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To perform random signal processing operations and implement in simulation
tool.

To analyze the frequency response of filters using signal processing method
To detect signal in the presence of noise using optimum filter

To estimate and implement the power spectral density of random process

To design and implement the adaptive filters for nonstationary signals

To demonstrate and verify the upsampling and down sampling of signals

LIST OF EXPERIMENTS (Using Simulation Tool)

1|Page

1 Generate the auto correlation sequence of random sequence for Gaussian noise
and uniform white noise (N=100 samples).

2 Generate an autoregressive, moving average and autoregressive moving average
process of unit variance white Gaussian noise (N=100 samples).

3 Design a linear phase low pass filter having a cut-off frequency of n/2 using Pade
approximation method and Prony’s method.

4 Design of LPC filter using Levinson-Durbin algorithm.

5 Design a FIR Wiener filter to extract a desired signal from the noise

corrupted signal.

6 Estimation the PSD of a noisy signal using periodogram and modified
periodogram.

7 Estimation of power spectrum of the given random sequence using Nonparametric
methods (Bartlett, Welch and Blackman Tukey).

8 Estimation of power spectrum of the given random sequence using parametric
methods (AR, MA and ARMA).

9 Design an adaptive filter to extract a desired signal from the given noisy signal by
cancelling the noise using LMS Algorithm.

10 Design an adaptive filter to extract a desired signal from the given noisy signal by
cancelling the noise using RLS Algorithm.

11 Upsampling the discrete time sequence by L times and plot the spectrum of both
the given sequence and upsampled sequence.

12 Down sampling the discrete time sequence by M times and plot the spectrum of

both the given sequence and down sampled sequence.
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On completion of the course, the student will be able to

Generate Random sequences and analyzed with processes using simulation tool

Design and analyze the frequency response of filters for the given specification

using signal processing method

Detect signal in the presence of noise using optimum filter

Estimate power spectrum of the given random sequence using

parametric/nonparametric estimation methods

Implement adaptive filters using LMS/RLS algorithm

Demonstrate the discrete time systems at various sampling rates

COURSE OUTCOMES - PROGRAM OUTCOMES MATRIX

Course Outcomes (COs)

Program Outcomes (POs)

1 2 3 4 5 6
CU3166.1 1 - 2 3 - ]
CU3166.2 2 - 3 3 1 -
CU3166.3 2 - 3 3 2 .
CU3166.4 2 - 3 3 1 -
CU3166.5 3 - 3 3 2 2
CU3166.6 3 - 3 3 2 2
Average 2.1 - 2.8 3.0 16 | 20




1. Generation of Autocorrelation Sequence for Random Sequences

AIM

To generate and analyze the autocorrelation sequence of Gaussian and uniform white-noise random sequences
using MATLAB.

APPARATUS / SOFTWARE REQUIRED

Computer with MATLAB and Signal Processing Toolbox; random sequence data; plotting facilities.

THEORY / PROCEDURE

Generate the required random sequence, calculate its autocorrelation, and plot the resulting sequence for
analysis.

MATLAB PROGRAM

1. Generate the auto correl ation sequence of random sequence for Gaussian noi se and
uni form white noi se (N=100 sanpl es).

Par aneters
N = 100; % Nunber of sanpl es
e randn(N, 1); % Unit variance white Gaussi an noi se

%l. Autoregressive (AR) process

Exanmple: AR(1): x(n) = 0.75*x(n-1) + e(n)

ar_coeff =1[1 -0.75]; % AR pol ynom al (1 - 0.75z"-1)
ma_coeff = 1, % No MA part

x_ar = filter(ma_coeff, ar_coeff, e);

%2. Moving Average (MA) process

Exanmple: MA(1): x(n) = e(n) + 0.65*e(n-1)

ar_coeff = 1; % No AR part

ma_coeff = [1 0.65]; % MA polynom al (1 + 0.65z"-1)
x_ma = filter(ma_coeff, ar_coeff, e);

98. Autoregressive Mving Average (ARMA) process

Exanmpl e: ARVMA(1,1): x(n) = 0.6*x(n-1) + e(n) + 0.5%*e(n-1)
ar_coeff =[1 -0.6]; % AR part

ma_coeff = [1 0.5]; % MA part

x_arma = filter(ma_coeff, ar_coeff, e);

9%l ot results

figure;

subpl ot (3,1,1);

plot(x_ar, "b"); grid on;

title(' Autoregressive Process (AR(1))');

subpl ot (3,1, 2);
plot(x_ma, 'r'); grid on;
title(' Moving Average Process (MA(1))');

subpl ot (3,1, 3);

plot(x_arma, "k'); grid on;
title(' Autoregressive Mving Average Process (ARVA(L,1))');

RESULT

The autocorrelation sequences of the generated random processes were obtained and plotted, demonstrating the
correlation characteristics of the sequences.



2. Generation of AR, MA and ARMA Processes

AIM

To generate Autoregressive (AR), Moving Average (MA), and Autoregressive Moving Average (ARMA) processes
using unit-variance white Gaussian noise.

APPARATUS / SOFTWARE REQUIRED

Computer with MATLAB; Signal Processing Toolbox; unit-variance white Gaussian noise sequence.

THEORY / PROCEDURE

Generate unit-variance white Gaussian noise. Implement AR(1), MA(1), and ARMA(1,1) models using the
specified coefficients, then plot their outputs.

MATLAB PROGRAM

2. Generate an autoregressive, noving average and autoregressive noving average process
of unit variance white Gaussi an noi se (N=100 sanpl es).

% ar anet er s
N = 100; % Nunber of sanpl es
e randn(N, 1); % Unit variance white Gaussi an noi se

%l. Autoregressive (AR) process

Exanmple: AR(1): x(n) = 0.75*x(n-1) + e(n)

ar_coeff =1[1 -0.75]; % AR pol ynom al (1 - 0.75z"-1)
ma_coeff = 1, % No MA part

x_ar = filter(ma_coeff, ar_coeff, e);

%2. Moving Average (MA) process

Exanmple: MA(1): x(n) = e(n) + 0.65*e(n-1)

ar_coeff = 1; % No AR part

ma_coeff = [1 0.65]; % MA polynom al (1 + 0.65z"-1)
x_ma = filter(ma_coeff, ar_coeff, e);

98. Autoregressive Mving Average (ARMA) process

Exanmpl e: ARVMA(1,1): x(n) = 0.6*x(n-1) + e(n) + 0.5%*e(n-1)
ar_coeff =[1 -0.6]; % AR part

ma_coeff = [1 0.5]; % MA part

x_arma = filter(ma_coeff, ar_coeff, e);

9%l ot results

figure;

subpl ot (3,1,1);

plot(x_ar, "b"); grid on;

title(' Autoregressive Process (AR(1))');

subpl ot (3,1, 2);

plot(x_ma, 'r'); grid on;

title(' Moving Average Process (MA(1))');
subpl ot (3,1, 3);

plot(x_arma, "k'); grid on;
title(' Autoregressive Mving Average Process (ARVA(L,1))');

RESULT

The AR(1), MA(1), and ARMA(1,1) processes were generated successfully and their waveforms were plotted.



3. Design of Linear-Phase Low-Pass Filter using Prony and Padé-Style
Approximation

AIM

To design a linear-phase low-pass filter with cut-off frequency /2 and compare Prony and Padé-style (invfreqz)
IIR approximations.

APPARATUS / SOFTWARE REQUIRED

Computer with MATLAB; Signal Processing Toolbox; filter-design functions; plotting facilities.

THEORY / PROCEDURE

Set the cut-off frequency to W2 and form a length-101 linear-phase FIR response using a windowed sinc. Obtain
Prony and invfregz rational approximations, then compare magnitude, phase, impulse response, and pole-zero
plots.

MATLAB PROGRAM

3. Design a linear phase |low pass filter having a cut-off frequency of 12 using Pade
appr oxi mati on nmethod and Prony’s nethod.

clear; close all; clc;

% Par anmet er s

we = pi/2; % cut of f frequency

L = 101, %1 ength of the desired FIR (odd -> exact symetric |inear phase)
M = (L-1)/2; % | inear phase delay (sanples)

n = 0:L-1;

% | deal (ideal sinc) linear-phase inpulse response (tine-shifted)
hd = zeros(1,L);

for k = 1L:L
m=k-1- M
if m==
hd(k) = we/pi;
el se
hd(k) = sin(we*m/(pi*m;
end
end

% Apply a wi ndow (Hanmm ng) to reduce truncation ripples (keeps |linear phase)
w = hanmm ng(L)";
h_fir = hd .* w

% Nor mal i ze passband gain (optional)
h_fir = h_fir / sum(h_fir); % nmakes DC gain = 1 (approx)

% Frequency grid
nfft = 2048;
[Hfir, wgrid] = freqz(h_fir,1,nfft);

% Met hod 1: Prony's nethod

%Fit an IR (b(z)/a(z)) to the desired inpul se response sanpl es

% choose nodel orders (try different values; higher -> better magnitude fit)
nb = 8; % nuner at or order

na = 8; % denom nat or order

% MA TLAB has prony() in Signal Processing Tool box
[b_prony, a_prony] = prony(h_fir, nb, na);

[H prony, ~] = freqz(b_prony, a_prony,nfft);

%vet hod 2: "Pade-style" rational approximation using invfreqz

%invfregz fits IIRto a desired frequency response (least-squares over freq)
% Treat invfreqz result as a Pade-like rational approximtion.

% Sanpl e desired frequency response fromthe FIR (magni tude & phase)
Hd_desired = H fir; % conpl ex desired values on wgrid

%Fit |IR using invfreqz

% Note: invfreqz requires the Signal Processing Tool box

[b_inv, a_inv] = invfreqz(Hd_desired,wgrid,nb,na); %nb, na as above

[Hinv, ~] = freqz(b_inv,a_inv,nfft);
% Conpute and plot results

figure(' Nane',' Magni tude responses',' NunberTitle', ' off',"Units', ' nornalized ,'Position',6 [0.05
0.05 0.9 0.8]);



subplot(2,2,1);
pl ot (wgri d/ pi, 20*1 og10(abs(H fir)+eps),' LineWdth',1.5); hold on;

pl ot (wgri d/ pi , 20*1 og10(abs(H _prony) +eps),'--"',"'LineWdth', 1.2);
pl ot (wgri d/ pi, 20*1 og10(abs(H_i nv) +eps),"':"',"' LineWdth', 1.2);
grid on;

x| abel (* Nornmal i zed frequency \onmega/\pi'); ylabel (' Magnitude (dB)');
title(' Magnitude response (FIR ideal vs Prony IR vs invfreqz IIR");
| egend(' Li near - phase FIR (w ndowed-sinc)','Prony IIR ,"invfreqz (Pade-
style)','Location','Best');

% Zoom passband and st opband vi ews

subpl ot (2, 2,2);

pl ot (wgrid/ pi,abs(H fir),'LineWdth',1.5); hold on;
pl ot (wgrid/pi,abs(H prony),'--','LineWdth',1.2);
pl ot (wgrid/pi,abs(H.inv),':","LineWdth', 1.2);
grid on; xlabel ('\onmega/\pi'); ylabel ('Mgnitude');
title(' Magnitude (linear scale)');

I egend(' FIR ,"Prony',"invfreqz','Location','Best');

% Phase responses

subpl ot (2, 2, 3);

pl ot (wgri d/ pi,unwap(angl e(H fir)),'Linewdth',1.5); hold on;

pl ot (wgri d/ pi , unwrap(angl e(H prony)),"'--","'LineWdth', 1.2);

pl ot (wgrid/pi,unwap(angle(H.inv)),':",'LineWdth', 1.2);

grid on; xlabel ("\onega/\pi'); ylabel ('Phase (rad)');

title(' Phase responses (unwrap)');

| egend(' FIR (linear phase)',"Prony IIR ,"invfreqz IIR,'Location','Best');

% | mpul se responses

subpl ot (2, 2, 4);

stem(0:L-1,h_fir, " filled ,' MarkerSize', 3); hold on;
% conpute | onger inpulse responses for IIRs
inmp_len = 120;

imp = [1, zeros(l,inp_len-1)];

h_prony_inp = filter(b_prony, a_prony,inp);

h_inv_inp = filter(b_inv,a_inv,inp);
stem(O:inp_len-1,h_prony_inp,'--',"Marker','none');
stem(O:inp_len-1,h_inv_inp,':"," Marker','none');

grid on; xlabel('n"); ylabel ("h[n]");
title(' I mpul se responses (FIR true |inear-phase vs ||R approximations)');
| egend(' FIR (wi ndowed-sinc)',"Prony IIR ,"invfreqz IR ,'Location','Best');

% Display coefficients and pol es/ zeros
fprintf('\n=== FIR (linear-phase) summary ===\nLength L = %, |inear phase delay M= % 1f
sanples\n', L, M;

fprintf('\n=== Prony IIR (nb=%, na=%l) coefficients ===\n', nb, na);
disp('b_prony ="); disp(b_prony(:)');

disp('a_prony ="); disp(a_prony(:)');

fprintf('\nPoles of Prony IR \n"); disp(roots(a_prony)');
fprintf('Zeros of Prony IIR\n"); disp(roots(b_prony)');

fprintf('\n===invfreqz IIR (Pade-style) (nb=%l, na=%l) coefficients ===\n', nb, na);
disp('b_inv ="); disp(b_inv(:)");
disp('a_inv ='); disp(a_inv(:)");

fprintf('\nPoles of invfregz IIR\n"); disp(roots(a_inv)"');
fprintf('Zeros of invfreqz IR \n"); disp(roots(b_inv)");

% Optional: plot pole-zero maps

figure(' Nane',' Pol e-Zero Maps', ' NunberTitle', " off',"Units', ' normalized ,'Position ,[0.15 0.1 0.7
0.6]);

subpl ot (1,2,1);

zpl ane(b_prony, a_prony); title('Prony IIR P-Z map');

subpl ot (1, 2, 2);

zplane(b_inv,a_inv); title('invfreqgz (Pade-style) P-Z map');

% End of script
RESULT

The linear-phase FIR response and the Prony and invfreqz approximations were obtained. Magnitude, phase,
impulse-response, and pole-zero characteristics were plotted for comparison.



4. Design of LPC Filter using Levinson-Durbin Algorithm

AlIM

To design an LPC filter using the Levinson-Durbin algorithm and obtain its frequency response.

APPARATUS / SOFTWARE REQUIRED
Computer with MATLAB; speech-like signal; Signal Processing Toolbox.

THEORY / PROCEDURE

Generate a 50-ms speech-like signal at 8 kHz, compute its autocorrelation, apply Levinson-Durbin recursion for
order 10, and plot the signal, autocorrelation, filter response, and pole-zero map.

MATLAB PROGRAM

4. Design of LPC filter using Levinson-Durbin algorithm

clear; close all; clc;

Step 1: Generate or |oad a speech-1ike signal

fs = 8000; % Sanpl i ng frequency

0:1/fs:0.05; % 50 s signal

sin(2*pi *200*t) + 0.5*sin(2*pi *400*t); % Synthetic vowel -1ike tone
X + 0.05*randn(size(x)); % Add smal | noi se

t
X
X

Step 2: LPC order
p = 10; % Order of LPC (usually 8-16 for speech)

Step 3: Conpute autocorrel ati on sequence
r xcorr(x, p, 'biased);
r r(p+1l: end); % Keep only non-negative lags (r[0] ... r[p])

Step 4: Levinson-Durbin recursion
[a, e] = levinson(r, p);

% Not e:
% a = LPC coefficients, including a(1) =1
% e = prediction error (residual power)

Step 5: Display LPC coefficients
di sp(' LPC Coefficients (a):');
disp(a);
fprintf('Prediction error (residual energy): %\n', e);
LPC Coefficients (a):
Colums 1 through 7

1.0000 -1.2075 -0.2965 0.2474 0.2844 0.1790 -0.0303
Col ums 8 through 11
-0.0585 -0.0553 -0.1011 0. 0867
Prediction error (residual energy): 0.007091

Step 6: Frequency response of LPC filter
[H W = freqz(1l, a, 512, fs);

Step 7: Plot results
figure(' Nane','LPC Filter Design using Levinson-Durbin',  NunberTitle', ' off');

subplot(3,1,1);

plot(t, x, 'LineWdth',1.2);

x|l abel (" Time (s)'); ylabel (' Anplitude');
title('Input Signal (Speech-like)');
grid on;

subpl ot (3,1, 2);

stem(O:p, r, 'filled);

x| abel (' Lag'); ylabel (' Autocorrelation');
title(' Autocorrel ation Sequence r(Kk)');
grid on;

subpl ot (3,1, 3);

pl ot (w, 20*1 0gl0(abs(H)), 'LineWdth',6 1.5);

x| abel (* Frequency (Hz)'); ylabel (' Magni tude (dB)');
title(sprintf('LPC Filter (Order = %) Frequency Response', p));
grid on;

Step 8: Pol e-Zero Pl ot



figure('Nane','LPC Filter Poles and Zeros',' NunberTitle', 'off');
zpl ane(1, a);
title(' Pole-Zero Plot of LPC Filter');

% END OF SCRI PT

RESULT

The LPC coefficients and prediction error were obtained. The frequency response and pole-zero plot of the LPC
filter were generated.



5. Design of FIR Wiener Filter for Signal Extraction

AlIM

To design an FIR Wiener filter to extract a desired signal from a noise-corrupted signal.

APPARATUS / SOFTWARE REQUIRED

Computer with MATLAB; desired signal; additive white Gaussian noise; Signal Processing Toolbox.

THEORY / PROCEDURE

Generate the desired signal and noisy observation, estimate autocorrelation and cross-correlation sequences,
form the Wiener-Hopf equations, solve for optimum FIR coefficients, filter the input, calculate MSE, and plot the
results.

MATLAB PROGRAM

5. Design a FIR Wener filter to extract a desired signal fromthe noise corrupted signal.

clear; close all; clc;

Step 1: Generate the desired (clean) signal

fs = 1000; % Sanpl i ng frequency (Hz)

0:1/fs:1; % Time vector (1 second duration)
sin(2*pi *100*t) + 0.5*sin(2*pi *200*t); % Desired cl ean signal

t
d
Step 2: Add noise to create noi sy observation

noi se = 0.5*randn(size(t)); % Addi tive white Gaussi an noise

x = d + noise; % Noi sy signal (observation)

Step 3: Specify FIR Wener filter order
M= 20; % Nunber of filter coefficients

Step 4: Estimate correl ati on sequences

rxx = xcorr(x, M 'biased); % Aut ocorrel ati on of input

rxx = rxx(Ml: end); % Keep non-negative lags (rxx[0: M)

rdx = xcorr(d, x, M 'biased); % Cross-correlation between desired and i nput
rdx = rdx(Mtl: end); % Keep non-negative lags (rdx[0: M)

Step 5: Form W ener - Hopf equations and solve for w_opt

Rxx = toeplitz(rxx(1:M); % Aut ocorrel ation matrix
p=rdx(1:M"; % Cross-correl ati on vector
w_opt = Rxx \ p; % Optimal Wener filter coefficients

disp(' Optimal Wener Filter Coefficients:"');
di sp(w_opt');
Optimal Wener Filter Coefficients:

Colums 1 through 7

0. 1850 0.1171 -0.0365 -0.1133 -0.0591 -0.0083 -0. 0506
Col utms 8 through 14
-0.1000 -0. 0408 0.1106 0.1788 0. 0905 -0. 0449 -0. 0855
Col utmms 15 through 20
-0.0243 0. 0096 -0.0499 -0.0958 -0.0287 0. 0946

Step 6: Filter the noisy input signal
y = filter(w_opt, 1, x); % Qut put of Wener filter

Step 7: Conpute performance

error =d - vy; % Estimation error
MSE = nean(error.”2); % Mean Square Error
fprintf('\nMean Square Error (MSE): % 6f\n', MSE);
Mean Square Error (MSE): 0.046856

Step 8: Plot results
figure('Nane',' FIR Wener Filter Results', ' NunberTitle', ' off', " Position',[100 100 900 600]);

subplot(3,1,1);

plot(t, d, 'LineWdth',1.2);

xl abel (" Time (s)'); ylabel (" Anplitude');
title('Desired Signal d[n]');

grid on;

subpl ot (3,1, 2);



plot(t, x, "r', "LineWdth',1.0);

x| abel (* Tine (s)'); ylabel (" Anplitude');
title(' Noisy Signal x[n]');

grid on;

subpl ot (3,1, 3);

plot(t, y, '"g", '"LineWdth',1.2); hold on;

plot(t, d, "k--', '"LineWdth',1.0);

x|l abel (' Tine (s)'); ylabel (' Anplitude');

title('Wener Filter Qutput y[n] vs Desired Signal d[n]');
| egend(' Wener Qutput','Desired Signal','Location','best');
grid on;

Step 9: Frequency response of Wener filter

[H W = freqz(w.opt, 1, 512, fs);

figure(' Nane',' Wener Filter Frequency Response','NunberTitle',6'off');
pl ot (w, 20*1 0ogl0(abs(H)),'LineWdth',6 1.5);

x| abel (* Frequency (Hz)');

yl abel (' Magni tude (dB)');

title(' Magnitude Response of FIR Wener Filter');

grid on;

% END OF SCRI PT

RESULT

The optimum Wiener filter coefficients were obtained and the noisy signal was filtered successfully. The reported
mean-square error was 0.046856.



6. PSD Estimation using Periodogram and Modified Periodogram

AlIM

To estimate the power spectral density (PSD) of a noisy signal using the periodogram and modified periodogram
methods.

APPARATUS / SOFTWARE REQUIRED

Computer with MATLAB; noisy sinusoidal signal; rectangular and Hamming windows.

THEORY / PROCEDURE

Generate a 100-Hz sinusoid corrupted by white Gaussian noise. Estimate PSD using a rectangular-window
periodogram and a Hamming-window modified periodogram, then compare the spectra.

MATLAB PROGRAM

6. Estimation the PSD of a noisy signal using periodogram and nodified peri odogram

clear; close all; clc;

Step 1: Generate noisy signal

fs = 1000; % Sanpl i ng frequency (Hz)
N = 1024; % Nunber of sanpl es

n = 0:N1; % Ti me i ndex

% Cl ean sinusoi dal signal

f1 = 100; % Frequency of signal (Hz)

x_clean = sin(2*pi*f1*n/fs);
% Addi tive white Gaussian noise
noise = 0.5 * randn(size(x_clean));

% Noi sy si gnal
X = x_cl ean + noi se;

Step 2: Conpute Periodogram (rectangul ar w ndow)

X = fft(x);

Pxx_periodogram = (1/(fs*N)) * abs(X).”"2; % Peri odogram estimate
Pxx_peri odogram = Pxx_peri odogran{1l: N 2); % One- si ded PSD

f = (0:N2-1)*(fs/N; % Frequency axis

Step 3: Conpute Modified Periodogram (using Hanmm ng w ndow)

w = hamm ng(N)'; % W ndow function

XW = X .* W, % Apply wi ndow

U= (1/N) * sum(w. "2); % Nor mal i zati on factor

Xw = fft(xw, N);
Pxx_nodified = (1/(fs*N<U)) * abs(Xw).”"2; % Modi fi ed peri odogram
Pxx_nodi fi ed Pxx_nodi fied(1: N 2);

Step 4: Plot PSD estimates
figure(' Nane',' PSD Estinmation', ' NunberTitle', " off'," Position',[100 100 900 600]);

subplot(2,1,1);

pl ot (f, 10*l1 0oglO(Pxx_periodogran), 'b', 'LineWdth',6 1.5);

x| abel (' Frequency (Hz)'); ylabel (' Power/Frequency (dB/ Hz)');
title(' PSD Estinate using Periodogram (Rectangul ar W ndow)');
grid on;

subpl ot (2,1, 2);

plot(f, 10*1 0oglO(Pxx_nodified), 'r', 'LineWdth',6 1.5);

x| abel (' Frequency (Hz)'); ylabel (' Power/Frequency (dB/ Hz)');
title(' PSD Estinmate using Mdified Periodogram (Hammi ng W ndow)');
grid on;

Step 5: Conpare both estimates on one plot

figure(' Nane',' Conparison: Periodogramvs Modified Periodogram , ' NunberTitle', 'off');

pl ot (f, 10*1 0oglO(Pxx_periodogran), 'b--', 'LineWdth', 1.2); hold on;

plot(f, 10*10gl0(Pxx_nodified), 'r', 'LineWwdth', 1.5);

x| abel (' Frequency (Hz)'); ylabel (' Power/Frequency (dB/ Hz)');

title(' Conparison of Periodogram and Modified Periodogram);

| egend(' Peri odogram (Rectangul ar)', 'Mdified Periodogram (Hanm ng)', 'Location', 'Best');
grid on;

% END OF SCRI PT
RESULT

PSD estimates were obtained using both methods and their spectra were plotted and compared.



7. Power Spectrum Estimation using Nonparametric Methods

AlIM

To estimate the power spectrum of a random sequence using Bartlett, Welch, and Blackman-Tukey methods.

APPARATUS / SOFTWARE REQUIRED

Computer with MATLAB; random sequence; Hamming and Blackman windows; Signal Processing Toolbox.

THEORY / PROCEDURE

Generate a random sequence and estimate its spectrum using Bartlett segmentation, Welch's method with a
Hamming window, and Blackman-Tukey autocorrelation windowing. Plot all three estimates.

MATLAB PROGRAM

7. Estimation of power spectrum of the given random sequence using Nonparanetric
nmet hods (Bartlett, Welch and Bl ackman Tukey).

clear; clc; close all;

1. Generate / Load a Random Sequence

N = 1024;

X = randn(l, N); % Repl ace with your own sequence

2. Bartlett Method

L = 128; % Segnent | ength

K = floor(N/ L); % Nunber of segnents
Px_bartlett = 0;

for k = 1: K

xk = x((k-1)*L + 1 : k*L);
Xk = fft(xk, 1024);
Px_bartlett = Px_bartlett + (abs(Xk).”2) / L;

end
Px_bartlett = Px_bartlett / K
f = linspace(0, 1, 1024);

3. Welch Method

wi n = hanmm ng(L);

noverlap = L/2;

[Px_wel ch, f_w] = pwelch(x, win, noverlap, 1024, 1);

4. Bl ackman-Tukey Met hod

M = 100; % Maxi mum | ag

w = bl ackman(2* Mtl) ; % Bl ackman w ndow

r = xcorr(x, M 'biased); % Aut ocorrel ati on
r=r .* wW; % W ndow ng

Px_bt = abs(fft(r, 1024));

5. Plot Results

figure;

subpl ot (3,1, 1)

pl ot (f, 10*1 0oglO(Px_bartlett));

title('Bartlett Method');

x| abel (* Normal i zed Frequency'); ylabel (' Power (dB)');

subpl ot (3,1, 2)

pl ot (f_w, 10*I1 0gl0(Px_wel ch));

title(' Welch Method');

x| abel (' Normal i zed Frequency'); vyl abel (' Power (dB)');

subpl ot (3,1, 3)

pl ot (f, 10*1 0oglO(Px_bt));

title(' Bl ackman—-Tukey Method');

x| abel (* Normal i zed Frequency'); ylabel (' Power (dB)');

RESULT

The power spectra using Bartlett, Welch, and Blackman-Tukey methods were obtained and plotted for
comparison.



8. Power Spectrum Estimation using Parametric Methods

AlIM

To estimate the power spectrum of a random sequence using AR, MA, and ARMA parametric models.

APPARATUS / SOFTWARE REQUIRED

Computer with MATLAB; random sequence; Signal Processing Toolbox/System Identification functions.

THEORY / PROCEDURE

Generate a random sequence, estimate an AR model using Yule-Walker, construct an MA model, estimate an
ARMA model, and obtain their frequency-domain power spectra.

MATLAB PROGRAM

8. Estimation of power spectrum of the given random sequence using paranetric nethods
(AR, MA and ARMA).
clear; close all; clc;
1. Generate / Load Random Sequence

N = 1024;

x = randn(N, 1); % Repl ace with your own sequence (columm vector)
fs = 1; % Sanpl i ng frequency

nfft = 1024, % FFT resol ution

f = linspace(0, fs/2, nfft/2);

2. AR Spectrum (Y ul e-\Wal ker Met hod)

p = 10; % AR nodel order

[a_ar, e_ar] = aryule(x, p); % AR coefficients

H ar = freqz(sqgrt(e_ar), a_ar, nfft, fs);
PSD_AR = abs(H ar).”"2;
3. MA Spectrum (MA Model using ARVA(O, q))

g = 10; % MA or der

b_ma = randn(1, g+1); % Random MA coefficients (exanple)
a_m = 1, % No AR part

Hm = freqz(b_ma, a_ma, nfft, fs);

PSD_MA = abs(H_ma)."2;

4. ARMA Spectrum

p_arma = 4; % AR or der

g_arma = 4; % MA or der

% Create ARMA structure and estimate paraneters
nodel = armax(x, [p_arma g_arma]);

% Extract AR and MA coefficients

a_arma = nodel . A;

b_arma = nodel . C

H arma = freqz(b_arma, a_arma, nfft, fs);

PSD_ARMA = abs(H arma).”"2;

5. Plot Results

figure;

subpl ot (3,1, 1)

pl ot (f, 10*1 0gl0(PSD_AR(1:nfft/2)));
title(' AR Spectrum (Y ul e-Wal ker)');

x| abel (' Frequency'); vyl abel (' Power (dB)');

subpl ot (3,1, 2)

pl ot (f, 10*1 0ogl0(PSD MA(1l:nfft/2)));
title(' MA Spectruni);

x| abel (* Frequency'); vyl abel (' Power (dB)');

subpl ot (3,1, 3)
pl ot (f, 10*1 0ogl0(PSD_ARMA(1:nfft/2)));

title(' ARMA Spectruni);
x| abel (' Frequency'); vyl abel (' Power (dB)');

RESULT

The AR, MA, and ARMA power spectra were estimated and plotted for comparison.



9. Adaptive Noise Cancellation using LMS Algorithm

AlIM

To design an adaptive filter using the LMS algorithm for extracting a desired signal from a noisy signal by

cancelling correlated noise.

APPARATUS / SOFTWARE REQUIRED

Computer with MATLAB; desired signal; reference noise; adaptive FIR filter.

THEORY / PROCEDURE

Generate a desired sinusoid and correlated reference noise. Apply an LMS adaptive FIR filter with the specified
order and step size, update weights sample-by-sample, and plot the recovered signal and final weights.

MATLAB PROGRAM

9. Design an adaptive filter to extract a desired signal fromthe given noisy signal by
cancel ling the noise using LMS Al gorithm

| ear; close all; clc;

Generate / Load Signals

2000; % Nunber of sanpl es
(12N

~zPro

% Desired signal (exanple: sinusoid)

d = sin(2*pi *0. 02*t); % Repl ace with your desired signal
% Noi se (reference noise)

noi se = 0.5*randn(N, 1); % Random noi se

secondary_noise = filter([1 0.9], 1, noi se); % Correl ated noi se

% Noi sy i nput signal
X = d + secondary_noi se;
2. LMS Algorithm Paraneters

M= 32; % Filter length

mu = 0.01; % Step size (learning rate)

w = zeros(M1); % Initial filter weights

y = zeros(N, 1); % Filter output

e = zeros(N, 1); % Error (desired - output)

3. Adaptive LMS Filtering

for n = MN
u = noi se(n:-1:n-M1l); % Ref erence noi se input vector
y(n) =w * u; % Filter output
e(n) = x(n) - y(n); % Error signal
wW=w+m* u* e(n),; % LMS wei ght update

end

4. Plot Results

figure;

subpl ot (3,1, 1)
plot(d); title('Desired Signal'); grid on;

subpl ot (3,1, 2)
plot(x); title('Noisy Signal (Desired + Noise)'); grid on;

subpl ot (3, 1, 3)
plot(e); title('Recovered Signal after LMS Noise Cancellation'); grid on;

figure;
plot(w); title('Final LMS Filter Wights'); grid on;
RESULT

The LMS adaptive filter reduced the correlated noise and produced a recovered output signal

filter weights were obtained.

. The final adaptive



10. Adaptive Noise Cancellation using RLS Algorithm

AIM
To design an adaptive filter using the RLS algorithm for extracting a desired signal from a noisy signal by
cancelling correlated noise.

APPARATUS / SOFTWARE REQUIRED

Computer with MATLAB; desired signal; reference noise; adaptive FIR filter.

THEORY / PROCEDURE

Generate a desired sinusoid and correlated reference noise. Apply the RLS adaptive FIR filter using the specified
forgetting factor and initialization, update the gain, weights, and inverse correlation matrix, and plot the recovered
signal.

MATLAB PROGRAM

10. Design an adaptive filter to extract a desired signal fromthe given noisy signal by
cancel ling the noise using RLS Al gorithm

clear; clc; close all;
1. Generate / Load Signals

N = 2000; % Nunber of sanpl es

t =(LN";

% Desired signal (exanple)

d = sin(2*pi *0. 02*t); % Repl ace with your desired signal
% Noi se source (reference noise)

noi se = randn(N, 1); % Origi nal noi se

ref_noise = filter([1 0.7], 1, noi se); % Correl at ed noi se

% Noi sy signal (desired + correlated noise)
x = d + ref_noise;

2. RLS Algorithm Paraneters

M= 32; % Filter order

| ambda = 0.99; % Forgetting factor (0.95-1 recommended)
delta = 100; % Ilnitialization factor

w = zeros(M1); % Filter weights

P = delta * eye(M; % I nverse correlation matrix

y = zeros(N, 1); % Fil ter output

e = zeros(N 1); % Error signal

3. RLS Adaptive Filtering
u = noise(n:-1:n-Ml); % Ref erence noi se input vector
% Gai n vector
k = (P*u) / (lanbda + u" * P * u);
% Filter output
y(n) =w * u
% Error
e(n) = x(n) - y(n);
% Wi ght update
w=w+ k * e(n);
% Updat e inverse correlation matrix
P=(P- k*u * P) / |lanbda;
end

4. Plot Results
figure;

subpl ot (3,1, 1)

pl ot (d);

title('Desired Signal'); grid on;

subpl ot (3, 1, 2)

pl ot (x);

title(' Noisy Signal (Desired + Noise)'); grid on;
subpl ot (3, 1, 3)

plot(e);
title(' Recovered Signal after RLS Noise Cancellation'); grid on;

RESULT

The RLS adaptive filter was implemented and the recovered signal after noise cancellation was obtained and
plotted.






11. Upsampling of a Discrete-Time Sequence

AlIM

To upsample a discrete-time sequence by L times and plot the spectra of the original and upsampled sequences.

APPARATUS / SOFTWARE REQUIRED

Computer with MATLAB; discrete-time sequence; FFT and upsampling functions; plotting facilities.

THEORY / PROCEDURE

Generate the given sequence, insert L-1 zeros between successive samples for L = 4, compute FFT-based
spectra, and plot the original and upsampled sequences and their magnitude spectra.

MATLAB PROGRAM

11. Upsanpling the discrete tinme sequence by L tines and plot the spectrum of both the
gi ven sequence and upsanpl ed sequence.

clc; clear; close all;
Original sequence

n = 0:20;

X = sin(0.2*pi*n) + 0.5%*cos(0.4*pi*n); % exanpl e sequence
Upsanpl i ng factor

L = 4

Upsanpl e the sequence

x_up = upsanpl e(x, L);

FFT paraneters

N = 1024; % for high-resolution spectrum
Frequency axis

w = linspace(-pi, pi, N;
Conput e spectra

X = fftshift(fft(x, N);

Xup = fftshift(fft(x_up, N));

Pl ot tinme-domai n sequences
figure;

subplot(2,1,1);

stem(n, x, 'filled);

title(' Original Sequence x[n]');
xl abel (" n"); ylabel (' Anplitude');

subplot (2,1, 2);

stem(0:l ength(x_up)-1, x_up, 'filled);

title([' Upsanpl ed Sequence (L ="' nunRstr(L) ')'1);
x|l abel (‘' n'); ylabel (" Anplitude');

Pl ot magni tude spectra
figure;

subplot(2,1,1);

pl ot (w, abs(X), 'LineWdth', 1.5);

title(' Spectrum | X(en{j\onega})| of Original Sequence');
x| abel (*\onega (rad/sanple)');

yl abel (' Magni tude');

grid on;

subpl ot (2,1, 2);

pl ot (w, abs(Xup), 'LineWdth',6 1.5);

title([' Spectrum | X {up}(e”{j\onega})| after Upsanpling by L ="' nunRstr(L)]);
x| abel (' \onega (rad/sanple)');

yl abel (* Magni tude');

grid on;

RESULT

The sequence was upsampled by L = 4 and the original and upsampled time-domain sequences and magnitude
spectra were plotted.



12. Downsampling of a Discrete-Time Sequence

AlIM

To downsample a discrete-time sequence by M times and plot the spectra of the original and downsampled
sequences.

APPARATUS / SOFTWARE REQUIRED

Computer with MATLAB,; discrete-time sequence; downsampling operation; FFT and plotting facilities.

THEORY / PROCEDURE
Perform the discrete-time resampling operation specified in the source document and plot the original and

resulting sequences together with their spectra.

MATLAB PROGRAM

12. Down sanpling the discrete tine sequence by Mtines and plot the spectrum of both the
gi ven sequence and down sanpl ed sequence.

clc; clear; close all;
Origi nal sequence

n = 0:20;

X = sin(0.2*pi*n) + 0.5*cos(0.4*pi*n); % exanpl e sequence
Upsanpl i ng factor

L =4

Upsanpl e the sequence

X_up = upsanple(x, L);

FFT paraneters

N = 1024; % for high-resolution spectrum
Frequency axis

w = linspace(-pi, pi, N;
Conput e spectra

X = fftshift(fft(x, N);

Xup = fftshift(fft(x_up, N));

Pl ot tine-domai n sequences
figure;

subplot(2,1,1);

stem(n, x, 'filled");

title(' Original Sequence x[n]');
x|l abel (' n'); ylabel (" Anplitude');

subpl ot (2,1, 2);

stenm(0: length(x_up)-1, x_up, 'filled);

title([' Upsanpl ed Sequence (L ="' nunRstr(L) ')'1);
xl abel (" n"); ylabel (' Anplitude');

Pl ot magni tude spectra
figure;

subplot(2,1,1);

plot(w, abs(X), 'LinewWdth', 1.5);

title(' Spectrum | X(e”{j\onega})| of Original Sequence');
x| abel (' \onega (rad/sanple)');

yl abel (' Magni tude');

grid on;

subplot (2,1, 2);

pl ot (w, abs(Xup), 'LineWdth', 1.5);

title([' Spectrum | X {up}(enr{j\onega})| after Upsanpling by L ="' nunRstr(L)]);
x| abel (' \onega (rad/sanple)');

yl abel (* Magni tude');

grid on;

RESULT

The downsampling operation and corresponding spectrum were obtained. The source document's final
experiment code is labeled as downsampling but contains the same upsampling implementation as Experiment
11; this has been retained as supplied rather than silently corrected.



	b6c206f4dc0e56191b5e15f890bb2925dfc202d176a3366a54790bf65a4c83c3.pdf
	b6c206f4dc0e56191b5e15f890bb2925dfc202d176a3366a54790bf65a4c83c3.pdf


