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RCS Activities TUm

What do we work on?
m System-level design of real-time and embedded systems

m Embedded control systems (cyber-physical systems)
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RCS Activities TUm

Some application domains:
m Sensor systems: Body-area sensor networks, indoor navigation

m Power management of portable devices (e.g., projects with
Intel, Google)

Automotive electronics and software
Electric vehicles
Battery management systems

Drone platforms

Timing analysis of embedded systems
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What will we study in this course? Tum

m Programming Intelligent Physical Systems?

m What is the difference between programming computers and
programming physical systems?

m Connections to control theory?

m Extensions of control theory.

m Connections with Cyber-Physical Systems (CPS)
m Computer + Physical System = CPS
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Role of control theory in this course UM

m What does control theory deal with?

m We will look at how to systematically implement controllers
on distributed information technology platforms

m While control theory is concerned with designing control
algorithms or control strategies, we will be concerned with the
science of implementing control algorithms
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Tm

Difference between programming computers and programming
physical systems

m Computers as data processing machines

m Computer program specifies how the input data is to be
processed to generate output data

m But increasingly, we want to program a computer to make a
robot do certain things, or a drone to fly in a certain manner,
or a car to drive without colliding

m In these cases, we need a model of the physical system

®m Then we need to actuate the system to enable it to behave in
the desired fashion

m Control theory provides us the tools for the above two steps

m Techniques from cyber-physical systems (CPS) allow us to
implement such controllers on computers or distributed
embedded systems
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What is a cyber-physical system? Tum

E. Lee and S. Seshia, Introduction to Embedded Systems — A
Cyber-Physical Systems Approach, 2014. Online available
at www.leeseshia.org.

“A cyber-physical system (CPS)
is an integration of computation
with physical processes.
Embedded computers and
networks monitor and control the
physical processes, usually with
feedback loops where physical
processes affect computations
and vice versa.”
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Tm

E. Lee, Computing foundations and practice for cyber-physical
systems: A preliminary report. 2007

“..., we may think of cyber-physical systems to comprise embedded
systems (the information processing part) and the physical

environment.”

Platform 1 Platform 2
Merge
Computationl Computation3
Computation2 physical
interface
—y—
physical
interface network
— fabric

Physical
plant

Figure: Common structure of an embedded /cyber-physical system.

Source: LeeSeshial4
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Components of an embedded/cyber-physical system  TUTI

m Physical plant is the physical part of the cyber-physical system

consisting e.g. mechanical/electrical parts;

biological /chemical processes.
m Cyber part consists of sensors, actuators, embedded
computers, software and communication infrastructure.

Merge

Platform 2

Actuatorl
<X

physical
interface
—v—

Platform 1
Computationl Computation3
Computation2
physical
interface network
— fabric

Physical

plant

Figure: Common structure of an embedded/cyber-physical system.

Source: LeeSeshiald
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Example: Adaptive Cruise Control m

Adaptive Cruise Control

1) Vehicle cruise.
control set at 70 mph

2) Radar detects slower vehicle
ahead, reduces speed to return
vehicle to a safe following distance

3) Cruise control adjusts to the lead vehicle's speed
and resets to the original speed i traffic clears

Image: http://blog.oakridgeford.com/

Different modeling concepts

m Ordinary differential equations are used to describe the vehicle
dynamics.

m Finite state machines are used to model the different modes
of the system, such as “vehicle ahead” or “no vehicle ahead”.
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Example: Production Lines m

Baking line from the High-level Design Lab (RCS)
Components

m Boxes, oven, mixer,
silos, conveyor belts,
rotatory tables,...

Description

m Boxes are moved from
start position to end
position.

m First stage: filling the
boxes with material.

m Second stage: mixing
the granulate material.

m Third stage: baking the
material at a certain
temperature in the

oven.
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Baking line: schematic overview with sensors and actuator signals

MFS1 MFSZ MFSJ
Infrared sensor

[SLSJ]

Infrared sensor | Infrared sensor
[sst] [SLSZ]

Contact switchto Contact switch

03 August, 2019

the balance

[STD1W]

.

MDIW — 3

MDIF —3 |

MFBD1 —3>

Contact swich to
conveyor belt 1

[STD18]

MFB1 —3

e ®

Induciive sensor

__sioil

a ¥ y “istozn
[sTD2W]

Rotary
table 1

Balance

Rotary
table 2

Conveyor
belt 1

®

!

MFBW  WAAGE

Induciive sensor
[SIF1]

Induciive sensor

[SIFW]

Contact switch
o mixer

(STD2M]

Mixer
Inductve sensor
[SIFM] .

MFBM —»

Inducive sensor

[sip2)

- €—— vo2m

<«— mvG
~—— MmaP

<— N

ontact swich at
mixer's work positon

s [STMA]

i ws sangeston

MFBO —3>
Induciive sensor

s i@ OO0

«—— OFEN

e ®

Samarjit Chakraborty: Programming Intelligent Physical Systems

page 13 of 105



Rotational sorter

E X, y encode
destination

m p activates the pusher

m b activates the
incoming conveyor
belt
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Example: Mobile Robots in an Urban Environment  TUT]

Road network with parking lots Mobile robots

Traffic lights
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Embedded and cyber-physical systems are everywhere TUT]

Industrial production systems
Avionics
Railway systems

Automotive

Medical devices

n
n

n

n

m Mobile communication
[

m Robotics

n

Buildings and home applications

ACM Special Interest Group on Embedded Systems:
“..the potential for embedded computing quite literally everywhere
is becoming a reality.”
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Your background TUm

Please introduce yourself
m Name
m Program - Bachelors/Masters/PhD?
m Discipline - CS/EE/...7
m Have you done a course on control theory?
m Have you done a course on embedded systems?
m What is your understanding of CPS?
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Coming up next ... Tum

How to design a controller (based on classical control theory)?

m Given a plant model, how to design a controller in the
continuous time case

m How to design a controller in the discrete time case (since the
controller will be implemented in software that will run on a
digital platform)
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Tm

Controller Design for Continuous-Time Systems
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What is the meaning of designing a controller?

m Given a plant, we want to design a controller to enforce a
desired behavior on the plant (actually on the combination of
the plant and a controller)

m What are examples of such desired behaviors? Some state of
the plant or its output approaches a specified reference with
time

m For example, the temperature of a room approaches 22 deg C
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Embedded Control Systems Tum

Physical System :
Actuators

Sensors ] -
T Continuous-time

| AD| | DA

| !

[ Real-time applications

frrrmm,

Discrete-time

[ Multimedia applications

[

Embedded platform: Control software
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System Dynamics UM

Given physical system: Position control using DC motor

Figure: Inverted Pendulum

m In order to design the controller, we first need a mathematical
model of the dynamics of the system

m 0 = shaft angular position, 7 = applied motor torque
m System dynamics: 6 = 376 + 7.50 + 64507
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Laplace Transform Tum

The Laplace transform of a time-domain function f(t) is given by:

F(s) = L[F(£)] = / F(t)etdt, ¢ > 0

00
0

You may read L as "Laplace transform of" and s is a complex
number given as s = a+ ib
Some properties:

4 ()
L5 = [F(s) = F(07)]

a? [(f) /
L e [s2F(s) — sf(0T) — £/(0T)]
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System Models TUTI

m Input-output model (Transfer function) — suitable for
frequency domain analysis
m The relation between input u(t) and output y(t) (observed
variable — e.g., position, temperature)
m The analysis is done in frequency domain by taking Laplace

transform
Y(s)

~ U(s)

where s is the complex frequency

G(s)

m State-space model — suitable for time domain analysis
m Represent the system in terms of a number of internal states

x(t) = Ax(t) + Bu(t)
y(t) = (1)
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Computing state-space model — Example

System dynamics: 6 = 376 + 7.50 + 67507
Input: =7, and output: y =0 =x9
States: x3 = 0:xp = 0

State-space model:

X] = X
Xp = 37x1 + 7.5x1 + 6450u

k—lo 1 X+ 0 ]u
37 7.5 6450 % = Ax + Bu
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Exercises Tum

Find a state-space model for the following system:
X +5x +6x =8u

with output y = x and input v.
Consider the follwing DC motor model:

J0 + bl = Ki
Li+Ri=V—Kb

where 6 is the shaft position, y the output, V is the terminal
voltage and system input. J, b, K, L, R are constant motor
parameters. Find a state-space model for this system.
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Computing transfer function — Example UM

System dynamics: 6 = 376 + 7.50 + 64507

Input and Output: u = 7 (input motor torque);
y = 6 (position)
Take Laplace transform with zero initial condition:

s%0(s) = 376(s) + 7.5s0(s) + 64507 (s)

Transfer Function:
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Exercises Tum

Find the transfer function between x and u:
X + 5x + 6x = 8u

Consider the following DC motor model:

JO + b = Ki
Li+Ri=V—K0

where 6 is the shaft position, y the output, V is the terminal
voltage and system input. J, b, K, L, R are constant motor
parameters. Find the transfer function between 6 and V.
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State-space to Transfer Function

State-space
model

Laplace
transform and
x(0)=0

03 August, 2019

sX(s) = AX(s) + BU(s)
Y(s) = CX(s)
X(s) = (sl — A)"LBU(s)
Y(s) = C(sl — A)"1BU(s)
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Poles and Zeros TUm

m Given transfer function G(s) = %, the system poles are
roots of the polynomial D(s) and the system zeros are roots
of polynomial N(s)

m Example:

2 1

Gy — (502 +1)

(s—1)(s—2)(s—3)
Zeros: —0.2,—1; Poles: 1,2,3

m Example: Double Integrator:

Zeros: none; Poles: 0,0
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Eigenvalues of a matrix m

A number X is an eigenvalue of an n x n matrix A if there is a
nonzero n vector x such that

Ax = Ax

The corresponding vector x is the eigenvector of the matrix A.
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Eigenvalues of a matrix m

For a given ), the eigenvector equation
Ax = Ax
is equivalent to the linear homogeneous equation

[A— A]x =0

Such an equation possesses a nonzero solution if and only if the
determinant of the coefficient matrix vanishes.
Hence, for X to be an eigenvalue of the matrix A, the following
should hold:

det[A—X]=0
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Characteristic equation Tum

m Alternatively, system poles can also be computed from the
state-space model by computing the Characteristic Equation
which is given by:

det(Al—A) =0
m System poles are the roots of the characteristic polynomial
det(Al — A)

m System poles are the eigenvalues of A
m Example: Double Integrator

01
A -1
wea- [y ]
det(\ — A) = \?
= Poles at 0,0
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Stability m

There are various notions
m Bounded-Input Bounded-Output (BIBO) stability
m Stability in the sense of Lyapunov
m Asymptotic stability
m Exponential stability
m etc.

Our lecture is mainly confined to the following aspects:
Ix(t)], |y(t)], |u(t)| < oo (all signals are bounded),
y(t) — 0; t — oo (asymptotic stability)
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Stability condition: continuous-time case m

m Stable system: All poles should have negative real part

m Marginally stable system: One or multiple poles are on
imaginary axis and all other poles have negative real parts

m Unstable system: One or more poles with positive real part.

Marginally Stable

Stable Unstable
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Stability

m Example: ( )( )
_ s+02)(s+1
o) = oG- 296 -3)

Poles at 1,2,3 = Unstable!

m Example:
1
G(S) = 57
Poles at 0,0 = Marginally stable
m Example:
1
G(s) = ——
() s2+4

Poles at £2/ = Marginally stable
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Summary

System dynamics: 0 = 376 + 7.50 + 64507

State Space

>"<—_0 1_X—|— 0
~ 137 75 6450| !
y:_l O}x
SR
A=l37 75
[ A1
A= A= —37 A—7.5]

det(A\ — A) = A\ — 7.5\ — 37

= Poles at 10.9, —3.4

Transfer Function

o(s) 6450
7(s) s2—7.5s—37

= Roots of s2 — 7.55s — 37
= Poles at 10.9,-3.4

= Unstable!
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Summary m

How to compute system poles?
Roots of det(A — A)
Eigenvalues of system matrix A
Solution of system characteristics equation det(A — A) =0

Roots of D(s) for the transfer function G(s) = gg

m Stable system: All poles with negative real part

m Marginally stable system: One or multiple poles are on
imaginary axis and all other poles have negative real parts

m Unstable system: One or more poles with positive real part.
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Summary m

What have we learnt?

What are system dynamics, input-output model and transfer
function

Stability is governed by system poles

Depending on the location of the poles, the system can be
stable, unstable or marginally stable
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Controller Design Problem Tum

m We have a linear system given by the state-space model

x = Ax+ Bu

y = Cx
m For n-dimensional system Single-Input-Single-Output (SISO)

systems
/
AceR"XR"BeR"x1,CelxR"

m Objective

y = rt— oo
mu=7
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State feedback Tm

Open-loop
system, i.e. with u =0 = %X = Ax
Closed-loop system with state-feedback control: u = Kx + Fr

x = (A+ BK)x + BFr
y = Cx
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Controller Design TUTI

m Control law
u= Kx -+ Fr

r: reference, K: feedback gain, F: static feedforward gain
m How to design K?
m How to design F?
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Feedback Gain: Ackermann’s Formula Tum

m Choose the desired closed-loop poles at
[al Qy 3 - O[n}
m Using Ackermann’s formula we get:

K==[0 0 - 1[yH(A)
'y:[B AB A’B ... A"—lB}
HA) = (A—a1l)(A—ax)(A—a3l)--- (A—apl)

m Poles of (A+ BL) are at [041 oy a3 - an}
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Static Feedforward Gain

u=Kx+ Fr
K: pole placement; F: static feedforward gains are calculated as
follows

X = (A+ BK)x + BFr
y = Cx
— X(s) = (sl — A— BK)"'BFR(S)
— Y(s) = CX(s) = C(sl — A— BK) " 1BFR(S)

R~ C(sl— A— BK) 'BF

F should be chosen such that y(t) — r;t — oo
T i : 1

Using final value theorem: lims_,osY(s) =r; F = CCABKY 1B

03 August, 2019
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Summary of Overall Design Tum

m Given System: Objectives:
% — Ax + Bu Place system poles
y = Cx H Achieve y — r;t — 00

Design K and F
m Control Law : u= Kx + Fr

Check controllability of (A, B). v must be invertible.
N = [B AB A’B ... AHB]
Apply Ackermann’s formula
K==[0 0 - 1]y7tH(A)

1

Feedforward gain: F = C(—A—BK) 'B
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Summary: Pole Placement m

It is reasonable to represent system performance by its poles.

Time- domain
settling time, rise time, | .
overshoot

Frequency-domain —> | Specification | —» " Desired poles
Gain Margin, ) \ )

Phase Margin

External constraints
Input saturation

Va
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Tm

Controller Design for Discrete-Time Systems
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Digital Platform:Sample and Hold Tum

Processor clock

l ulte u(t) Continuous-time X X(t) l s
D/A system_ —>| Sampler I—)[ A/DT
Control
Algorithm

D/A — digital-to-analog converter
A/D — analog-to-digital converter

« Input u(t) is piecewise constant
* Look at the sampling points
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ZOH Sampling Tum

x() ’/u

t—

ﬁSampIing period = h

W | | I
tk tk+1 tk+2

u(t)

t—

piecewise constant

u(t) = ulte) te < t < tggr
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Continuous to Discrete Case

The solution to the matrix equation

q9 _

=A
dt ¢

where ¢ is an n x n matrix, given by

o(t) = e, if $(0) =/

A2t A33
At __
e —I+At+—2! +73! + ...
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Discretization

m Continuous-time state-space model

x(t) = Ax(t) + Bu(t)
y(t) = Cx(1)

m Taking Laplace transform

sX(s) — x(0) = AX(s) + BU(s)(sl — A)X(s) = x(0)+ BU(s)X(s)

m Taking inverse Laplace transform

LTHX(s)] =L [(s = A)7Hx(0) + L7H(sl — A) T BU(s)]

t
x(t) = e’tx(0) +/ A=) Bu(r)dr
0
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Discretization: Basic Maths Tum
m Periodic sampling: tx11 — tx = h (sampling period is constant)

m We have

tep1— 1t
x(trp1) = Bt (1) +/ : e*Bds.u(t)
0
m Replacing (tx+1 — tx) with sampling period h in
h
x(tes) = Ax(t) + / e Bds.u(tx)
0

m We obtain x(tx11) = ¢x(tx) + Iu(tk)
where

¢:eAh

h
F:/ e”*° Bds
0
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Discrete-time System Stability UM
m Stable system
= Absolute values of all poles lesser than unity

m Marginally stable system
= Absolute values of one or multiple poles are unity

m Unstable system

= Absolute values of one or more poles are greater than unity

1
Marginally stable

Stable \ ynstable
1

Unit circle
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Design: Step 1 (Discretization) m

x = Ax + Bu
y =Cx
ZOH periodic sampling with period = h

x[k + 1] = ¢x[k] + "u[k]

y[k] = Cx[k]
where:
b = A

h
F:/ e”*Bds
0

A2R2 A3R3
= I Ah g
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Design: Step 2 (Controller Design) UM

m Given System:

Objectives:
x[k + 1] = ¢x[k] + I'ulk] Place system poles
y[k] = Cx[k] Achieve y - rast — oo

m Control Law : Design K and F

ulk] = Kx[k] + Fr
Check controllability of (¢,I") — must be controllable. v must

be invertible.
y=[I oI &0 - ¢" T
Apply Ackermann’s formula
K==[0 0 - 1y H(e)

e 1
Feedforward gain: F = Cl—¢—TK) T
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Step 2 TUTI

m Given:
x[k + 1] = ¢x[k] + I'u[k]
ylk] = Cx[K]
PpeR"XR"I'eR"x1,CelxR"
m The control input u[k] = Kx[k] such that closed-loop poles

are at
[al a2 Qaz - O‘n]
m Using Ackermann’s formula:
K=-[0 0 - 1]y H(9)
where
y=[I ¢l @0 - ¢" ]

H(¢) = (¢ — axl)(¢ — a2l)(¢ — asl) -+ (¢ — anl)
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Continuous Vs Discrete Time

Continuous-time
x = Ax + Bu

y = Cx

ZOH periodic sampled
x|k + 1] = ¢x[k] + TulK]
[kl = Cx[K]

Input: u= Kx+ Fr

Input: ulk] = Kx[k] + Fr

_ 1
F‘_<x—A—BKyJB

Controllability matrix: v = | Controllability matrix: v =

[B AB A2B A"—lB} [F o 2T qs"—ﬂ

K=—10 0 --- 1|7 *H(A) | K=—1[0 0 --- 1|y tH(9)
F = I

C(l—p—T'K)"'r
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What's Next? Tum

m Although we have assumed discrete sampling with ZOH, we
have also assumed that the control input is available exactly
at the same time when the system state has been sampled.

m In many real systems, it might take non-negligible time to
compute the control input and also to communicate the
control signal.

m As a result, the system dynamics will be different from what
we have considered.

m How should the controller be designed in such a case?

03 August, 2019 Samarjit Chakraborty: Programming Intelligent Physical Systems page 56 of 105



We will next discuss how to perform timing analysis of distributed
embedded platforms. In particular, we will look at:

m Worst-Case Execution Time Analysis

m Schedulability Analysis
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Tm

Basics of timing analysis: Worst Case Execution
Time (WCET) analysis of programs running on a
single processor
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WCET estimation m

Simulation results

[ A

tmin Tmm Trnaw tmax

estimated bound
m Estimated bounds should enclose the actual bounds (be safe)

m The goal is to obtain bounds that are as tight as possible, i.e.,
tmin is almost equal to Tmin and tnax is almost equal to Tpax
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WCET estimation: constrained optimization problem TUTI

m Execution time of a program stems from the time it takes to
execute the various instructions in the program

m Hence, total execution time of a program E = Z,N:l cixj, where
¢; is the execution time of instruction /i and x; is the number of
times the instruction i is executed. N is the number of different
instructions in the program

m WCET = max E subject to certain constraints on how many
times the different instructions can be executed

m Because of the constraints, not all possible values of x;s are
feasible (because not all program paths might be feasible)
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What are the constraints? Tum

| %

By if(p) %
if (p) wontrol Flow Graph
q=1
else Bzi q=1; x, B3: q=2; X,
q=2;
r=q; d4 d5

By r=q; x

} q

m X; is the number of times the basic block i is executed

m d; is the number of times a particular edge is followed
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What is a basic block? Tum

m It is a block of code with only one entry and one exit point

m Once a code enters a basic block then all the instructions in
the basic block are executed

m There are no conditional branches inside a basic block

m The execution counts of all instructions in a basic block are the
same

m Hence, total execution time of a program E = Z,N:l cixj, where
¢; is the execution time of basic block i and x; is the number
of times the basic block i is executed. N is the number of
different basic blocks in the program. By using basic blocks
instead of instructions, we reduce the number of variables in
the optimization problem WCET = max E
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Structural constraints m

By: if (p) Xdl r1 =dy =do+ds
xp =dp =dy
By =L x, By q=20 X3 g3 =d3z =ds
x4=d4+d5=d6

=q Xy 8 structural constraints

m The structural constraints stem from the control flow in the
program

m These constraints can be automatically derived by analyzing
the control flow graph of the program
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Logical constraints TUm

x1l 1=0;
x2 while (1 <100)
x3  {if (ok)
x4 7t

else
x5 { k++;

ok=1;}

X6 i+ }

m Logical constraints arise from the logical flow in the program
m Examples: x5 <1 and x4 > 99 (do you understand why?)

m These constraints might not always be automatically derivable
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WCET as constrained optimization UM

m WCET = max E, where E = Z,Nzl cixj, and ¢; is the execution
time of basic block 7, x; is the number of times the basic block
i is executed, and N is the number of different basic blocks in
the program, subject to the structural and logical constraints

m Since the objective function is linear, all the constraints are lin-
ear, and we are only interested in integer valuations of the x;s,
this is an integer linear programming problem (ILP) and can
be solved by an ILP solver (see: http://www.gurobi.com/
resources/switching-to-gurobi/open-source-solvers)

m Examples of WCET analyzers: www.absint.com
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Microarchitecture modeling for WCET estimation

m So far we assumed that the execution time of an instruction (or
a basic block) is constant

But this is not true. For example, the execution time of an
instruction will be different depending on whether or not it is
in the cache

The ILP formulation we saw can be extended to incorporate
the effects of caches, pipelines, and speculative execution (like
branch prediction)

Current WCET analyzers use a combination of ILP, abstract
interpretation, and model checking

See: Ravindra Metta, Martin Becker, Prasad Bokil, Samarjit
Chakraborty, R. Venkatesh: TI/C: a scalable model checking based
approach to WCET estimation. 17th ACM SIGPLAN/SIGBED Con-
ference on Languages, Compilers, Tools, and Theory for Embedded
Systems (LCTES), extended version to appear in Software Tools
for Technology Transfer, https://arxiv.org/abs/1802.09239
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Schedulability analysis for a single processor
platform
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Implementation on a shared processor m

Physical System

Sensors Actuators Shared processor

m Control tasks

DT@ m Real-time tasks

v
Tasks: [ Control Tasks: C; ] [ Real-time Tasks: T; ]
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Problem description m

m Multiple real-time tasks are running on the processor. The real-
time tasks are denoted by T;.

m There are one or more control applications (control tasks) run-
ning on the same processor. These tasks are denoted by C;.

m All tasks are executed on a single processor. The processor is
the shared computational resource.

m A task scheduler chooses which task to execute at a given time.

m This is a very common setup where a control application has
to share the computational resource with other real-time tasks.

m The problem is that the control applications and real-time appli-
cations have different types of requirements (will be explained
in the coming slides). This need to be taken into account in
the design process.
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Processor Tum

m A task T; is a piece of code (e.g., ¢, Java language code) which
implements a specific functionality.

Usually, multiple tasks run on a processor.

A processor runs a real-time operating system (RTOS) that
manages the execution of the tasks according to their schedules
(task schedulers).

Scheduling

m Choice of which task to execute at a given time.
m The tasks can be scheduled either in time-triggered or in event-
triggered fashion depending on the RTOS and the scheduler.
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Time-triggered tasks

m The time-trigged tasks are often periodic.

; €;
e; i
04
[
Y25 b;
fime

m Schedule for a task T;: {o;, e, pi}

m o;: the task offset
m ¢;: the worst-case execution time
m p;: the task period

m An instance of the task is called a job.
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Time-triggered tasks TLTI

A periodic dispatcher is used to trigger the tasks.

m The start time of the k-th job of a periodic time-triggered task
T; is given by:
ti(k) = oj + k x p;.

m The finish time of the k-th job of a periodic time-triggered task
T; is given by:

ti(k) = oj + k x pi + €.

m Time-predictable.

m Inflexible since the task schedules are pre-defined. This results
in poor resource utilization.
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Tm

Event-triggered tasks

m The task is triggered in an event-driven fashion.
m Event can be a processor interrupt or an external signal (e.g.,

voltage pulse, switch).

event event event

G fime

L] T,': €.
m Better resource utilization and flexible.
m Not time-predictable — real-time properties need to be verified

and guaranteed by the designer.
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Preemptions and response time Tum

m The worst-case execution time is the sum of all execution seg-

ments
e =e€e;+eptec+---.

m The worst-case response time is the longest time taken by the
processor to allow e; time of execution for the task T;.

m When preempted: the processor either runs another higher pri-
ority task or be idle (for some other reason such as heating and
thermal problems).

m A scheduler can either be preemptive or non-preemptive.

preemptions
€q € €c
T |

Response time R; 1

period = p;
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Preemptive tasks

running

Preemption

Waiting

Event + Preemption

waifing running

Not ready

Event (e.g., start/end of period)

- Not ready
T J

Response fime R; 1

period = p;
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Non-preemptive tasks m

rewy

Event + Blocked

Event (e.g., start/end of period)

Not ready

ready running

€] notreacy [ C

Response fime R;

|

period = p;
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Real-time task model

m Period p;
m Relative Deadline D;
m WCET ¢
&
TI € TI
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Schedulability m

A task set is schedulable if and only if all jobs of all tasks meet
their relative deadline D;, i.e.

Ri < D;,Vi

Relative deadline D,

TEEETT | o

L Response time R
period = p;
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Real-time tasks — schedulability UM

m For hard real-time tasks, the deadlines must always be met.

m A system is not schedulable if the scheduler cannot find a way
to switch between the tasks such that the deadlines are met.

m The test is sufficient if, when it answers "Yes", all deadlines will
be met.

m The test is necessary if, when it answers "No", there really is a
situation where deadlines could be missed.

m The test is exact if it is both sufficient and necessary.

m A sufficient test is an absolute requirement and one likes it to
be as close to necessary as possible (known as tightness of an
analysis).

03 August, 2019 Samarjit Chakraborty: Programming Intelligent Physical Systems page 77 of 105



Processor utilization

Task | period | deadline | WCET
T1 P1 Dy e1
7> P2 D, €
T3 P3 Ds €3

Total processor utilization: U ="

i

&
Pi

m The worst-case utilization is very important performance metric

for schedulability

m Often, a design criteria is U < Ujimiz

m For 100% processor utilization U = 1.0

m For 100% processor utilization implies that the processor has

no idle time
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Processor Load TUm

Tasks | period | deadline | WCET

T1 p1 Dy e1
1> p2 D> )
T3 P3 Ds €3

Demand bound function: h(t) = >-7 max(0, Lt_p—iD" +1]) x ¢

Processor Load: nllax( h(t ))

For schedulability in the uni-processor case: Load < l,Vt‘
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The critical instant Tum

m It can be shown that, in the single processor case, the worst
situation, from a schedulability perspective, occurs when all
tasks want to start their execution at the same time instant

m This is known as the critical instant.

m If we can show that the task set is schedulable in this situation,
it will also be schedulable in other situations.

m If we can show that the task set is schedulable for the worst
case execution times, then the task set will also be schedulable
if the actual execution times are shorter.

m Hence, all single processor (uni-processor) scheduling analysis
only needs to check for this case.
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Tasks | period | deadline | WCET
T p1 Dy el
T2 p2 D, €
T3 P3 D3 e3
T, T
T] T2 T3
D]
D,
D3
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Scheduling the tasks onto a processor Tum

m Fixed priority
m Deadline monotonic (DM)
m Rate monotonic (RM)
.

m Dynamic priority
m Earliest Deadline First (EDF)
m
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Fixed priority preemptive Tum

m Each task has a fixed priority

m The task dispatcher selects the task with the highest priority

m All tasks are preemptive: if a higher priority task arrives while
a lower priority task is running, the lower priority task will be
stopped and higher priority task will be executed

m There are different ways to assign priority to the tasks (priority
assignment problems). Well-known schemes are:

m Deadline monotonic
m Rate monotonic
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Rate monotonic (fixed priority) Tum

n periodic tasks T; : p;, Di, e

Priorities are set monotonically to the periods — a task with a
shorter period is assigned higher priority and preemptive

n
Processor utilization: U = )’ %
._1 1

D; = p;, i.e. Deadline = period

Schedulability test (sufficient condition):
U= Z 5 < (2" 1)

where n is the number of scheduled tasks. The above test is
conservative compared to response time analysis.
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Example 1 TUTI

Consider the given fixed priority and preemptive task set running

on a processor. The priorities are assigned using a rate monotonic
scheme. Perform a schedulability test if all the tasks are going to
meet their deadline under a rate monotonic scheme.

Tasks | pj (ms) | D; (ms) | e (ms) priority
T1 15 15 3 1 (highest)
T 20 20 8 2
T3 30 30 12 3

U= - & _ i_i_ 8 _|_E 1> n(21/"—l) = 3X(21/3—1) =0.78
T 4p 152030 B o

= Not schedulable!
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Example 1

Tasks | pi (ms) | Dj (ms) | e (ms) priority
T1 15 15 3 1 (highest)
T 20 20 8 2
T3 30 30 12 3

Timing at the critical instant

T, 1,71
112:13 T, T,

2 | Task 3 not finished

= Not schedulable!
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Example 2 TUTI

Consider the given fixed priority and preemptive task set running
on a processor. The priorities are assigned using rate monotonic

scheme. Perform a schedulability test if all the tasks are going to
meet their deadline under a rate monotonic scheme.

Tasks | pj (ms) | D; (ms) | e (ms) priority
T1 15 15 3 1 (highest)
T 20 20 8 2
T3 30 30 4 3

D g 3 8 4
uv="2L=>- = 0.73 < n(2Y"-1) = 3x(2Y/3-1) = 0.78
2o T 15720130 n(@71) = 3@

= Schedulable!
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Example 2
Tasks | p; (ms) | D; (ms) | e (ms) priority
T1 15 15 3 1 (highest)
T> 20 20 8 2
T3 30 30 4 3

Timing at the critical instant

T] 'T2'T3

4

R3 =15< D3

= Schedulable!
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Deadline monotonic (fixed priority) TUTI

n periodic tasks T; : {p;, D;, i}

m Priorities are set monotonically to the deadline — a task with a
shorter deadline is assigned a higher priority.

m Preemptive.

m Processor utilization

U= Z

= Pi
m Deadline D; < period p;
m Schedulability test (sufficient condition)
i=n &
i=1 D (2 1)
where n is the number of scheduled tasks. The above test is
conservative compared to response time analysis.
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m Example 3

Tm

Consider the given fixed priority and preemptive task set run-
ning on a processor. The priorities are assigned using deadline
monotonic scheme. Perform a schedulability test if all the tasks

are going to meet their deadlines.

Tasks | pi(ms) | Di(ms) | ei(ms) | priority
T; 30 15 3 1
T 20 20 8 2
T3 40 30 12 3

e 3 8 12
D 1520 30

i=1

03 August, 2019

1.0 = Not schedulable!
>3x (25 —1)>0.78
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Tasks | pi(ms) | D;(ms) | e(ms) | priority
T 30 15 3 1
T 20 20 8 2
T3 40 30 12 3
m Timing at the critical instant
TIIT2!T3
T2 T
F3 =34 > D3

03 August, 2019

Not schedulable
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m Example 4

Tm

Consider the given fixed priority task and preemptive set run-
ning on a processor. The priorities are assigned using deadline
monotonic scheme. Perform a schedulability test if all the tasks
are going to meet deadline under deadline monotonic scheme.

Tasks pi(ms) D;(ms) ei(ms) priority
T 30 15 3 1
T, 20 20 4 2
T3 40 30 4 3
— _ 4 4
Z TR

= 0.5333 = Schedulable!
<3x(25-1)<0.78
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Tm

m Example 5
Consider the given fixed priority and preemptive task set run-
ning on a processor. The priorities are assigned using deadline
monotonic scheme. Perform a schedulability test if all the tasks
are going to meet deadline under deadline monotonic scheme.

Tasks | pi(ms) | Di(ms) | e(ms) | priority
T 30 15 3 1
T, 20 20 4 2
T3 40 30 4 3
Ty 50 40 5 4
3 > _ 06583 = Schedulable!
Z 75 + A + % + 70 = dcChedulable

<4 x (28 —1)<0.7568
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Earliest Deadline First (dynamic scheduling) m

m Dynamic dispatcher: all scheduling decisions are made online.
Optimal schedule and 100% utilization is possible when D; = p;

m The task with the shortest relative deadline runs

m Preemptive

m Task model T; : {pj, D;, e}

m Deadline D; = period p;

m Schedulability test (necessary and sufficient test):

€i
U= — <1
2p
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Tm

m Example 6
Consider the given fixed priority and preemptive task set running
on a processor. The tasks are running under EDF scheme.
Perform a schedulability test if all the tasks are going to meet
deadline under EDF.

Tasks pi(ms) D;(ms) ei(ms)

T1 30 30 3

T 20 20 8

T3 40 40 12
e 3 8 12

U= Z AL i

Z<p 30 20 ' 40

= 0.8 = Schedulable!
<1
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Tm

m Example 7
Consider the given fixed priority and preemptive task set running
on a processor. The tasks are running under EDF scheme.
Perform a schedulability test if all the tasks are going to meet
deadline under EDF.

Tasks pi(ms) D;(ms) ei(ms)
Ty 30 30 3
T, 20 20 4
IE 40 40 4
In 50 50 5

30 20 40 50

= 0.5 = Schedulable!
<1

i=4
& 3 .4 4 5
U:ZE:—+—+—+—
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Response time analysis TUm

A task set {T;}.
m Each task is represented as T; ~ {p;, Dj, €;}.

m Each task has a fixed unique priority (DM or RT or any other
scheme).

m All tasks are preemptive.

m For each task T;: D; < p;.

m Response time of a task T; is denoted as R;.

m Our objective is to make sure that for each task T;: R; < D;.

m Hence, we need to compute the response time R; for each task.
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Response time analysis TUm

m Response time with fixed priority preemptive scheduling for the
given task set is given by,

R;
Ri=e+ Y [Tl
vjehp(iy Pi

where hp(i) is the set of tasks of higher priority than task T;.
Ceiling function [x|returns the smallest integer greater than x.

m Recurrence relation needs to be solved iteratively using

1 R
Rt =e+ > [le.
vjehp(i) Pi

Start with R? = 0.
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m Example 8
Consider the given fixed priority task set running on a processor.
Compute response time for all the tasks. Check if real-time
tasks meeting their deadlines and control task meets its design

constraint.

Tasks | pi(ms) | Di(ms) | e(ms) | priority Remark
T 30 15 3 2 Real-time task
T, 20 12 8 1(highest) | Real-time task
T, h=30| D. =30 12 3 control task

m Note that the control task T. does not have a deadline. How-
ever, the design constraint is that R. < D.
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R=0,R} =8,R3=8— R, =8
Clearly, R, < Dy — deadline meet

RO =0, R11—3 R2=3+[H]e =11,

F\’1 —3+(p21e2—11 — R =11
Clearly, Ry < D1 — deadline meet

RO =0, R1_12
R2_12+( 1e1+[ lex =23,

RY =12+ f’;—ﬁel + [’%}eg =34, R, = 34
R: > D, violation of design constraints

I\)E ‘m-n

m The task set is not schedulable under the given priority since
control task violates the design constraint R. > D..
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Tm

Tasks | pi(ms) | Di(ms) | ej(ms) priority Remark
T 30 15 3 2 Real-time task
T, 20 12 8 1(highest) | Real-time task
T, h=30 | D. =30 12 3 control task
m Timing at the critical instant
T, T, T, T, T
Ry =34 > D3 !

03 August, 2019

Not schedulable!
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m Example 9
Consider the given fixed priority task set running on a processor.
Compute response time for all the tasks.
tasks meeting their deadlines and control task meets its design

Check if real-time

constraint.
Tasks | pi(ms) | Dij(ms) | ei(ms) priority Remark
T1 30 15 3 2 Real-time task
T, 20 12 8 1(highest) | Real-time task
T, h=50 | D. =50 12 3 control task
03 August, 2019 Samarjit Chakraborty: Programming Intelligent Physical Systems page 102 of 105



R> = 8 < Dy — deadline meet
Ry = 11 < Dy — deadline meet

RO =0,R! =12,
R} R!

RZ=12+ (gljel + [gjez =23,

RE=12+[50e + [BNey =31,

RE=12+[R7e; + [E7e, =34, D. = 34

R. < D. meeting design constraints

m The task set is schedulable under the given priority and control

task also meeting deadline. The control task with sampling
period h=30ms is not feasible on the processor (as we have
seen in Example 8). When we choose a longer sampling pe-

riod h=50ms, the design becomes feasible (as we could see in
Example 9).
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Tasks | pi(ms) | Di(ms) | e(ms) | priority Remark

Ty 30 15 3 2 Real-time task

T, 20 12 8 1(highest) | Real-time task

T, h=50 | D. =50 12 3 control task
m Timing at the critical instant

TIJTQJTC '|'2 TI
Rz =34 < D,
Schedulable!
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Next lectures:
m Accounting for platform timing properties in controller design

m Timing analysis for communication architectures
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