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Abstract

The new wave of computer-driven entertainment technol-
ogy throws audiences and game players into massive virtual
worlds where entire cities are rendered in real time. Com-
puter animated characters run through inner-city streets
teeming with pedestrians, get into and out of cars, and drive
through rush-hour traffic; all fully rendered with 3D graph-
ics, animations, particle effects and linked to 3D sound ef-
fects to produce more realistic and immersive computer-
hosted entertainment experiences than ever before. No
modern urban environment is complete without realistic
simulated road traffic, however traffic simulation has not
kept pace with the entertainment industry - modern traffic
simulations simply do not reproduce convincing individual
driver intelligence to the level required by interactive en-
tertainment. We present a new paradigm for agent-driven
traffic simulation, specifically designed for such applica-
tions. Our agent architecture utilises a new hybrid algo-
rithm for dynamic road navigation, implicitly facilitates ra-
tional overtaking behaviour, and produces realistic smooth-
motion vehicle control.

Keywords: 3D graphics; traffic simulation; agents; virtual
reality; video game Al; fuzzy logic.
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Figure 1: The system in operation: real-time congested traf-
fic simulation for Dame Street, Dublin, Ireland.

1 Introduction

In our most recent work we outlined a new system for de-
signing and visually laying a road network within an ex-
isting model or simulation [1]. The work described in this
paper is Part 2 - the architecture and navigation system for
the agents that will operate on such a road network.

In our previous work, we introduced a rapid system for
manually laying road networks within existing simulations.
The roads created in this system had to support vehicle-
driving agents that could integrate into the complex envi-
ronments of modern visualisations and simulations. Typical
challenges of integration into these simulations are:



e To-scale models of urban landscapes already exist
e Geometrically large urban areas are simulated
e Must run in real-time

e Interaction with existing 3D systems (world models,
pedestrians)

e CPU and GPU constraints with existing systems

e Simulated 3D vehicles, with real performance charac-
teristics must be supported (see Figure 2)

e Must be realistic at a range of camera angles and van-
tage points (car-level, pedestrian-level, birds-eye, etc.)

To tackle all of these problems we build a simplified digital
representation of the road network; free of noise and com-
plexity, such that our vehicle-controlling agents can use it
as a guide in the same way that one might refer to a street
map when driving through a new city. Because the 3D envi-
ronment already exists, we need to created our digital road
map as a post-process, and our technique is to marry it to
the existing environment in such a manner so that it does
not interfere with the existing work.

In our previous paper [1] we have analysed the major traffic
simulation models [2—10] and find that they are based on a
car-following formula as the primary system input to each
vehicle-driving agent. Equations 1, 2, and 3 give us Gipps’
[6] traffic model - which dictates the velocity of a following
vehicle v/ as a combination of an acceleration rate v® and
a braking rate v® based on a distance of separation behind
the lead vehicle 2} — .

Figure 2: A test vehicle that we have created for our traffic
simulation - an Enviro 400 Dublin Bus.
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We have taken a different approach, and conduct a graph
search of the road network; primarily using a list of way-
points as input. We take other traffic into account as dy-
namic obstacles - car following in our model is a secondary,
emergent property. An advantage of this approach is that
lane-changing behaviour is dictated by a rational agent de-
cision, rather than as the product of a pseudo-random for-
mula, as it is in the major models. As our simulation is to
be viewed at a range of levels of detail we aim to produce
a more convincing behaviour model for individual vehicles
first, and a traffic flow simulation second.

2 Agent Paradigm

The agents that we have designed operate with a Belief-
Desire-Intention [11] intelligent agent model, and are based
on a simplified version of our previous stack architecture for
robot-controlling agents [12].

2.1 Belief

Whilst other simulation developers have endeavoured to
produce realistic models of human audio-visual perception,
for the sake of simplicity we have opted to cheat; provid-
ing the agents’ belief or perceptual input with hard, gener-
alised data. Our agents are aware of all of the other vehicles
and static and dynamic obstacles in their proximity. We
also broadly assume that our agents have knowledge of lo-
cal road congestion heuristics; representing knowledge of
which roads to avoid at peak hour. We simply provide all
of our agents with the same network-weight information,
and have not investigated a driver route-planning model that
incorporates a psychology model. Adding error to this in-
formation, or utilising real congestion and driver-behaviour
data from city planners may be a subject for focus in future
works.

We regularly ascribe the following specific information to
each simulated agent, constituting its crude perception of
the world:



e The relative location of the nearest moving or station-
ary obstacle (whichever is closer)

e The relative location of the next point along the path
that the agent has planned for itself

e [ocal road network linkage information (a city map)

e Local road congestion heuristics (an estimate of con-
gestion on each road)

e Occupancy of nearby road lanes

2.2 Desire

All of our agents are given a generalised goal, or list of
goals upon entry into the simulation. The first case that we
consider is that of city buses operating set routes through the
city. Our bus-driving agents are given a list of way-points,
stops, and time-table information, and then the agent is left
with the task of driving through traffic between these points,
making the appropriate stops, and adhering to a time-table.
Private cars have even more generalised goals - they simply
have a destination - the agent must contrive its own plan for
navigation through traffic in a dynamic fashion.

2.3 Intention

The intention component of the agent model comprises sev-
eral key functions;

1. Using belief information to form a multi-stage plan to
achieve desired goals.

2. Working out specific actions to take immediately to
move to the next stage of the plan.

3. Attempting to affect those actions

In the case of our car-driving agents, a specific example of
this process is:

1. Using road-network information to find a short path to
our destination.

2. Decide if we need to change our steering and accel-
eration such that we follow the road lane and avoid
crashing into anything.

3. Adjust steering and braking/acceleration.

3 Agent Architecture

Our architecture stack is illustrated in Figure 3. The archi-
tecture is broken into several layers of processing. This is
a typical stack BDI agent architecture, that we have shown
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Figure 3: Architecture of the agents used for driving vehi-
cles. We see the main modules representing belief, desire,
and intention - input from external controllers, “Goal desti-
nations”, and output from fuzzy systems, respectively.

is both efficient and successful for real-time agents using
hybrid architectures in previous works [13—16]. Important
to note about our design, is that the desire component of
the agent, in this case the Reactive Fuzzy Systems output
does not necessarily translate 1 : 1 into the vehicle’s ac-
tual movement in the world. Because we want to use this
architecture as a generalised agent middleware, supporting
a large range of vehicles with different performance char-
acteristics, we provide an additional output module, which
governs the actual output based on the physics of the envi-
ronment, and the performance characteristics of a particular
vehicle.

Any intelligent agent worthy of its name has the ability to
evaluate the output of its own actions [17]. In order to
facilitate this behaviour, we provide a feeback loop - this
lets the Fuzzy Controller module know how much its in-
tended outputs have been constrained by physical limita-
tions, and it can scale back its instructions to suit. The
entire stack is generally updated with every frame, how-
ever to support a very large number of agents operating on
one CPU simultaneously, our initial testing indicates that
throttling back the dynamic path-planning module to 6 H z,
and the reactive module to no less than 30H z provides
an effective minimum threshold of updates. Any less fre-
quent updates and approximated curved path-following be-
haviour becomes highly erratic. A study to confirm the ef-



fects of time-slice update throttling on artificial intelligence
and movement by vehicle-controlling agents is a study of
an ongoing work [18].

3.1 Path Planning

‘ . River Liffey
River Liffey \ * *
- A o
T X1 4 ‘ y {
- ——— — —
A \ v |
T —
-
———— Trinity &
! i College %
> N “ 3
T\. .
¥ 7' l /1"
O —
@ T j / Merrion Square
T
' /

St Stephen's Green

Figure 4: Representation of an automatically generated in-
tersection “city map” for the area around Trinity College
Dublin, Ireland. Only a very small number of nodes are
required for the search domain of a city route plan.

The two layers of path-planning in our system both con-
duct fast searches of roads represented as nodular networks.
The higher-level module takes an agent’s desired destina-
tion and determines a path through a city, making use of a
pre-computed graph that we have generated from our rapid
road-laying tool (see for details). This graph is purely made
up of road intersection points, and as such is a very small
graph to search (see Figure 4). There are several search
method options for this graph:

1. a static route look-up, using pre-computed paths

2. pre-defining routes to every destination, updated dy-
namically by the Road Manager using a routing algo-
rithm

3. a dynamic heuristic-based search (during driving) to
reflect changing conditions such as congestion.

In extremely large simulations, or those where the time pe-
riod simulated does not allow for changing conditions, then
a pre-computed route model may suffice. Propagating con-
gestion information around a city map using a routing al-
gorithm would require a powerful central server, but may
make for an interesting case study for urban planning. We
have chosen, however, to use a standard approach and do a

dynamic heuristic search of the road map at the commence-
ment of travel (any time that an agent’s goal destination
changes). To reflect changing congestion conditions it is
also possible to recompute this route during travel, but we
have not investigated progressive traffic pattern change sim-
ulations at this stage, although a possible subject of future
work may be to demonstrate changing patters of traffic at
peak hours - where cars take alternative routes. We have
used the ubiquitous Ax algorithm [19] for this task.

Figure 5: Lane occupancy and following distance model;
the white car maintains following distance behind a leading
car on a section of continuous road. Circles represent our
nodular break-down of the road lane. In inner-city opera-
tion following cars aim to come to a complete halt at the
last unoccupied node along their route. In high-speed oper-
ation vehicles store time-stamp each node as they exit it to
emulate human following time estimation.

The lower-layer path finding is dynamic, and operates
within individual road lanes. Our road lane laying system
automatically breaks lanes into vehicle-sized nodes. These
are both searchable, and also aid car following separation
and traffic queueing. Single lanes are simply list-traversal
operations, where nodes that are occupied temporarily halt
the generated path (see Figure 5 for illustration). Multi-lane
roads facilitate emergent lane-changing behaviour. Given a
small heuristic cost for changing lanes, we can stimulate
our agents to spread evenly over multiple road lanes, or for
faster vehicles to decide to overtake slower leading vehicles.
In this way we completely avoid designing or employing a
complex, and clockwork mathematical formula for repre-
senting lane-changing behaviour as is widely employed for
traffic simulation models.

3.2 Reactive Vehicle Control

We are using a fuzzy logic model for controlling the steer-
ing and acceleration behaviour of our vehicles. Fuzzy logic
has been employed by other traffic simulations for its flex-
ible nature - easily expanding to accommodate more com-
plex input variables into the mix [20]. Initial studies have



Real Term Rough Set Value Range Fuzzy Term
Wide Arc > 22.5° WID
Mid-range Arc 0 —33.75° MID
Narrow Arc 0—22.5° NAR
Far Distance > 20m FAR
Medium Distance 0 — 28.28m MED
Near Distance 0—20m NEA

Table 1: Fuzzy Input Term Definitions (Route-Following).
We are using a 3x3 input set model as based on our previ-
ous works. This table shows what range of input values are
accepted as part of each set. The third column gives us the
fuzzy shorthand name for each set. Note that the ranges for
the sets overlap; this helps us smoothly transition between
rules rather than hard-step as in traditional logic.

Figure 6: A scenario illustrating the design of input dis-
tances and angles to the Fuzzy Obstacle Avoidance systems
for vehicles in urban traffic. Here the fuzzy input angles are
designed such that, over the range of distances, oncoming

traffic can be ignored unless it crosses over the centre line.
An oncoming vehicle that has crossed lane into the path of
the white car in position 1. Input distances and angles to

Real Term Rough Set Value Range Fuzzy Term
Wide Arc > 45° WID
Mid-range Arc 0—67.5° MID
Narrow Arc 0 —45° NAR
Far Distance > 20m FAR
Medium Distance 0 — 28.28m MED
Near Distance 0—14.14m NEA

Table 2: Fuzzy Input Term Definitions (Obstacle Avoid-
ance). An interesting feature of the obstacle avoidance in-
put sets is that, whilst route-following behaviour can oper-
ate alone (when there are no obstacles), obstacle-avoidance
is actually a modifier to route-following. The input angles
here are double the range for route following so that the op-
posite extreme turn can be applied to any route-following
turn if so required.

shown that fuzzy-logic based models can represent real traf-
fic flow more accurately than traditional GM traffic simu-
lation models, and take more detailed simulation variables
into account - such as representing behaviour based on dif-
ferent levels of driver experience, and the more accurately
modelling the affect that varying weather conditions have
on driver behaviour across different experience levels [21].

Fuzzy Logic allows us to represent a partial truth, or impre-
cise values between completely true and completely false.
This gives us a mechanism for discriminating imprecise or
changing data into a small group of overlapping fuzzy sets.
From this foundation we can create very simple judgement-
based reasoning, or fuzzy inference, to deal with complex
real-world data; mimicking human decision-making. Fuzzy
Logic systems require very little computational overhead,
and can also produce smooth transitional outputs. Fuzzy
Logic is therefore an ideal candidate for modelling human
driver behaviour in large-scale, real time simulations.

In our current driver agent model we are concerned with
two fuzzy systems. Both operate in real-time, and both are

the Fuzzy Obstacle Avoidance systems are shown. Situa-
tions where the white car had been in postions 2 and 3 are
considered.

blended together to form a combined result for steering and
acceleration behaviour. These two complimentary systems
are:

e Reactive Obstacle Avoidance (OA)

e Route-Following Behaviour (RF)

The Route-Following system takes as input the next way-
point fed down from the path-planning layer. Specific in-
puts used are the change in heading angle and distance to
this waypoint. Conversely, the Obstacle-Avoidance system
considers the change in heading angle and distance to the
nearest obstacle. Both of these systems classify the real
inputs into overlapping rough sets, where they can be clas-
sified in human terms, for a quick look-up-table type deci-
sion. The mapping of these inputs is designed so that, for a
vehicle moving up a lane, oncoming traffic can be ignored
unless it crosses into the path of the subject vehicle, and if
so - a series of rules will progressively move the subject ve-
hicle away from its route, avoid the obstacle, then finally re-
turn to its route. Figure 6 illustrates this scenario, and shows
the range of distances and angles used as input. Tables 1,
and 2 provide our design for fuzzy input set mappings. We
produce fuzzy sets for classifying (or fuzzifying) real inputs
into our rough sets, these are illustrated in Figures 7-10.

We have also mapped our vehicles’ output performance
specifications to fuzzy output sets (Tables 3 and 4). Because
we want to represent a range of different vehicles with the
same fuzzy system, we have expressed our outputs in terms
of a vehicle’s maximum velocity (V;mq,). The steering ad-



Route-Following Fuzzy Input Sets: Angle
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Figure 7: Fuzzy Input Set Membership Functions for clas-
sifying the angle to the nearest obstacle or next waypoint in
Fuzzy terms. Angles here are absolute radians to the left or
right of the current heading of a vehicle, so that waypoints
on the left hand side of a vehicle are treated the same as
waypoints to the right.
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Figure 8: Fuzzy Input Set Membership Functions for clas-
sifying the angle to the nearest obstacle or next waypoint in
Fuzzy terms. Angles here are absolute radians to the left or
right of the current heading of a vehicle, so that obstacles
on the left hand side of a vehicle are treated the same as
obstacles to the right.

justment outputs are also expressed relative to the vehicle’s
current speed; such that resultant movement vector of the
vehicle is to some extent scalable, and we can expect simi-
lar rates of vehicle turn at different speeds. A further feed-
back system is then used to scale back the output if current
physical performances limits are reached.

Fuzzy Output set mapping functions are illustrated in Fig-
ures 11-13.

The labour-intensive task is then to design fuzzy rules.
These map all of the different combinations of fuzzy in-
put values to fuzzy outputs. A sample of our rule design is
given in Algorithm 1. Whilst we can manually tune these
rules to produce a satisfying output for one particular vehi-

Real Term Centre Value Fuzzy Term
Top Speed 1.0 - vymaz TOP
Fast Speed 0.8 - Vpmax FAS
Medium Speed 0.6 - Vymas MED
Slow Speed 0.4 Vmax SLO
Very Slow Speed 0.2 Vmax VSL
Stop 0.0 - Vymaw ZER
Full turn Vdefuzz - 0.08rad - st FUL
Very Sharp Turn  Vge fuz» - 0.06rad - s VSH
Sharp Turn Vde fuzz - 0.04rad - s71 SHA
Medium Turn Vde fuzz - 0.02rad - s71 MED
Light turn Vde fuzz - 0.01rad - st LIG
Very Light turn — vge oz - 0.005rad - s71 VLI
No turn Vde fuzz - 0.0rad - s71 ZER

Table 3: Fuzzy Output Term Definitions (Route-Following
Component). These fuzzy sets are quite different to fuzzy
input sets, as their purpose is to define centre-points for a
centre-of-gravity function. The process of combining fuzzy
outputs into a final combined crisp output is called defuzzi-
fication. We have defined a large range of output sets to
give our rules more flexibility. Note that not all outputs are
used in rules. We have left them in the system as we in-
tend to develop an auto-training system. This then gives the
auto-training system flexibility with a full range of values.

Real Term Centre Value Fuzzy Term
Top Speed 1.0 - vimas TOP
Fast Speed 0.8 - Vymaz FAS
Medium Speed 0.6 - Vymaz MED
Slow Speed 0.4 Vmaz SLO
Very Slow Speed 0.2 Vmaz VSL
Stop 0.0 - Viaz ZER
Full turn Vdefuzz - 0.167ad - s 1 FUL
Very Sharp Turn  vgefuss - 0.12rad - 571 VSH
Sharp Turn Vde fuzz - 0.08rad - s71 SHA
Medium Turn Vde fuzz - 0.04rad - s71 MED
Light turn Vde fuzz - 0.02rad - 571 LIG
Very Light turn— vgefyz» - 0.01rad - s7° VLI
No turn Vde fuzz - 0.0rad - s71 ZER

Table 4: Fuzzy Output Term Definitions (Obstacle Avoid-
ance Component). The values expressed in out output sets
are not actual velocities, as one would expect, but rather a
portion of a vehicle’s maximum allowable speed. This al-
lows us to use the same output set definitions for a range of
different vehicles, and also for vehicles in different speed
limit zones. The output steering is relative to a vehicle’s
output speed - this helps us to maintain similar steering rates
(velocity vectors) at a range of different speeds.



Route-Following Fuzzy Input Sets: Distance
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Figure 9: Fuzzy Input Set Membership Functions for clas-
sifying the distance to the next waypoint in Fuzzy terms.
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Figure 10: Fuzzy Input Set Membership Functions for clas-
sifying the distance to the nearest obstacle in Fuzzy terms.
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Figure 11: Fuzzy Output Value centres for desired speed
factor. The defuzzified output speed factor will be multi-
plied with the vehicle’s top allowable speed to produce a
desired speed as a real number.

cle, the fuzzy systems need to be recalibrated for every ve-
hicle with different performance characteristics or physical
dimensions. As we wish to simulate a large variety of urban

Fuzzy Output Centre Values - Steering (Route-Following)
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Figure 12: Fuzzy Output Value centres for base route-
following desired steering adjustment factor. This factor is
directly proportional to the vehicle’s base route-following
speed factor so that the vehicle will steer remain én route
over a range of speeds.

Fuzzy Output Centre Values - Steering (Obstacle Avoidance)
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Figure 13: Fuzzy Output Value centres for obstacle avoid-
ance desired steering adjustment modifier. This factor is
subtracted from the route-following steering factor. To en-
able the same range of steering adjustment these values are
exactly double those used for route-following.

vehicles, then this task becomes a serious constraint-based
problem; and we intend to tackle this in our next work by
way of an automatic-calibration and self-training system.
Our initial rules are provided in Tables 5-8. We note that
not all of our output sets have been used in these rules, and
that there is certainly scope for designing more balanced
rule-sets.



Algorithm 1 A subset of the fuzzy rule design for Obsta-
cle Avoidance. Rules map each possible combination of
fuzzy inputs to valid fuzzy outputs. These rules are based
on scenario diagrams as illustrated in Figure 6. After de-
signing the fuzzy inference engine in human terms like this
we create look-up tables for quick operation as expressed in
Tables 5 and Tables 6.
if the obstacle is a near away and
the obstacle is a narrow angle from our heading then
change speed to zero, and
change steering to a sharp turn.
else if the obstacle is a medium distance away and
the obstacle is a narrow angle from our heading then
change speed to very slow, and
change steering to a medium turn.
else if the obstacle is a far distance away and
the obstacle is a narrow angle from our heading then
change speed to zero, and
change steering to a very light turn
end if

NEA MED FAR
NAR | ZER VSL ZER
MID | VSL SLO MED
WID | SLO MED FAS

Table 5: 3x3 FAMM for Desired Speed (Obstacle Avoid-
ance Component). Output fuzzy speeds are given for all
fuzzy input distances and angles.

NEA MED FAR
NAR | SHA MED VLI
MID | MED VLI ZER
WID | VLI ZER ZER

Table 6: 3x3 FAMM for Desired Steering (Obstacle Avoid-
ance Component). Output fuzzy steering adjustments are
given for all fuzzy input distances and angles.

note: not all outputs used - scope for using these for adjust-
ment of rules

| NEA MED FAR
NAR | VSL FAS TOP
MID | VSL MED FAS
WID | VSL  SLO MED

Table 7: 3x3 FAMM for Desired Speed (Route-Following
Component). Output fuzzy speeds are given for all fuzzy
input distances and angles.

NEA MED FAR
NAR | ZER VLI LIG
MID | VLI LIG MED
WID | LIG MED SHA

Table 8: 3x3 FAMM for Desired Steering (Obstacle Avoid-
ance Component). Output fuzzy steering adjustments are
given for all fuzzy input distances and angles.

Once all of the rules have been evaluated we use an ag-
gregation centre-of-gravity function to merge the outputs
for each system (Equation 4). The outputs of both sys-
tems are then blended together; the steering of the obstacle-
avoidance component is exactly double that of the route-
following system in order to reflect this. The rules, there-
fore, need to be designed to reflect the operation of the sys-
tem in combination; a difficult task to accomplish manually,
and which further underlines the advantage that would be
gained from an auto-calibrating system.

zer

g mem; * v;

i=top
Vdefuzz = — zer (4)

> u

i=top

Talk about obstacle avoidance - static versus dynamic. Most
static and dynamic handled at layer above, but still need
to have this information on hand in case move near obsta-
cle 2 while avoiding obstacle 1 etc etc. Can either scan
in automatically (if regular shapes or small) or for irreg-
ularly shaped buildings - manually add strips of points so
that along edges of buildings it can be considered a series
of smaller obstacles (so that we have a v quick method for
picking a 'nearest’ obstacle without using some expensive
trig function). Also can do a lookup of this meta-data based
on grid reference that we are in as each obstacle associated
with a 2D array reference for v quick lookup.

4 Discussion and Conclusions

We have implemented a prototype of the complete sys-
tem. This was demonstrated at the Metropolis exhibition
at the Science Gallery, Trinity College Dublin. Figure 14
demonstrates the complete system in action; a range of ve-
hicles have been spawned to replicate high-congestion traf-
fic around the Trinity College Dublin campus. A range of
vehicles, road lanes, and mergers are represented.

Figure 15 presents this same scene, but with road lane de-
marcations visible. Each one of the arrows in Figure 15 cor-
responds to one of our road lane nodes - a roughly vehicle-
sized tag used by the agents to facilitate traffic queueing and
vehicle-following higher-level behaviours.



Figure 14: Prototype system in operation: real-time congested traffic simulation for College Street, Dublin City.

In a large city scene, with over 2000 vehicles simulated
in real-time simultaneously, we were able to maintain pro-
cessing of over 200H z (frames rendered per second) us-
ing a single thread programme architecture on an Intel
Core(TM)2 Quad 2.4G H z CPU with a GeForce 8800 GTX
card, which more than satisfied our requirement that the
traffic was unintrusive in terms of the overall programme.

Figure 16: Street-level scene of system in operation: real-
time congested traffic simulation for Dame Street, Dublin
City.

Our main intention is to extend this work Figure 17 with
a self-training module that operates by running a new ve-

hicle through a range of obstacle courses representing typ-
ical simulation operating environments and key problems
(tight corners, intersections, merging traffic, static and dy-
namic obstacles etc). Batches of these runs will generate a
large amount of comparative performance data, which gives
us grounds for full agent improvement, and should provide
us with enough information to show how effective this ap-
proach is in tuning fuzzy sets and rules for best effect. The
best selection method for self-improvement is a matter of
study in future work, with options ranging from:

e brute-force methods
e evolutionary selection

e genetic algorithms

Genetic algorithms have been designed for the similar prob-
lem of soccer robots [22], and as our hybrid system is and
extension of robot navigation algorithms this warrents in-
vestigation also.

Our prototype simulation already has this infrastructure in
place, intially using an architecture as illustrated in Fig-
ure 17; where we are using the time taken and a collision
heuristic as a fitness (evaluation) function. Whether or not
the resulting vehicle controllers will produce human-like
behaviour is in question, as is the requirement of additional
smoothing of outputs as by PID controllers.



Figure 15: Prototype system in operation: lane demarcations for College Street, Dublin City.
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