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2D Vehicle EKF:
Prediction Step Exercise

Overview

Implement the Extended Kalman Filter Prediction Equations and the 2D Non-Linear Vehicle Process
Model.

Step 1 (Setup)

e  Open the c++ file “kalmanfilter.cpp” which will be the file used in this exercise (it should be a
new copy of the file “kalmanfilter_ekf_student.cpp” file).

e  Compile the run the simulation as is, using profile 3. See that the car starts at the origin (0,0)
and moves at 5 m/s while performing a series of turns.

e Note: The GPS measurement model and state initialisation is copied from the previous.Linear
Kalman Filter exercises as the filter equations and logic are the same, so the filter will start to

run (but using GPS only and without an process model)

Prdfile: 3 - Constant Speed Profile + GPS + GYRO Vehicle State

Time: 12 (x1) Velocity: 5.00 m/s
GPS: ON (1.0 Hz) x Heading: -84.39 deg
LIDAR: OFF (10.0 HZf X Position: -7.29 m
GYRO: ON (10.Q HZ} Y Position: 73.15m

Filter State
Velocity: 0.00 m/s
Heading: 0.00 deg

X Position: 63.92 m

Y Position: 1464 m

Reset Key: r X Position RMSE: 38,03 m
Pause Key: [space bar] Y Position RMSE: 58,53 m
Speed Multiplier (+/-) Key: [ /] Heading RMSE: 95,01 deg
Zoom (+/-) Key: +/ - (keypad) B Velocity RMSE: 5.00 m/s
Motion Profile Key: 1-9,0
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2D Vehicle EKF:
Prediction Step Exercise

ACCEL STD = 0.0;
GYRO_STD = 0.01/180.0 >
. INIT VEL STD = 10.0;
. INIT PSI STD = 45.0/180.0 * M PI;
GPS POS STD = 3.0; Constants that you

can modify and use

LIDAR RANGE STD = 3.0
tIDAR THETA STD =

Filter::handleGPSMeasurement (GPSMeasurement meas)

if(isInitialised())

{l
VectorXd state = getState();
MatrixXd cov = getCovariance();

VectorXd z = Vector2d:
Matrixxd H = Matrixxd(2,4); GPS Measurement
MatrixXd R Matrix2d:: - .
is already done
Z << meas.X,meas.y;
H << 1,0,0,0,0,1, (Same as LKF)

R(0,0) = GPS P0OS STD*GPS POS STD;
R(1,1) = GPS P0OS STD*GPS POS STD;

VectorXd z hat = H * state;

VectorXd y z - z hat;

MatrixXd S = H * cov * H.transpose() + R;
MatrixXd K cov*H.transpose()*S.inverse();

state = state + K*y;
cov = (Matrix4d::Identity() - K*H) * cov;

setState(state);
setCovariance(cov);
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2D Vehicle EKF:
Prediction Step Exercise

State Initialization is
automatically done
on FIRST GPS
measurement

NOTE:

The code assumes that
the state vector has the
following form!!
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2D Vehicle EKF:
Prediction Step Exercise

Step 2 (Implement the Prediction Step (Process Model))

e  Modify the predictionStep() function
e  Use the time step and gyroscope input. Assume zero acceleration.
e Normalise the heading angle to +/- Pl after prediction!

anFilter::predictionStep(GyroMeasurement

if (isInitialised())

{

VectorXd state = getState();
MatrixXd cov = getCovariance();

setState(state);
setCovariance(cov);
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2D Vehicle EKF:
Prediction Step Exercise

Step 3 (Implement the Prediction Step (Covariance))

e  Modify the predictionStep() function

e Calculate the Jacobian State matrix (F matrix)

e Define the Q matrix for gyroscope noise and acceleration noise (Assume zero positional noise)
e Implement the covariance prediction step
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2D Vehicle EKF:
Prediction Step Exercise

Step 4 (Run the Simulation)

e  Check out how the simulation runs with profiles 1 - 4.

Prgfile: 3 - Constant Speed Profile + GPS + GYRO Vehicle State

Time: 120.10,x1) Velocity: 5.00 m/s
GPS:ON (d.0Hz) x Heading: -84.39 deg
LIDAR: OFF (10.0 Hz) X Position: -7.29 m
GYRO: ON (10.Q HZy -~ Y Position: 73,15 m

Filter State
Velocity: 4.58 m/s
Heading: -84.19 deg
X Position: -6.78 m
Y Position: 7412 m

Reset Key:r X Position RMSE: 1.63 m
Pause Key: [space bar] Y Position RMSE: 1.78 m
Speed Multiplier (+/-) Key: [ /] Heading RMSE: 9.44 deg
Zoom (+/-) Key: + / - (keypad) Velocity RMSE: 0.71 m/s
Motion Profile Key: 1-9,0
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2D Vehicle EKF:

Prediction Step Exercise

Step 5 (You can quickly compare to the LKF Solution for the Error

Statistics)

Note: There will be slight differences in the results due to tuning, etc.

X Position RMSE: 1.84 m

Y Position RMSE: 1.88 m
Heading RMSE: 9.42 deg
Velocity RMSE: 0.73 m/s

X Position RMSE: 1.55m

Y Position RMSE: 1.85m
Heading RMSE:178.05 deg
Velocity RMSE: 9.91 m/s

X Position RMSE: 1.63 m

Y Position RMSE: 1.78 m
Heading RMSE: 9.44 deg
Velocity RMSE: 0.71 m/s

X Position RMSE: 1.40 m

Y Position RMSE: 2.14 m
Heading RMSE: 7.58 deg
Velocity RMSE: 0.84 m/s

X Position RMSE: 1.85 m

Y Position RMSE: 1.99 m
Heading RMSE: 5.84 deg
Velocity RMSE: 0.71 m/s

X Position RMSE: 1.85m

¥ Position RMSE: 1.98 m
Heading RMSE: 13.60 deg
Velocity RMSE: 0.68 m/s

X Position RMSE: 2.40 m

Y Position RMSE: 5.33 m
Heading RMSE: 41,13 deg
Velocity RMSE: 1.02 m/s

X Position RMSE: 2.06 m

Y Position RMSE: 3.65m
Heading RMSE: 34.57 deg
Velocity RMSE: 1.04 m/s
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2D Vehicle EKF:
Prediction Step Exercise

Step 6 (Play around with your code and make sure it is working as
expected)

e s this filter performing better than the LKF? Is that to be expected? Is it more robust?
e Can you think of a better way to initialise the state? (i.e how to initialize velocity and heading

without assume them to be zero or a known constant)
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