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1. Transpor tation netw orks

What?

road traf ¢ networks, power distribution networks,

water networks, railway networks, gas networks, etc.
Why?
Ef cient operation crucial for modern economy, environment, safety, ...

Expanding network expensive ! improve control
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1.1. Example: power network
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1.1. Example: power network

]
Delft Center for Systems and Contr ol TUDelft



1.2. Unied representation

Consider transportation networks in a uni ed way.

In general, in a transportation network,

there is commodity ,

which enters at sour ces,

which o ws over the network, |
_ O 5 M 6
to leave at sinks , \f \f ~
while components inuence the ow, .. Q O Q Q ......
which is restricted by inter connections . ‘ ‘
-0 O—0—7=0
Contr ol goals : Y Y Y {

avoiding congestion,
maximizing throughput,

minimizing control actions,
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2.1. Single-a gent contr ol

One control agent makes all decisions.

Consider the whole network at once.

Whole network controlled by a single agent,
Access to all actuators and sensors.

Issues with single-a gent control:

Undesirab le properties with respect to
robustness, reliability, scalability, responsiveness.

Technical issues :
communication delays, computational requirements, ...

Commer cial issues :
unavailability of information, restricted control access, ...
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2.2. Multi-a gent contr ol

Instead of using one control agent,
use multi-a gent, or distrib uted, approach.

Consider subnetworks instead of overall network

Each subnetwork controlled by single agent,
limited action capabilities,
limited informationg gathering,
limited processing skills.

Challenge for agents:
choose local actions with overall best performance
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3.1. Model predictive contr ol (MPC)

physical network

measurement of network state

Control Agent

System mode
control actions |- - - - - - I
I Desired I

Optimizer costs : behavior I

constraints

At each decision step, solve optimization problem that nds actions over a horizon
giving best performance, subject to model of system , objective function , constraints

on states, actions, and outputs.
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3.1. Model predictive contr ol (MPC)

After success in process industry, now also:
power, road traf ¢ , and railway networks.

Main advantages:
explicit way of integrating constraints,
easy way of integrating forecasts,

built in robustness against noise and modelling errors.

E.g., for transpor tation networks:

include capacity limits on links,
pro les of demands,

maximum queue lengths,
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3.2. Multi-agent MPC

Control Agent Control Agent

I
I Desired |
I behavior I
|

I
I Desired |
I behavior I
|

I Desired |
I behavior I
|

Each agent has limited action, information, and processing skills, while

subnetw orks inuence each other ! uncertainty in predictions over horizon

Communication and cooperation to reduce uncertainty
~ DCSClLunchColloquium - December 7,205 1028
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3.2. Multi-agent MPC

Agent controlling subnetwork i has to solve the following local optimization problem:
Find actions for subnetwork | over a horizon that

minimize a local objective function
based on local information of subnetwork i alone,

subject to:

the dynamics of subnetw ork 1,
and possibly additional constraints,
over the horizon.
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3.3. Subnetw ork models

Agent controlling subnetwork i uses a subnetw ork model .

L subnetwork j 1
VoL
/ O 9 O
_’O subnetwork |
v

subnetwork | »
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3.3. Subnetw ork models

Agent controlling subnetwork i uses a subnetw ork model .

subnetwork j 1

'
¢

>O O—0O

subnetwork j » Xl = fi(xkulsdi)

|
_’CR subnetwork |

x}( are states
ul. are actions

d\ are disturbances
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3.3. Subnetw ork models

Agent controlling subnetwork i uses a subnetw ork model .

l subnetwork j 1

subnetwork | »

O

N
/)

()

-0 -0

)
J/
_’CR subnetwork i

x}( are states
ul. are actions

d\ are disturbances

Subnetw ork i has
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3.3. Subnetw ork models

Agent controlling subnetwork i uses a subnetw ork model .

l subnetwork j 1

¢

subnetwork | » \\
O—O——-0O
) !
_’Q subnetwork |
v
Subnetw ork i has
neighbor sj 2 Nj = fj1;:::;jm. @
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= O d )
CH(GOT (T (@)TIT 8 2N

i
Xk+1

J1 —
Wout;k -

x| are states

ul. are actions

d\ are disturbances

ani;k are internetw ork inputs

w!' . are internetw ork output

ou

Cl' is the internetwork output selection
matrix
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3.3. Subnetw ork models

Agent controlling subnetwork i uses a subnetw ork model .

l subnetwork j 1

¢

subnetwork | » \\
() ()
/ N\ kﬁ O
subnetwork |

-0
v

Subnetw ork i has
neighborsj 2 Nj = fj1;:::;jm. 9

Internetw ork variables wy:

internetwork input and output variables
Local variables zy:

all other variables
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PR TP E ST R P I Jmi
= (XU AW wes )

CHIX)T (u)T (d)TT" 8j 2 N;

i
Xk+1

J! —
Wout;k -

x| are states

ul. are actions

d\ are disturbances

wfni;k are internetw ork inputs

w!' . are internetw ork output

ou

Cl' is the internetwork output selection
matrix

]
TUDelft



3.4. Local objective function

Agent controlling subnetwork i uses a local objective function |,

P
Jpeal = ls\lzo 1 cost based on variables per prediction step S.

Notation: tilde ~ over variable to represent variable over horizon, e.g.,

Jea@) = Stz i%

Objective-function distinction based on type of variables involved:

any variable, whether internetwork variable or not,
‘JllocaI(ZK : Wk)'

only local variables, so no internetwork variables,
‘]Ilocal(z"k)'
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3.4. Local optimization problem

Thus, the optimization problem becomes:

min ‘]Iocal(zk)
2
subject to
xik+1 = fi(xL;uL; L;an?ki;:::;wfnr;‘kii)
woo= CHI)T ()T (d)TIT 8j 2 N,
- N y o o
Xgen = F'(Xe N DUke N 1 0ke N 1’anﬁ<l+|\| 17 Wink+ N 1)
Wy = CH I )T Wi )T e )T 8 2 N;

and perhaps additional constraints.

]
Delft Center for Systems and Contr ol TUDelft



3.4. Local optimization problem

In the overall network Note that the agent controlling
internetwork variables between subnetwork i does not know
subnetworks i and j satisfy: the values of w)  and w) . .
Inter connecting constraints

| | _ ]

in;k - Wout;k

| | — ]

outk Win;k
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3.4. Local optimization problem

In the overall network Note that the agent controlling
internetwork variables between subnetwork i does not know
subnetworks i and j satisfy: the values of w)  and w) . .
Inter connecting constraints

| | _ ]

in;k - Wout;k

| | — ]

outk Win;k

For making predictions of subnetwork i
agent is missing information to make sure N
the interconnecting constraints are satis ed: ?? = wl ., forj 2 Ni:

in;k
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3.4. Local optimization problem

In the overall network Note that the agent controlling
internetwork variables between subnetwork i does not know
subnetworks i and j satisfy: the values of w)  and w) . .

Inter connecting constraints
| | —
in;k - W ut;k

o

i i _ ]
outk Win;k

For making predictions of subnetwork i

w! o= 77
agent is missing information to make sure ink N
the interconnecting constraints are satis ed: ?? = W, forj 2 Nj:
I ignore, estimate, negotiate, learn, ..., the unknowns.
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3.4. Obtaining agreement

A negotiation approach:

obtain agreement on internetwork variables through iterations .
All agents:

compute both optimal local variables and optimal internetwork variables;
send out the values of internetwork variables to neighboring agents;

re-optimize given received information and make new offer.

Additional cost term to encourage convergence:

X

. i i i jiy.
i .mi Jlocal(zk) + ‘Jinter(wk )r
2y Wy i2N;

subject to the dynamics of subnetwork i over the horizon.
- DCSClLunchColloguium —December 7,200 1628
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3.4. Obtaining agreement

Different types of

] ] a) i i i i agent 1

comm unication and ! ! ! ! agent 2
decision making schemes , . . 5

b) i A A ¢ agent 1

_ ! ! ! agent 2
serial versus parallel, | : : .

single versus multiple iterations. | g
c) A | A ! T agent 1
; ; agent 2

: 5 5 5 agent 1
o i bbbty 7
: : : : agent 2

e) THA ﬁn IYYYYW un Y Y ﬁt agent 1
Y \AAAALAA Y vvy agent 2

- g
<

]
Delft Center for Systems and Contr ol TUDelft



3.5. Serial versus parallel

Serial additional cost term:

2 3
Cooh
‘]ilnter(WJk )= ( Jsl) ( 2 ) 4 IT S
out;k
2 32 3 2 32 3
1) ji
+ S a4l O5aWipexs 49 54 Wiks
2 o | w) | 0 w'

out, prev;K

parameters:
L' 1 - Lagrangian multipliers,

Cc . penalty to force internetwork inputs to equal internetwork outputs,

w K w!  :information received from agentj at current or previous
in; prev; out; prev;k
iteration.
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3.5. Serial versus parallel

Parallel additional cost term:

2 3
N Bl
Ty = ()T (1T 4 Tk
out;K
2 32 3 2 32 3
j i
+ & a4l U5 Wnpens 40 154 Wik s
| |
2 0 | Wc{ut,prev;k | 0 W‘fnut;k
3 2
b c w ! w ! °
+ 4 _ir.1;k 5 4 .ir],prev;k 5
i ji
2 \NJout;k Wout,prev;k

parameters:
jsi : 2 . Lagrangian multipliers,
b : part of penalty on changes per iteration of internetwork variables agent i,
C . penalty to force internetwork inputs to equal internetwork outputs,

W s - information received from agent j at previous iteration only,

in;prev;K * 7" out; prev;k
Wj | . Wj |

in;prev;k * 7" out; prev;k
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3.5. Serial versus parallel

Update of the Lagrangian multiplier s:

- i ji ij

s+1 s t C(Win;s +1 jk Wout;s +1 jk)
ij — ] ij j i .
s+1 s * C(Win;s +1 jk WJout;s +1 jk )
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4. Example: load-frequenc y contr ol

commodity: power
sources: generators
sinks: loads
interconnections:  power lines
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4. Example: load-frequenc y contr ol

Two subnetworks, each controlled by a control agent.
Imbalance generation and consumption leads to frequency deviations.

Main goal: maintain frequency deviation in each subnetwork close to zero.

How? by controlling generation.
- DCSClLunchColloguium —December 7,2005 228
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4. Example: load-frequenc y contr ol

fi- i -
Pl P

f . frequency deviation;  : angle deviation pl ’. Pj’
g d

Pq: load deviation; Py: generation deviation
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4. Example: load-frequenc y contr ol

Agent controlling subnetwork i gets local objective function:

- X | | |
JIL)C&I(ZEI() - ql f ( f |I<+ p+1 )2 + ql Pg ( Pgl;k+ p)21
p=0

where ¢ ; = 100and ¢ , = 10.
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4. Example: load-frequenc y contr ol

Subnetwork i can be modeled as:

=2 f!
f_i: 1 fi+ KP' PI Kp| PGII KpiKSij j i):
Frequency deviation f' in subnetwork i in uenced by:
consumption deviation P(} within subnetwork,
generation change P/ within subnetwork,
change in power o wing over interconnection to other subnetwork,
(K Sij =2 )( J ! )
Thus:
power 0 wing over interconnection depends on variable of both subnetworks.
agent i does notknow !, agentj does notknow .
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4. Example: load-frequenc y contr ol

Continuous-time subnetwork model discretized into:

i Ay i i i i)
X1 = A'X + Brug + Bod + Bawy

whl o= x0T (ul)T (d)TT

where for subnetwork i

w i_k represents the internetwork input | from subnetwork j

in;

wf) uit.k represents the internetwork output ' to subnetwork j .
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4. Example: load-frequenc y contr ol

Example of serial run:

agent 2 (red) input and agent 1 (blue) output for Dt

80

-40

1 15 2 25 3 3.5 4 4.5 5 5.5 6
prediction step

lteration 1
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4. Example: load-frequenc y contr ol

Example of serial run:

agent 2 (red) input and agent 1 (blue) output for Ddt

80

40

1 15 2 25 3 3.5 4 4.5 5 5.5 6
prediction step

Iteration 2
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4. Example: load-frequenc y contr ol

Example of serial run:

agent 2 (red) input and agent 1 (blue) output for Ddt

80

40

prediction step

Iteration 3
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4. Example: load-frequenc y contr ol

Example of serial run:

agent 2 (red) input and agent 1 (blue) output for Ddt

80

40

prediction step

Iteration 4
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4. Example: load-frequenc y contr ol

Example of serial run:

agent 2 (red) input and agent 1 (blue) output for Ddt

80

40

prediction step

Iteration 5
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4. Example: load-frequenc y contr ol

Example of serial run:

agent 2 (red) input and agent 1 (blue) output for Ddt
80

60

401

Dd'

20

20

40

1 15 2 25 3 3.5 4 4.5 5 5.5 6
prediction step

Iteration 15
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4. Example: load-frequenc y contr ol

Example of serial run:

agent 2 (red) input and agent 1 (blue) output for Ddt

80
60
a0}
——
= 20 \
o x
20 | -
40

1 15 2 25 3 3.5 4 4.5 5 5.5 6
prediction step

Iteration 30
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4. Example: load-frequenc y contr ol

Example of serial run:

agent 2 (red) input and agent 1 (blue) output for Ddt

80
60
a0}
——
= 20 \
o x
20 | -
40

1 15 2 25 3 3.5 4 4.5 5 5.5 6
prediction step

Iteration 80
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4. Example: load-frequenc y contr ol

Example of serial run:

agent 2 (red) input and agent 1 (blue) output for Ddt

80
60
a0}
——
= 20 \
o x
20 | -
40

1 15 2 25 3 3.5 4 4.5 5 5.5 6
prediction step

Final
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6. Future plans

Alternatives to obtain agreement.

More complex control architectures. Control Agent
Robustness and solution quality. 5 CfC} i |- === |
' ' I Desired I
Examples from other domains. fi , behavior 1
> Optimizer -
\i \
A A A A A A
\ \ \i Y Y Y
Control Agent Control Agent Control Agent
S T S O N I N i
| Optimizer | | Optimizer | | Optimizer |
_______________ A A
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