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clc, close all, clear all
% Initial analysis
dt = 0.5, t = 0:dt:60; % Set sampling time
F = .03, phi = exp(F*dt); % State transition Constant
wsigma = 1, vsigma = 10 % Process and measurement noise standard deviation
u = 0; % Mean value
wk = wsigma*randn(1,length(t))+u; % Generate process noise
vk = vsigma*randn(1,length(t))+u; % Generate stadimeter noise
xe = zeros(size(wk)); z=xe;
% Use xe as true states of the system
xe(1) = abs(wsigma*randn)+10*(1856/3600); % Set the initial condition to be 10 nautical mile/hour
z(1) = xe(1)+vk(1);
for k = 2:length(t)
xe(k) = phi*xe(k-1)+wk(k);
z(k) = xe(k)+vk(k);
end
% Plot stadimeter noise samples
sigmal = ones(size(t))*vsigma; sigma2 = 2*sigma1; sigma3 = 3*sigma1;
subplot(2,1,1), plot(t,vk,'ro' ,t,sigma1,'k:"t,-sigmal,'k:,...
t,sigma2,'k-."t,-sigma2,'k-.",t,sigma3,'k--',t,-sigma3,'k--")
% Plot system state
subplot(2,1,2), plot(t,xe,t,z,'0")
% Perform Kalman Filtering
x_minus = 10; P_minus = 10*2; % Initial conditions
Phik = phi; Qk = wsigma”2; Hk = 1; Rk = vsigma*2;
for k = 1:length(t)
% Estimate
Kk = P_minus*Hk*inv(P_minus*(Hk"2)+Rk);
x_plus(k) = x_minus + Kk*(z(k)-Hk*x_minus);
P_plus = ((1-Kk*Hk)*2)*P_minus+(Rk*Kk"2);
% Predict
x_minus = Phik*x_plus(k);
P_minus = P_plus*Phik"2+Qk;
end
% Plot results
figure, plot(t,xe,t,z,'ro',t,x_plus,'bs")
xlabel('ia (3unid)'), ylabel('szpzvireseninaiouazdszmany’)

S

legend(‘smuzassvesseur’, miiiia ldduduwe s, mivszanadis Kalman Filter')
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