AD"ACQ.RUN",IOFF 
160 CALL lOFF 
170 REM*********** 
180 REM THIS ROUTINE STORES IHE DATA IN FILES SPECIFIED 
190 REM*********** 
200 BEEP 
210 LP=0 
220 PRINT "INPUT THEN NUMBER OF FILES":INPUT ANS 
230 DEF SEG =&H5000 
240 PRINT " STARTING POINT IN MEMORY ?": INPUT BEGN 
250 PRINT "NAME FILE":INPUT A$ 
260 LP=LP+1 
270 OPEN A$ FOR OUTPUT AS #1 
280 PRINT #1,5000 
290 FOR J= 1 TO 5000 
300 PRINT #1,J,PEEK(BEGN+J) 
310 NEXT J 
320 BEGN=BEGN+10000 
330 CLOSE #1 
340 IF LP<ANS THEN GOTO 250 
350 END 
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PROGRAM : AVG.BAS 

DESCRIPTION This program averages five histogram files and 

places the result in an answer file. 
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10 REM********** 
20 REM THIS FILE AVERAGES 5 FILES ID GIVE RESULT 
30 RRM ********** 
40 PRINT "NAME 1ST FILE":INPUT FA$ 
50 OPEN FA$ FOR INPUT AS #1 
60 INPUT #1,N 
70 PRINT "NAME 2ND FILE":INPUT FB$ 
80 OPEN FB$ FOR INPUT AS #2 
90 INPUT #2,N 
100 PRINT "NAME 3RD FILE":INPUT PC$ 
110 OPEN FC$ FOR INPUT AS #3 
120 INPUT #3,N 
130 PRINT "NAME 4TH FILE":INPUT FD$ 
140 OPEN FD$ FOR INPUT AS #4 
150 INPUT #4,N 
160 PRINT "NAME 5TH FILE":INPUT FE$ 
170 OPEN FE$ FOR INPUT AS #5 
180 INPUT #5,N 
190 PRINT "NAME OUTPUT FILE":INPUT F$ 
200 OPEN F$ FOR OUTPUT AS #6 
210 PRINT #6,N 
220 FOR J=l TO N 
230 INPUT #1,D,V1 
240 INPUT #2,D,V2 
250 INPUT #3,D,V3 
260 INPUT #4,D,V4 
270 INPUT #5,D,V5 
280 ANS=(Vl+V2+V3+V4+V5)/5 
290 PRINT #6,J,ANS 
300 NEXT J 
310 CLOSE #1 
320 CLOSE #2 
330 CLOSE #3 
340 CLOSE #4 
350 CLOSE #5 
360 CLOSE #6 
370 END 
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PROGRAM : NOR.BAS 

DESCRIPTION : This program normalizes a histogram 



1 1 2 

10 REM********** 
20 REM THIS ROUTINE NORMALIZES A FILE 
o n p{?M * * * * * * * * * * 

40 DIM X(6U0),M(9),Y(600) 
50 SY=0 
60 PRINT "Input the file that needs normalizing":INPUT F$ 
70 OPEN F$ FOR INPUT AS #1 
80 INPUT #1,N 
90 FCB J=l ID N 
100 INPUT #1,D,X(J) 
110 SY=SY+X(J) 
120 NEXT J 
130 CLOSE #1 
140 PRINT "Name normalized file": INPUT V$ 
150 OPEN V$ FOR OUTPUT AS #1 
160 PRINT #1,N 
170 FCR J=l TO N 
180 PRINT #1,J,X(J)/SY 
190 NEXT J 
200 CLOSE #1 
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PROGRAM : CHI.BAS 

DESCRIPTION This program calculates and prints out the 

test statistic T produced by comparing the 

actual file and simulation. 
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If ) p R M * * * * * * * * * * * 

20 REM THIS PROGRAM PRII>ITS OUT THE Q VALUE FOR CHI TEST 
•jrj -pRM * * * * * * * * * * * 

40 DIM R(600) ,1 (600) 
50 PRINT "INPUT THE NAME OF ACTUAL FILE":INPUT R$ 
60 OPEN R$ FCR INPUT AS #1 
70 INPUT #1,N 
80 FO^ J=l TO N 
90 INPUT #1,G,R(J) 
100 NEXT J 
110 CLOSE n 
120 PRINT "INPUT THE NAME OF IDEAL FILE":INPUT 1$ 
130 OPEN 1$ FOR INPUT AS îl 
140 INPUT #1,M 
150 IF MON THEN PRINT "ERROR" 
160 FOR J=l TO N 
170 INPUT #1,G,I(J) 
180 NEXT J 
190 CLOSE #1 
200 0=0 
210 FOR J=l TO N 
220 IF I(J)<4 THEN GOTO 240 
230 Q = 0 + ( ( R ( J ) - I ( J ) ) ® 2 ) / I ( J ) 
240 NEXT J 
250 PRINT Q 
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PROGRAM : FFT.BAS 

DESCRIPTION This program finds the Fast Fourier Transform 

(FFT) of a time file and stores an X-Y file 

and a magnitude file. 
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10 REM********** 
20 REM This section takes the FFT of a given 
30 REM batch of data 
40 REM********** 
50 DIM X(4096),Y(4096) 
60 PRINT "NAME P-ILE THAT NEEDS FOURIER TRANSFORMING": INPUT V$ 
70 OPEN V$ FOR INPUT AS #1 
80 INPUT #1,N 
90 FCR J = l TO N 
100 INPUT #1,M,X(J) 
110 Y(J)=0 
120 NEXT J 
130 CLOSE #1 
140 G=0 
150 G=Gfl 
160 T = 2 ' ^ 
170 IF T<N THEN GOTO 150 
180 IF T>N THEN PRINT "ERROR" 
190 IF T>N THEN END 
200 GOSUB 410 
210 REM********** 
220 REM T h i s s e c t i o n s t o r e s t h e FFT onto a d isk 
230 REM********** 
240 PRINT "NAME FILE WITH X AND Y COMPONENTS": INPUT XY$ 
250 PRINT "NAME FILE WITH PLOTTABLE FFT":INPUT P$ 
260 OPEN P$ FOR OUTPUT AS #1 
270 OPEN XY$ FCR OUTPUT AS #2 
280 PRINT #1,N 
290 PRINT #2,N 
300 FOR J=l TO N 
310 Z=SOR( X(J)^2+Y(J)02 ) 
320 PRINT #1,J,Z 
330 PRINT #2,X(J),Y(J) 
340 NEXT J 
350 CLOSE #1 
360 CLOSE #2 
370 END 
380 REM********** 
390 REM This subroutine finds the FFT of the data in X(J) 
400 REM********** 
410 P=8*ATN(1)/N 
420 FOR I>0 TO G-1 
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430 G1=2^(G-L-1) 
440 M=0 
450 FOR 1=1 TO 2^L 
460 K1=INT(M/G1) 
470 GOSUB 740 
480 Y1=C0S(P*K2) 
490 Y2=-SIN(P*K2) 
500 FOR J = l TO Gl 
510 Y3=X(M-»-Gl+l)*Yl-Y(M+Gl+l)*Y2 
520 Y4=X(M+Gl+l)*Y2+Y(M+Gl-fl)*Yl 
530 X(M+G1+1)=X(M+1)-Y3 
540 Y(M+G1+1)=Y(M+1)-Y4 
550 X(M+1)=X(M+1)+Y3 
560 Y(M+1)=Y(M+1)+Y4 
570 M=M+1 
580 NEXT J 
590 M=M+G1 
600 NEXT I 
610 NEXT L 
620 FOR 1=0 TO N-l 
630 K1=I 
640 GOSUB 740 
650 IF K2 >= I THEN 720 
660 K3=X(I+1) 
670 X(I+1)=X(K2+1) 
680 X(K2+1)=K3 
690 K3=Y(I+1) 
700 Y(I+1)=Y(K2+1) 
710 Y(K2+1)=K3 
720 NEXT I 
730 GOTO 820 
740 K2=0 
750 FOR K=l TO G 
760 K3=Kl-2*INT(Kl/2) 
770 Kl=INT(Kl/2) 
780 IF K3=0 THEN 800 
790 K2=K2+2^(G-K) 
800 NEXT K 
810 RETURN 
820 RETURN 
830 END 
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PROGRAM : IFFT.BAS 

DESCRIPTION : This program finds the Inverse Fast Fourier 

Transform (IFFT) of an X-Y file and stores the 

result in a time file 
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10 REM********** 
20 REM This section takes the IFFT of a given 
30 REM batch of data 
40 REM********** 
50 DIM X(4096),Y(4096) 
60 PRINT "NAME FILE TO IFFT":INPUT V$ 
70 OPEN V$ FOR INPUT AS #1 
80 INPUT #1,N 
90 FOR J=l TO N 
100 INPUT #1,X(J),Y(J) 
110 Y(J)=-Y(J) 
120 NEXT J 
130 CLOSE #1 
140 G=0 
150 G=Gfl 
160 1̂ 2*̂ 0 
170 IF T<N THEN GOTO 150 
180 IF T>N THEN PRINT "ERROR" 
190 IF T>N THEN END 
200 GOSUB 360 
210 REM********** 
220 REM This section stores the IFFT onto a disk 
230 REM********** 
240 PRINT "NAME FILE TO STORE TIME VALUES":INPUT P$ 
250 OPEN P$ FCR OUTPUT AS #1 
260 PRINT #1,N 
270 FOR J = l TO N 
280 Z=SQR( X(J)<^2+Y(J)'^2 )/N 
290 PRINT # 1 , J , Z 
300 NEXT J 
310 CLOSE #1 
320 END 
330 REM********** 
340 REM T h i s s u b r o u t i n e f i n d s t h e IFFT of the da ta in X( J ) ,Y( J ) 
350 REM********** 
360 P=8*ATN(1)/N 
370 FOR D=0 TO G-1 
380 G1=2<0(G-L-1) 
390 M=0 
400 FOR 1=1 TO 2*̂ L 
410 K1=INT(M/G1) 
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420 
430 
440 
450 
460 
470 
480 
490 
500 
510 
520 
530 
540 
550 
560 
570 
580 
590 
600 
610 
620 
630 
640 
650 
660 
670 
680 
690 
700 
710 
720 
730 
740 
750 
760 
770 
780 

GOSUB 690 
Y1=C0S(P*K2) 
Y2=-SIN(P*K2) 
FOR J = l TO Gl 

Y3=X(M+G1+1) *Y1-Y(M+G1+1) *Y2 
Y4=X(M+G1+1)*Y2+Y(M+G1+1)*Y1 
X(M+G1+1)=X(M+1)-Y3 
Y(M+G1+1)=Y(M+1)-Y4 
X(M+1)=X(M+1)+Y3 
Y(M+1)=Y(M+1)+Y4 
M=M+1 

NEXT J 
M=M+G1 

NEXT I 
NEXT L 
FCR 1=0 TO N- l 

K1=I 
GOSUB 690 
IF K2 >= I THEN 670 
K3=X(I+1) 
X(I+1)=X(K2+1) 
X(K2+1)=K3 
K3=Y(I+1) 
Y(I+1)=Y(K2+1) 
Y(K2+1)=K3 

NEXT I 
GOTO 770 
K2=0 
FOR K=l TO G 

K3=Kl-2*INT(Kl/2) 
Kl=INT(Kl/2) 
I F K3=0 THEN 750 
K2=K2+2^(G-K) 

NEXT K 
RETURN 
RETURN 
END 
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PROGRAM : HOM.BAS 

DESCRIPTION T h i s p r o g r a m p e r f o r m s t h e homomorphic 

f i l t e r i n g p r o c e s s be tween two f r e q u e n c y f i l e s 

a n d p l a c e s t h e r e s u l t i n a n o t h e r f r e q u e n c y 

f i l e . 
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10 REM*************** 
20 REM THIS PRCX5RAM PERFORMS HOMOMCRPHIC FILTERING 
30 REM*************** 
40" DIM NMR(600),NMI(600),DNR(600),DNI{600) 
50 PRINT "Input the name of multiplicative file" 
60 INPUT N$ 
70 OPEN N$ FOR INPUT AS #1 
80 INPUT #1,N 
90 MAG=0 
100 FCH J=l TO N 
110 INPUT #1,NMR(J),NMI(J) 
120 MAG= NMR(J)«2+NMI(J)®2 
130 IF MAGOO THEN GOTO 160 
140 NMR(J) = (NMR(J-l)+NMR(J+l))/2 
150 NMI(J)=(NMI(J-l)+NMI(J+l))/2 
160 NEXT J 
170 CLOSE #1 
180 PRINT "Input the name of file to subtract" 
190 INPUT D$ 
200 OPEN D$ FOR INPUT AS #1 
210 INPUT #1,N 
220 MAG=0 
230 FCK J=l TO N 
240 INPUT #1,DNR(J),DNI(J) 
250 MAG= DNR(J)©2+DNI(J)^2 
260 IF MAGOO THEN GOTO 290 
270 DNR(J) = (DNR(J-l)+DNR(J+l))/2 
280 DNI(J)=(DNI(J-l)+DNI(J+l))/2 
290 NEXT J 
300 CLOSE #1 
310 SCL=(DNR(1)«2+CNI(1)'^2)^.5 
320 PRINT"Input the name of X-Y answer file" 
330 INPUT AXY$ 
340 PRINT"Input the name of plot table answer file" 
350 INPUT AP$ 
360 OPEN AXY$ FOR OUTPUT AS #1 
370 OPEN AP$ FCR OUTPUT AS #2 
380 PRINT #1,N 
390 PRINT #2,N 
400 FOR J = l TO N 
410 IF NMR(J)=0 THEN GOTO 450 



1 2 3 

420 AN=ATN( NMI(J)/NMR(J) ) 
430 IF NMR(J)<0 THEN AN=AN+3.141 
440 GOTO 480 
450 IF NMI(J)>0 THEN AN=3.141/2 
460 IF NMI(J)=0 THEN AN=0 
470 IF NMKJXO THEN AN=-3.141/2 
480 IF DNR(J)=U THEN GOTO 520 
490 AE>=ATN( ENI(J)/DNR(J) ) 
500 IF DNR(J)<0 THEN AD=ADf3.141 
510 GOTO 550 
520 IF DNI(J)>0 THEN AD=3.141 
530 IF DNI(J)=0 THEN Ar>=0 
540 IF DNKJXO THEN AD=-3.141 
550 AI=AN-AD 
560 MN=(NMI(J)*^2+NMR(J)^2)'^.5 
570 MD=(DNI(J)©2+DNR(J)©2)©.5 
580 AR=LOG(MN)-LOG(MD) 
590 X=SCL*EXP(AR)*COS(AI) :Y=SCL*EXP(AR)*SIN(AI) 
600 M=(X'^2+Y©2)©.5 
610 PRINT #1,X,Y 
620 PRINT #2,J ,M 
630 NEXT J 
640 CLOSE #2 
650 CLOSE #1 
660 END 
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