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Abstract

This paper use a brief way to explore the origin of Kalman filter and develop five
important algorithms based on minimum mean-square-error algorithm. Before we
develop those algorithms, you need to know some basic knowledge about statistical
signal processing and minimum mean-square-error algorithm. This filter is used in a
vehicle’s navigation, robot control, flying technology and trajectory optimization,
where a signal trajectory can be well defined. In this paper, all of computer experiments
were conducted in MATLAB (2018b, MathWorks®, Inc., USA). Kalman filter was
written as a subroutine. In the result, the performance of Kalman filter is discussed
according to the influence of different noise.

Keyword : Kalman Filter, minimum Mean-Square-Error (mMSE) Algorithm,
Nonstationary Signal Processing, Statistical Signal Processing.
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En(m)v" (D} =0, for all n,l (4)
E{n(n)y"(-1)} = 0, for all n (5)
E{fy(-1)}=0 (6)
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BRI

clc;clear;close all;

% Target and sensor models

T=0.1;

A [1,T; 0,1]; % PHI
=[T*T/2; T]; % G

vareta =0.25;

H = eye(2);

D =eye(2);

varvl =.25;

varv2 =.25;

Rv = diag([varv1l,varv2]);
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% Generate State and Observation signals
Nt =100;
eta = sqrt(vareta)*randn(1,Nt); y = zeros(2,Nt);
y(1:2,1) = A*[0;1] + B*eta(1,1);
n = 2:Nt
y(1:2,n) = A*y(1:2,n-1) + B*eta(1,n);

vl =varvl”.5*randn(1,Nt);
v2 =varv2”*.5*randn(1,Nt);
v =zeros(2,Nt); v(1,:) = v1(:); v(2,:) = v2(:);
n=1:Nt
x(1:2,n) = H*y(1:2,n) + D*v(1:2,n);

% A-priori estimates
yhat_ini = [0;1];
Ry = eye(2,2);
% Kalman Filter
[y_hat,GainK,Re_pre,Re_post]= KF(A,B,vareta,H,D,Rv,x,yhat_ini,R_y);
% Extract quantities for plotting
time = (0:Nt)*T;
yp =y(1,:); yp = [0;yp(:)];% True position
yv=y(2,:); yv=[Lyv(:)]; % True velocity
xp =x(1,:); xp = [0;xp(:)]; % Noisy position
xv =x(2,:); xv =[1;xv(:)]; % Noisy velocity
yp_hat = y_hat(1,:); yp_hat = [0;yp_hat(:)]; % Estimated position
yv_hat = y_hat(2,:); yv_hat = [1;yv_hat(:)]; % Estimated velocity
Kgl = GainK(1,1,:); Kg1 = Kg1(:); % Kalman Gain (1,1)
Kg2 = GainK(2,2,:); Kg2 = Kg2(:); % Kalman Gain (2,2)% for n = 1:Nt
n=1:Nt
Rpre(n) = trace(Re_pre(:,:,n));
Rpost(n) = trace(Re_post(:,;,n));

figure,

subplot(2,1,1);

plot(time,yp,'b’,time,xp, k:",time,yp_hat,'r--','LineWidth',1.5);
axis([time(1),time(end),0,16]);

xlabel('t (sec.)');ylabel('Position (meters)");

title('True, Noisy, and Estimated Positions');
legend('True’,'Noisy','Estimate’,'location’,'southeast’);grid;
subplot(2,1,2);
plot(time,yv,'b’,timexv, k:",time,yv_hat, r--','LineWidth',1.5);
axis([0,10,-1,4]);xlabel('t (sec.)'); ylabel('velocity (m/sec)");
legend('True’,'Noisy','Estimate');

title("True, Noisy, and Estimated Velocities');grid;
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figure,

subplot(2,1,1);
plot(time(2:end),Kg1,'bo’,time(2:end),Kg2,'rx');axis([0,10,0,1]);
title('Kalman gain');grid;legend('K_p','K_v');xlabel('t (sec.)');
subplot(2,1,2);
plot(time(2:end),Rpre,'ro’,time(2:end),Rpost,'bx");

legend('a priori','a posteriori');xlabel('t (sec.)');axis([0,10,0,.5]);
title("Trace of covariance matrix');grid;

B A2 50

[y_hat,GainK,Re_pre,Re_post] =
KF(A,B,vareta,H,D,Rv,x,yhat_ini,R_y)
y_hat=zeros(2,length(x));
GainK=zeros(1,1,length(x));
Re_pre=zeros(1,1,length(x));
Re_post=zeros(1,1,length(x));
E=eps*ones(2,2);

n = 2:length(x)
yhat=A*yhat_ini;
xhat=H*yhat;
Rty=A*R_y*A'+B*vareta*B'+E;
Rw=H*Rty*H+Rv+E;
K=Rty*H'/Rw;
yhat_ini=yhat+K*(x(1:2,n)-xhat);
R_y=(D-K*H)*Rty;
y_hat(1:2,n)=yhat_ini;

GainK(1:2,1:2,n)=K;

Re_pre(1:2,1:2,n)=Rty;
Re_post(1:2,1:2,n)=R_y;
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