Lecture
Control and Perception in

Networked and Autonomous Vehicles

Alexandru Kampmann, M. Sc. | Dr. Bassam Alrifaee | Patrick Scheffe, M. Sc. | Simon Schéafer, M. Sc.
Winter Semester 2023/2024

Part o)

Machine Perception




Course contents (CPM group course)

Vehicle models Distributed Localization
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Agenda

Sensors & Environment Models
Computer Vision Basics: Classic Problems & Approaches
Machine Learning Basics

Deep Learning Basics
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- Perception Basics: Sensors & Environment Models



Perception Basics

Videocore

HDMI

. LPCM
. 1080p 24Hz
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How Google self-driving car sees a road - https://www.youtube.com/watch?v=MqUbdd7ae54
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Perception Basics

; e i ———— el
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Environment model with _— ~.._.> h
dynamic and static elements | | ' »

Input form sensors and offline
maps (localization)

Basis for decision making,
trajectory planning, control
etc.
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Sensors — Light Detection and Ranging (LIDAR)

llluminate target with laser and measure
round-trip-time, wavelength shift

Point cloud {[x, y, z, i]} with intensity i

Typical sampling rate 10-15Hz
Range 100m — 300m

Expensive!
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Sensors — Light Detection and Ranging (LIDAR)
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» Expensive!
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Sensors — Stereo Vision

10

Depth estimation from two mono
cameras

Correspondences in Left/Right
Images yields depth estimation

Issues with matching can lead to
wrong depth estimates

In contrast to LIDAR no active

Target objects'_ E

-
”
S .-
- ’

Leftimage

| Epipolarline

distance measurement, but cheaper

and higher frequency
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Sensors — Radar

Emmits pulsed electromagnetic
wave

Objects reflect wave back to radar
antenna

Provides accurate measurement of
relative position of object
range to object
velocity
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» Range: up to 250 m
» SiGe MMICs

(bare chip)

» Opening Angle: 30°
» Dimensions (HxWxD)

77 x 74 x 58 mm

» Weight: 285 g

Bosch

« Range: up to 160 m
» SiGe MMICs

(packaged chip)

» Opening Angle: 45°
» Dimensions (HxWxD)

60 x 70 x 30 mm

» Weight: 200 g
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» Range: up to 100 m
» SiGe MMICs

(packaged chip)

» Opening Angle: 150°
» Dimensions (HXWxD)

60 x 70 x 30 mm

» Weight: 190 g
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No Sensor is perfect - Combination necessary

sparse point cloud, becomes : . : - :
) rich semantic information no semantic information
worse for larger distances

DFECiSE range measurement,

recise range measurement estimated range information .
P 5 & mostly for metal objects
robust at day and night, but deteriorating performance at insensitive to weather
deteriorates in rain or snow night conditions
Very expensive comparatively cheap comparatively cheap
low update rate, 10 Hz high update rate high update rate
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DARPA Urban Challenge Winner — Boss (2006)
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Environment Models

Model describes environment in a suitable way for further algorithmic
processing (i.e. decision making, path planning, control, ...)

We will learn about two common environment representations

Occupancy Grid Mapping
Object Lists
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Occupancy Grid Mapping

15

Discretize world in cells of, e.g., 5x5cm
Each cell is either occupied or free

Use range finder (LIDAR, Stereo
Camera, Ultrasound, ...) to determine
state of cell while robot moves
through the environment
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Occupancy Grid Mapping

S. Hoermann, P. Henzler, M. Bach and K. Dietmayer, "Object Detection on Dynamic Occupancy Grid Maps Using Deep Learning and Automatic Label
Generation," 2018 IEEE Intelligent Vehicles Symposium (IV), Changshu, 2018, pp. 826-833, doi: 10.1109/IVS.2018.8500677.
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Occupancy Grid Mapping

Assumptions here: cell is either completely free or occupied, world is static,
individual cells are independent of each other

Sensor noise: cell occupancy modelled as binary random variable m[ 4

Occupancy measurements are obtained at time t as z, Y] ~{0,1}
0 —free, 1 — occupied

mEx’y ]:{free, occupied} — {0,1} Miq | Mya | Mg

o (i — 11227 ][
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Occupancy Grid Mapping

Probabilistic measurement model p (ng’y]‘ m

p (ng,y] =1 |m*Y= 1) — True occupied
p (Zt[x'y] = mi[fx’y]= 1) — False free
p (zt[x’y] = mEx’y]= O) — False occupied
p (Zt[x'y] = mt[fx’y]= O) — True free
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Occupancy Grid Mapping

Probabilistic measurement model p (Zt[x'y]‘ mi[fx,y])

p(z =1|m=1) =09
p(zr =0 |m*=1)=1-p(z" =1|m'=1) =01
p(z" =1 |m=0) =02
p(z =0 |m*=0)=1-p(z7 = 1|m{*"'=0) =038
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Occupancy Grid Mapping — Basic Framework

Recursive State Estimation of p (m[ | z7. ’y])

) p( [x.y] | mk [x,y] Z1[ ty]l)p (mr[: x,y] |lety]1)
p( 21| lety]l)

=p( [x,¥] |mxy] Z1[ty]1)p(m£ x,y] |thy]1)77

already incorporated in mEx’y |

=p (Zt[x,y] | mE y]) D (mg x,y] | 2P ty]l) 77

=P (th'y] | mE Y]) p (mgx 31]] | 21, ty]l) n

Prior from previous timestep
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Occupancy Grid Mapping — Example

Reminder p (

Measurement model

p (Zix’y l=1

m’
p(z = 1|m

[,y]l

0.5

05 | @k

ol5
|

Robot My y

21
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_ [xy] _ [x,y] _
1) =09, p(z7 =0|m=1) =01
_ [xy] _ [x,y] _
0) =02 p(z*' =0|m'=0)=08
[xy]) _ [x,y] [x,y] [x,y x,y]
zie ) =plz. 7 |m pmtl |th1
p(m}’3 =0| 211'3 = 1) =1n=*x02%05=019 | o5 05 | 0.81
p(mi® =1]|2z"°=1)=71+%0,9+0.5=0.81
1 1 0.12
77 05+02+09+%05 055 Robot M
p(m2° =1|27°=0)=pu+0.1%05=0.12
p(m2° =0 2z7°=0)=u=x0.8+0.5=0.88
B 1 1
T=01+05+08+%05 045
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Summary

Allows to build model of environment
using known robot poses

In practice more complex inverse
measurement models

Dynamic Occupancy Grid Maps
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Object List

Object 0; = (T = [tx, ty, tz], D = [dx, d,, dz], R=[6,¢,p]c, x)

23

T center
D dimensions

R orientation

c object class

X object state (e.g. velocity, acceleration, angular acceleration,...)

Tracking for maintaining object state over time
Extracted through application of Machine Learning Algorithms
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- Computer Vision Basics: Classic Problems & Approaches



What is a camera image?

RGB: three-dimensional array, one channel per color

240 241 241 207 199 196 284 231 225
240 237 238 183 163 195 223 213 225
239 240 240 183 166 184 219 211 195
238 237 240 176 172 18I 176 205 189
240 240 239 184 167 176 168 141 117
239 240 240 182 180 170 160 142 117

S. M. Masud Karim, M. S. Rahman and M. I. Hossain, "A new approach for LSB based image steganography using secret key," 14th International Conference on Computer and
Information Technology (ICCIT 2011), Dhaka, 2011, pp. 286-291.
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Task — Classification

Map image to a set classes, e.g. {cat,dog, hat, mug}

R 7 7
1 ;’(“' I'.' Av A"}

¥

/

CS231n Convolutional Neural Networks for Visual Recognition — Stanford University

26
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20 73 35 39 78 31 90

03 70 54 71 83 81 34 €9 16 92 33

What the computer sees

82% cat

15% dog
2% hat
1% mug

image classification

B
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Task — Object Detection (Bounding Boxes)

Where in the image are objects, what class do they belong to?

CS231n Convolutional Neural Networks for Visual Recognition — Stanford University
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Task — Semantic Segmentation

Assign class to each pixel (e.g. road surface, vehicle, pedestrian)

Cordts, Marius, et al. "The cityscapes dataset for semantic urban scene understanding." Proceedings of the IEEE conference on computer vision and pattern recognition. 2016.
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Task — Instance Segmentation

Assign class and object instance to each pixel

Cordts, Marius, et al. "The cityscapes dataset for semantic urban scene understanding." Proceedings of the IEEE conference on computer vision and pattern recognition. 2016.
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Challenges

Scale variation Deformation Occlusion

Intra-class variation

How to write an algorithm that handles all edge cases?

CS231n Convolutional Neural Networks for Visual Recognition — Stanford University
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Computer Vision - Data Driven Approach

plane  car bird cat _deer 'ﬁ fro horse  ship  truck
1. Collect Dataset D = {(v,,, x,) H4 %.. A H r":ﬁh

;c]: g é(_—i?aztgtocgj (Camera image, LIDAR, ...) !g » a ’m E ﬁ
¢ = {G;},_, - classes (plane, car, bird, cat) i (RS Y e
2. Choose model fg(x): X » C - &N O R T -
3. Training: learn “best” parameter 0, - = 'y WH! -
from D 5 I 0 1 00 et s

2. Deployment: Apply f, to new input x i 25 10 8 57 I I A . i




Data Driven Approach — Toy Example

Linear classifier fg(x) = Wx + b
X — 64x64 input image (grayscale)
6 = (W, b) — parameters of classifier
C = {Cat,Dog, Human}

3x4096 3x1
100 Cat
fo(x) =Wx+b = | 20 | Dog

-3 Human

Reshape to

1x4096 matrix

64x64 = 4096 Pixel How to find W and b?
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Data Driven Approach - Training

» Training: find ”best” values for W and b

» Loss J(6) € R measures performance of fg on Drygin

J(0) = S5, (vi = fo(x))

» Minimize Loss using optimization

Use-case Dependent! Here:

0., = arg min ](9) ~—_ Least-Squares,
6 closed-form solution exists for
linear fy
33 oo oo | g Bassam lfce R\Nl'll'm‘l}é\lggllw
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Data Driven Approach - Testing

» Measure performance of fg_on Dr.q
N

J0)= Y (- fo.0))

I=K+1

» Performance of fg_on D, 4i, May be great, but horrible on D4,

Control and Perceptionin Networked and Autonomous Vehicles Rm c
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Data Driven Approach — Overfitting

Choosing the right model fg is application specific (trial-and-error)

Too “simple”: cannot capture complex relationships

Too “flexible”: danger of overfitting to noise
e.g. Trainig set may be memorized during training

degrae 14 degrea 20

) 0 5 10 T 20 - 0 5 10 T 20
(a) (b)
Robert, Christian. "Machine learning, a probabilistic perspective." (2014)
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Computer Vision Pipeline — Before Deep Learning

Features: Histogram of Oriented Gradients (HOG), SIFT, SURF, ORB, ...

Problem: features are highly application specific, “hand-crafted features”

%E DSRG BHED Ea
40 \- ",:4::- 17
RN 1/
NS AEra
3 EEH
Image gradients Keypoint descriptor

N. Dalal and B. Triggs, "Histograms of oriented gradients for human detection," 2005 IEEE Computer Society Conference on Computer Vision and Pattern Recognition (CVPR'05)
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- Deep Learning Basics



Deep Learning Computer Vision Pipeline

Classic Pipeline

Deep Learning Pipeline

Feature Extraction and Classification performed in one step

Milestone Paper: Alex Krizhevsky, llya Sutskever and Geoffrey E. Hinton.
"Imagenet classification with deep convolutional neural networks."
Advances in Neural Information Processing Systems. 2012.
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Deep Learning — Neural Network Building Blocks

» Input layer, e.g. RGB Values

» Sequence of hidden layer

- Different intermediate layer types:

Convolutional, Fully-Connected,
Pooling, ...

» Output Layer indicates class

W

R\
407 o]
NSRS AR = N7
\{‘:}%&4"‘@ W cf: < \‘ ‘Q“/

WAL )
MRS 'flf«’l"’tf% ﬂ\;‘\‘"“
NZRERS WA \"‘\“
YRS : ’
X / .

9N

N , _
ZN\@ 0\
AN

4

@ Input Layer

PSR\ SNRA
\o W SN 7
:@’\‘ \wt,«‘»x\‘”/’"‘

\\
R/

( Hidden Layer

@ Output Layer
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Deep Learning — Building Blocks

Weights 8 = (wy, ..., W,,) learnable f@xiw‘]i%‘

parameter of the network

Output is weighted sum of outputs from

previous layers with activation function  pu fsthidden 20 hidden Output
layer layer layer layer

Non-linear activation function f
e.g. ReLU f(x) = max(0, x)

Output y; serves as input to neurons in
next layer

Vieira, Sandra, Walter HL Pinaya, and Andrea Mechelli. "Using deep learning to investigate the neuroimaging correlates of psychiatric and neurological disorders: Methods and
applications." Neuroscience & Biobehavioral Reviews 74 (2017): 58-75.
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Training Neural Networks — Loss Function

Use-case: Classification with classes C4, ..., C;,

Input 1%t hidden 2nd hidden Output
layer layer layer layer

Output of final layer 04, ..., 0;

Normalize output into probability
distribution using softmax function

0
0(0) = S5 € (0,1)
j=1¢
L

z G(Oi) =1 26 ~0.72

. Softmax

J=1 25 ~0.268
Network outputs probability distribution for 20 ~0.001
data sample x; over all possible classes
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Training Neural Networks — Loss Function

42

Reminder: true class for sample x; is y;

Predicted probability distribution P(C; | x;) = o(0;)
True probability distribution for sample Q(C; | x;) =

P(Ci|x;) Q(Cilx;)

Cy 0.72 0

Example
Cz - CGT 0268 1
Cs 0.001 0

Loss-Function is a measure of “distance” between predicted probability
distribution and “true” probability distribution

Control and Perceptionin Networked and Autonomous Vehicles
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Training Neural Networks — Cross-Entropy Loss
Cross-entropy measures distance between two probability distributions
Hey(Q.P) == ) QG| x)logP(C; | x:)
C;ecC

= ~Q(Cer | 1) log P(Cor | %) = ~log P(Cor | x) = ~log ()

Putting it all together, the loss for sample x; and given network weights 6 is

e i

L(6,x;) = —log(=37 e"f)

j=1

Informatik 11
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Deep Learning — Optimization

Apply Gradient Descent to minimize L(6, x;)

— Gradlent of L with respect to 6

Gradient

Initial

Weight ,'

loss \ f—
/]

1

Incremental l
e Opry = 0, — a2

y t+1 — Yt T
\ ,'l AGt

Step Size

—_./Minimum COSt

>
Weight

Backpropagation: efficient algorithm for derivative calculation

Loss function not convex; no guarantee for global minimum
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Deep Learning — Training Overview

Choose Neural Network Architecture
many proven architectures, e.g. AlexNet, VGG16, ResNet

Obtain Dataset Drgin = {(Vi, )11, Drest = {Vi, X))k 41

Initialize @ with random values
while(true)

for (y;, x;) € Dryain
1. Compute forward pass (inference), i.e. compute network output for x;

2. Compute derivate of loss AA? using backpropagation
t
AL;

3. Update 0;,; = 6; — Q= (step size in practice ~0.01)
t

Compute current accuracy on Dy, Using current best 6
Terminate if accuracy does not improve, iteration limit, ...

Training requires GPU, training/inference on CPU usually too slow
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Deep Learning — Convolutional Layers

Layer consists of learnable convolution filters
Output of layer n — 1 filtered in layer n, serves as input to layern + 1

Weights of the filter are learned during training

E
Source
Pixel

Convolution

kernel (a.k.a. ,

filter) New pixel value |
(destination
pixel)
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https://www.youtube.com/watch?v=f0t-OCG79-U

L1

==l



Deep Learning — Convolutional Neural Network

» Filter react to specific features (edges, blobs, faces, hands, people,...)

» Tends to become more abstract for layers deeper within the network

| Low-level
features

Mid-level
features

,| High-level

features

A 4

Linearly
separable [—
classifier

VGG-16 Conv1_1

"y ) eY e | =L 0
3 s | 4| & | B2 | 1 | AN | 74

VGG-16 Conv3_2

Zeiler, Matthew D., and Rob Fergus. "Visualizing and understanding convolutional networks." European conference on computer vision. Springer, Cham, 2014.

Control and Perceptionin Networked and Autonomous Vehicles
Part 5: Machine Perception | Alexandru Kampmann M.Sc. | Dr.-Ing. Bassam Alrifaee

48

Informatik 11
Embedded Software




Case Study — VGG16 Architecture

224 x224x3 224 x224x64

112 x]112 x 128

X H6 X 256

28x28x512“ it rZ{;’r’x:’»m
Si =S 1x1x4096 1x1x1000
£ 3

@ convolution+ReLLU
@ max pooling

fully connected+ReLU
1 softmax

Karen Simonyan and Andrew Zisserman. "Very deep convolutional networks for large-scale image recognition." ICLR 2015
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Deep Learning — Scratching the Surface

Layer Types
Pooling
Upsampling
Batching
Dropout/Regularization

Losses
Loss for Semantic Segmentation
Loss for Object Detection (Bounding Boxes)

Training
Transfer Learning
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Deep Learning — Performance

Deep Neural Networks have become state-of-the-art for perception

problems
ILSVRC top-5 error on ImageNet

22.5
15

7.5

2010 201 2012 2013 2014 Human  ArXiv 2015

https://devblogs.nvidia.com/mocha-jl-deep-learning-julia/

Many other applications: Visual odometry, LIDAR point clouds, Radar, depth
from mono camera, prediction, ...
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Deep Learning fiir Computer Vision

52

Deep Learning Pipeline

No more , Feature Engineering” Requires lots of data and GPUs
End-To-End Learning of Feature State-of-the-art often intractable
Extraction & Classifier for real-time applications

Massive improvements on
performance of perception systems

New applications become possible
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Deep Learning fiir Computer Vision — How to start?

Open Datasets: Cityscapes, KITTI, Apollo, Oxford RoboCar, ...

Frameworks
Tensorflow, Keras, PyTorch, ...

GPU for Training/Inference
Open-source culture: many papers release code on github!

Top Conferences: CVPR, ECCV, ICRA, NIPS, ITSC, IV, ...
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Further literature (1)
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Thrun, S., Burgard, W., & Fox, D. (2000). Probabilistic robotics.
Robert, C. (2014). Machine learning, a probabilistic perspective.

Theodoridis, S. (2015). Machine learning: a Bayesian and optimization
perspective. Academic Press.
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Agenda

State Estimation
Kalman Filter

Hands-on Example
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- State Estimation



Definition: State Estimation

Open-Loop Observers
Luenberger Observer
Kalman Filter

Extended Kalman Filter
Unscented Kalman Filter

Particle Filter

Control and Perceptionin Networked and Autonomous Vehicles
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State Estimation

State estimation refers to the process of
determining or approximating the current internal
state of a system based on available information.
This process combines mathematical models,
Input data, and observations to infer the most
likely state of the system at a given moment, even
when the complete information might not be directly
measurable or available.
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Definition: State Estimation

Open-Loop Observers
Luenberger Observer
Kalman Filter

Extended Kalman Filter
Unscented Kalman Filter

Particle Filter
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State Estimation

State estimation refers to the process of
determining or approximating the current internal
state of a system based on available information.
This process combines mathematical models,
Input data, and observations to infer the most
likely state of the system at a given moment, even
when the complete information might not be directly
measurable or available.
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Hands-on Example

A
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Hands-on Example

A
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Hands-on Example
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Hands-on Example

What do we want to
know?

“‘Where is the stone at a
given point in time?”

« Wanted:
e State estimation of target
* Predict arrival point

Control and Perceptionin Networked and Autonomous Vehicles
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What do we know?

“‘We observe the trajectory
of the stone?”

« Given:
* Observations of target

There is a catch.

“The observations are not
perfect.”

 Needed:

* Probabilistic model to
allow for uncertainties

* Model of the dynamics of
the target

RWTH
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Definition: Model dynamics

Model Dynamics of Target

The state of a linear, continues-time system can be
described with a state equation like

x(t) = A(t)x(t) + B(Hu(t) + w(t)

The system is observed through a linear equation of
x(t) form

x(t)

A4

z(t) = H(t)x(t) + n(t)

RWTH
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Definition: Model dynamics
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Model Dynamics of Target

The state of a linear, discrete-time system can be
described with a state equation like

Xk+1 = Akxk + Bkuk + Wi

The system is observed through a linear equation of
form

Zy = Hpxy + 1y

met od {nod
\er W€ on Me
me t - Bk
NuU o it N
K+

RWTH
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Definition: Model dynamics

Random disturbance

wot! ) {

Xie+1 = Akxk ~+ Bkuk ~+ Wi,

\ |

gystem state Systematic disturbance
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Definition: Model dynamics

System state
Estimation of the current state of the target e.g.,
position, velocity, orientation, ...

Motion model
Description of the targets motion
Contains integration

. mode! .
Systematic disturbance wotio® " Random disturbance
Disturbances that are known in advance e.g., gravity, ) /
drag, ...

. X = A, x B,u W
Random disturbance k+1 KXk T DUy + Wg

Disturbances that are unknow or of random nature K I
e.g., wind, friction, ...

system state Systematic disturbance

RWTH
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Hands-on Example

System state

Motion model

Systematic disturbance

Random disturbance
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Hands-on Example

System state

.. . T
Position and velocity: x = [sy, sy, Uy, vy

Motion model

Constant Velocity: A =

o O O
o O = O
—

()

Systematic disturbance
Gravity: B=[0 0 0 At]"[-g]

Random disturbance
Present but unknown

Control and Perceptionin Networked and Autonomous Vehicles
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Definition: Model dynamics

Model Dynamics of Target

The state of a linear, discrete-time system can be
described with a state equation like

X8 Xik+1 = Akxk + Bkuk + Wi
‘ g The system is observed through a linear equation of
Xg o, ° Xg form
X3 .
Xy e Z = Hpxp + 1y
X1 °

RWTH
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Definition: Model dynamics

( |

Observation Random disturbance
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Definition: Model dynamics

Observation
Measurement of the current state of the target e.g.,
position, velocity, orientation, ...

Observation model
Description the relation between the measured

variable and the system state e.g., level of a tank, ... ae\
on mo
Random disturbance opseva
Disturbances that are unknow or of random nature )

e.g. sensor noise, reflections, ...
Zy = Hpxp + 1y

( |

Observation Random disturbance

RWTH
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Hands-on Example

Observation

Observation model

Random disturbance
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Hands-on Example

Observation
Position: z = [sy, s,

Observation model

Mapping:H=[(1) 0 00

Random disturbance
Present but unknown T T T T~
- ~
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Hands-on Example

Observation
PoSition: z = [sy, s,]"

Observation model

Mapping:Hzl(l) 000

1 0 O

Random disturbance
Present but unknown

Control and Perceptionin Networked and Autonomous Vehicles
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System state
.. . T
Position and velocity: x = [sy, s}, Uy, vy

Motion model

1 0 At O

. ._|0 1 0 At

Constant Velocity: A = 00 1 0
0 0 0 1

Systematic disturbance
Gravity: B=[0 0 0 At]"[-g]

Random disturbance
Present but unknown

RWTH
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Hands-nr =
Open-LooP Observer

d on initial
. ate state based
Estima 4 dynamics.

System state
.. . T
Position and velocity: x = [sy, s}, Uy, vy

Motion model

5 + By Uk
xk+1~Akx’[ ety o 1 0 At 0
' 0100 Constant Velocity: A = 8 (1) (1) Aot
Random disturbance 00 0 1

Present but unknown
Systematic disturbance

Gravity: B=[0 0 0 At]"[-g]

Random disturbance
Present but unknown

RWTH

Control and Perceptionin Networked and Autonomous Vehicles
76 Part 5: State Estimation | Simon Schafer M.Sc. | Dr.-Ing. Bassam Alrifaee

Informatik 11
Embedded Software



Hands-or o
Open-LooP Qbservef

i
Estimate state based_on initl .
condition and dynam\cs.

= Akxk + Byt

Xk+1 o indjectory
Optimal
@ Initial Condition
B_

B -
E
A
4 -
7 -
“IE T T T T T T T T
0.0 25 5.0 5 100 125 150 175 200

sx[m]
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Hands-or o
| Observer

; d on \ﬂ\t\a\
imate state base |
Estima d dynamics.

Open-LooP

condition an

_ A x5, + Bruk
Xr+1 = AkXk

o udjectory

5[m]

Optimal
@ Initial Condition

1
g0 15 oo 125
sx[m]
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150 1r5 200

5[m]

Catapult: Observed Trajectory

10
Optimal
@ Initial Condition
B - @ Moisy Observations
E_
[
) &8 &
41 @
& &
o %
&
2 - H
S .
I} 4|.' ! I I ! I I ! I
0.0 2.5 5.0 1.5 oo 125 150 175 200

sx[m]

RWTH

Informatik 11
Embedded Software




Hands-or o
Open-LooP Qbservef

i
Estimate state based_on initl
condition and dynamics-

2 Akxk + Bkuk

Xj+1 C o najectory 10 Catapult: Observed Trajectory
Optimal Optimal
@ Initial Condition @ Initial Condition
B 1 B 1 Moisy Observations
B B
E E
Ty Ty
4 1 4 A
2 - 2 e
D '_"If T T T T T T T T D '_"IE T T T T T T T T
0.0 2.5 5.0 1.5 oo 125 150 175 200 0.0 2.5 5.0 1.5 oo 125 150 175 200
sx[m] sx[m]
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Hands-nn i

Observer
en-LooP =y )
Op . sased on initial Error of Open-Loop Observers
- S _ . . .
Esume'\te and dynamics. If a state of a linear, discrete-time system can
condition - be described with a state equation like:
AvXe T Br Uk
Xic+1 = AgrK L. .cu uajectory .
Shrt Xg+1 = ApXyg + Brug
Initial Conditi c . .
N o Noloy-Obebrvatiorts The evolution of error is given by:
~ AT ~
6 Xi+1 — Xp41 = Ag(xo — Xp)
E . ion.
& itial estimation
Stabijj; Ervor
ity of sys
| J:- M matyi,
0.0 25 5.0 75 o0 125 150 175 200

sx[m]
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Hands-or o

| Observer
» on \ﬂ\t\a\
condition ant
' = AxXk + Bk

Xic+1 ‘. -wu irdjectory

- ics
Optimal Approximation of dynami

@ Initial Condition
B - @ Moisy Observations

e Xg+1 = ApXy, TBruy + wy
F oL B
Zy = Hpxy + 1y
2-
.::-_,’{ L \
0 _l}#l:l 2-I5 5.I".:| ?:5 i?;g] 12I.5 15I.|::I l?I.E Eﬂl.l} ObsewaﬁOY\S

Random disturbance
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- Kalman Filter



Model 1inaas
Observer
on initial

condition an

_ A x5, + Bruk
Xr+1 = AkXk

Random disturbance

(

Xi+1 = ArXp + Brug + wy,

RWTH
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Model uncertanties

Random disturbance

(

Xik+1 = Akxk + Bkuk + Wi,
assuming now that

W = N(O’ Qk) <-\Gaussian distribution
X >N (xk,Pk)/

34 Control and Perceptionin Networked and Autonomous Vehicles Rm
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Model uncertanties

Random disturbance

(

Xi+1 = ArXy + Brug + wy,
assuming now that

Wi = N(O' Qk) <\Gaussian distribution
X = N (xg, P)

Xi+1 = ArXi + Brug
Pri1 = AP Ag + Qp
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Model uncertanties

Xr1 = ApXg 'l;Bkuk
Pri1 = ApPrAy + Qg
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Model uncertanties

Xr1 = ApXg 'l;Bkuk
Pri1 = ApPrAy + Qg

Zy X9

Y
@ R, p,

p,f1
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Model uncertanties

X+1 = AXg _l;Bkuk
Py = AgPrAy + Qg

K = Py HT(HPy 1 HT + Ry) ™

Xie41 = X1 + K(zy _,\ka+1)
Piy1 = —KH)Pyyq

Control and Perceptionin Networked and Autonomous Vehicles
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Model uncertanties

X+1 = AXg _l;Bkuk
Py = AgPrAy + Qg

K = Py HT(HPy 1 HT + Ry) ™

Xie41 = X1 + K(zy _,\ka+1)
Piy1 = —KH)Pyyq
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Kalman Filter

State Estimation
Parameter Estimation
Prediction

Sensor Data Fusion

Estimation of non-measurable
Quantities

Control and Perceptionin Networked and Autonomous Vehicles
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Kalman Filter

A Kalman filter is an “optimal” recursive estimation
algorithm used to estimate states of a system from
indirect and uncertain measurements.

What ¢

Predict haVe happould
Xerr = A + Bewe S/ “Neq,
Py = AxPr Ay + Qy

Update
~ ~ —1
Xp+1 = Xpqq + K (24 _,\H5C\k+1) happe
Pyyy = (U —KH)Ppyy ~—— feq,

Wa say,
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Kalman Filter

State Estimation
Parameter Estimation
Prediction

Sensor Data Fusion

Estimation of non-measurable
Quantities
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Kalman Filter

A Kalman filter is an “optimal” recursive estimation
algorithm used to estimate states of a system from
indirect and uncertain measurements.

What ¢

Predict have happowd
Xerr = A + Bewe S/ “Neq,
Pei1 = ApPrAj + Qx

Update
~ ~ —1
Xp+1 = Xpqq + K (24 _,\H5C\k+1) happe
Pyyy = (U —KH)Ppyy ~—— feq,

We say,
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Hands-on Example

Catapult: Estiamted vs. True Trajectory

10
Optimal
=== [alman Filter Estimate
A - & Initial Condition
@& Noisy Measurements
E, .
E ,w%
A F ‘5‘{;,.
4 - ’.l" &
2!" L | i"\.
) |
2 F -
i
L4 ‘i\l
I] = 1 I I 1 I I q I
0.0 25 g0 15 oo 125 150 175 200

sx[m]
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Hands-on Example

10 Catapult: Estiamted vs. True Trajectory Ball Throw: Velocity Estimation X
Optimal Optimal Velocity
=== Kalman Filter Estimate . Estimated Velocity
L iy 10.0 4
B & Initial Condition — H = T 77 | re——em—a .
@ Noisy Measurements T
6 05 \\1
T _wede A
—_— ey !
a ”s ‘5‘1 9.0 - "
4 L R N
2!"’? Lol i"\. x'\.
4 . 85 - e -
2 - & LS ~~L____L-
!
) 19 8.0 1
I] - T T T T T T q T T T T T T T T T T
0.0 25 5.0 i3 100 125 150 175 200 000 025 050 075 100 125 150 175 200
sx[m] X

Informatik 11
Embedded Software

Control and Perceptionin Networked and Autonomous Vehicles
93 Part 5: State Estimation | Simon Schéfer M.Sc. | Dr.-Ing. Bassam Alrifaee




Hands-on Example

10 Catapult: Estiamted vs. True Trajectory Ball Throw: Velocity Estimztion X
Cptimal Optimal Velocity
=== Kalman Filter Estimate 10.0 - . Estimated Velocity
B @ |nitial Condition B B e T =t
@ Noisy Measurements T
6 05 '-._‘x
T _peie A
—_— ey !
a ”s ‘5‘1 9.0 - "
4 - i - - N
i"r L | i- x'\.
s \ |
# 5\ 85 - 'HH'-«. L=
2 - & LS . I
LY
L] ‘i‘ g0
- T | T T T T q 1 T T T T T T T T T
0.0 25 30 5 100 1253 150 175 200 000 025 050 075 100 125 (150 175 200
sx[m] X
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Hands-on Example

10 Catapult: Estiamted vs. True Trajectory Ball Throw: Velocity Estimztion X
Cptimal Optimal Velocity
=== Kalman Filter Estimate . Estimated Velocity
L . 10.0 1
B @ [Ipitial Condition T | pee——feeea =
@ Noisy Measurements T Stl’cn
s . g Wind
5.5 x hij S
_ 6 \1_‘ gh UP
E L /
—_— .-{F.: i 2 ey !
a ”s ‘5‘1 9.0 - "
4 - i - - N
2.-""- L | i"\. x'\.
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2 - & LS . I
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L] ‘i‘ g0
- T | 1 I T I q I T T T T T T T T T
0.0 25 30 /15 100 1257 150 175 200 000 025 050 075 100 125 |15%0 175 200
Sm] x
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Hands-on Example

10 Catapult: Estiamted vs. True Trajectory Ball Throw: Velocity Estimation X
Optimal 14 8 1 Optimal Velocity
=== Kalman Filter Estimate . Estimated Velocity
g @ Initial Condition
@ MNoisy Measurements 14.6 1
By R e T e e e e
4 - 14 .2 1
,_..-.‘"‘__1‘_" - -
2 L i i --2 14.0 -
- "'-..‘.h-.|I
L
) £ w 13.8 1
- T T T T T T I 1 T T T T T T T T T
0.0 25 5.0 715 100 125 150 175 200 oo 025 050 075 100 125 150 175 200
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Hands-on Example

\ '\\‘\a\
Wron® o
yall
10\ Catapult: Estiamted vs. True Trajectory Ball Throw: Velocity Estimation X
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L Optimal Optimal Velocity
'{I - Kglr‘nan Filtn.ar. Estimate 145 - Estimated Velocity
g 1|. @ Initial Condition
||1 @& Noisy Measurements |omm ===
n |
| \ 14.0 - —r=
E B 'LII. Convergence //\ ,-f'f
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Hands-on Example

Catapult: Estiamted vs. True Trajectory

10
Optimal
=== [alman Filter Estimate
A - & Initial Condition
@& Noisy HEESUﬁI‘I‘lEI‘ﬂIS
o
6 meaSu
—_ rem
E ent,
3
4 4
-
2 T, - .
.‘."'I
.,
L4 h'\“
I}_ 1 I I 1 I I 1 I
0.0 25 g0 15 oo 125 150 175 200
Sy[m]
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14.0

Ball Throw: Velocity Estimation X
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Optimal Velocity
Estimated Velocity
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Hands-on Example

ency
. eqQ .
and he?
10 Catapult: E%cqted vs. True Trajectory Ball Throw: Error of Measurements
Optimal . Measurements Error
=== [alman Filter Estimate e Estimattion Error
8 @ Initial Condition

@& Noisy Measurements

sym]
error

000 025 050 075 100 125 150 175 200
t
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- Applications in our research



| RWTHAACHEN
et e UNIVERSITY







Homework

Aid Karl the Little in attacking his vicious
opponent

Jupyter notebook on Moodle
Catapult: Observed Trajectory

Exercise to understand Kalman Filters and their 10 -
parameters e Initial Condition
B - @ Moisy Observations

No Python code required in the exam

RWTH
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- Next Part



Software architectures and testing concepts

With Patrick Scheffe
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