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Urban Tra�c Control

The increase of the number of cars in urban areas can not be
compensated by construction of new roads (price, historical sites, etc.).

The aim is to improve on control of the existing tra�c network by means
of tra�c light signalization. Such a control should be:

1. observation-based: feedback control,

2. adaptive: to react on sudden changes in the tra�c conditions, and
learn habits of the drivers.

3. scalable & recon�gurable: able to grow with the city,

Current implementation is far from optimal. How to improve?



Characteristic Features of the System

We want to control a system that is:

Uncertain: we do not know (or do not observe):
(i) where the drivers want to go,
(ii) obstacles on the streets,
(iii) breakage of measuring devices.

Distributed in

space: many intersections,

& time: quality of control can be evaluated only in long-term.

Standard Bayesian theory:

I is able to deal with uncertainty,
I is not designed for distributed systems.

Recently an attempt to create a distributed version of Bayesian theory
has been made. This is its �rst large-scale application.



Related Approaches

Decentralized control of urban tra�c has been attempted before using
multi-agent technology:

Fuzzy logic: excellent for isolated intersections, di�culties with con�ict
resolution in networked scenario.

Game theory: selection from a set of pre-de�ned signal plans, ignoring
con�icting directions.

Common problems of decentralized approaches:

1. How to spread su�cient amount of information through the
network?

2. How to achieve negotiation of (con�icting) aims between agents?



Bayesian Decision-Making

Model of observations and uncertainty:
Identi�cation of the model is standard operation.

Aims:
description of our objectives. Typically loss function. In our case, we
prefer probabilistic description of ideal behaviour. (Similar to reference
model in control design).
Design of the optimal strategy is standard operation.

Formally solved... up to computational issues.

Communication & negotiation:
Reporting of probability densities on data and aims, and their merging.



Illustration of Bayesian Decision-Making
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Formally solved operations of learning (adaptation) and design of control
strategy.



Illustration of Distributed Bayesian Decision-Making
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Communication of knowledge and aims via probability functions.
Negotiation is achieved by probabilistic merging.



On-line Operation of a Bayesian Agent

In each time step do:

1. read measurements from the environment and messages from the
neighbours,

2. learn model paramaters in the light of the measured data and
received messages,

3. merge the sel�sh aims of decision-making with the neighbours
wishes,

4. adapt (re-design) decision-making strategy,

5. write generated actions (inputs) to the environment and send
messages to the neighbours.



Urban Tra�c Control



Agent-Based Tra�c Control
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Observations: intensity of tra�c �ow It , occupancy of detectors Ot .
Uncertainties: queue length ξt , turning rates, etc.
Communication via yt = [It ,Ot ], sending y[out,t], receiving y[in,t]



Model of an Intersection

Car �ow in each intersection is modelled by state-space equations:

f (Θt |Θt−1, ut−1, y[in],t−1) =

tN (AtΘt−1 + Btut−1,Qt , 〈0,Θmax〉),
f (y[out],t |Θt , ut , y[in],t−1) =

tN (CtΘt + Dtut ,Rt , 〈0, ymax〉).

Here:

Θt is the state (including queue length, ξt , and noise-less values of
observed quantities)

yt are the measured intensities and occupancies the out-going cars.

The rest are parameters (which may be also unknown).

If all parameters are known this is the model for Kalman �ltering.



Aims of Decision Making

Global aim:
minimize the time spent by vehicles driving through the network.

This aim can be formalized only on large time horizon, and the implied
solution is computationally intensive.

The challenge is to design aims that are local in time and space.

Local aims:

1. minimize the time spent by waiting of the vehicles in queues by
minimizing queue length,

2. maximize the intensity of the outgoing tra�c �ow.

These are contradictory aims and we need to �nd a compromise
(equilibrium), using probabilistic merging.



Merging of probabilities
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Formal description of aims

Local (sel�sh) aims of each intersection controller:

f (ξt) = tN (0,Vξ, 〈0, ξmax〉),
f (I[out],t |ξt) = tN

(
I[out],max,VI [out],

〈
0, I[out],max

〉)
.

Communication (wishes) for aims of neighbours:

f (I[in],t |ξt) = tN
(
Iw (ξt) ,VI [in],

〈
0, I[in],max

〉)
.

Negotiation = merging of sel�sh aims and wishes of neighbours.

f̃
(
I[out,my],t

) merge←− f (I[out,my],t) + f (I[in,neighbours],t).
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Conclusion

The �rst attempt to verify Distributed Bayesian decision-making.

The computational issues are important:

I Truncated Normal distributions are non-standard and imply
numerical di�culties.

I Unknown parameters in the model violate assumption of the Kalman
�lter and more sophisticated techniques must be used.

I Design of the control strategy with hard bounds is also non-standard.

All operations are implemented (with �rst-choice approximations).

I First experiments with simple scenarios were tested which results in
revision of the model.

I The a�ects of merging will be studied on large-scale scenarios which
are still under development.
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