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Abstract. Congestion in urban areas is a main traffic challenge. Solu-
tions to this problem include building more roads or have more people in
each vehicle. Each of these presents their own challenges. However, one
inexpensive approach is to improve the traffic flow, in particular by im-
proving signal plans in intersections. We present a prototype case-based
reasoning system, which can control traffic lights in an urban intersec-
tion. The system uses real historical vehicle counts from an intersection
to make new signal plans. jCOLIBRI is used as the framework for the
case-based reasoning system and an evolutionary algorithm is used for
weighting the cases. Simulations carried out in Aimsun, a simulation
tool used by the Norwegian Public Roads Administration, indicates that
satisfactory signal plans can be made in a variety of scenarios.

Keywords: Intelligent transportation systems, traffic flow, application
of CBR, evolutionary algorithm.

1 Introduction

The traffic situation in urban areas is becoming a large problem. Especially con-
gestion during rush hours is becoming quite visible. Often, this can not be solved
by simply building more roads, as most urban areas do not have the available
physical space required. One way of solving these problems can be to focus on
decreasing the number of vehicles. This can be done by increasing the amount of
people traveling in each vehicle, or focusing on alternative transportation such
as bicycle or public transport. However, a simpler way is to use the existing
infrastructure and improve the control of the traffic flow.

The domain of traffic control is highly complex and many methods exist. Be-
cause of this complexity, successful methods in one traffic environment may not
give satisfying results in another environment. Road networks vary immensely
in their design, which greatly affects the solutions that should be used. Other
variables includes traffic culture, weather, day, time of year, season, and so on.
Although one solution may be good at a given time, the traffic demand often
changes as time passes by, and maintenance is often required to satisfy new
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demands. A highly dynamic method, which is able to comprehend complex do-
mains, is desired in order to sufficiently handle this problem.

In the work presented here we want to show that CBR provides the necessary
functionality in order to offer a solution to this problem. A CBR-system can
relatively easy be programmed to dynamically solve problems, as well as be able
to grasp intricate concepts and relationships.

The rest of the paper is organised as follows: Section 2 introduces related work
in the area of AI methods for smart intersections; Section 3 details the design
and implementation of the system; Section 4 describers the test and evaluation
carried out; and the paper ends with a conclusion and outlook on future work.

2 Related Work

Many AI methods have been applied to traffic control in general, and flow
through intersections in particular. Frequently applied methods for decision sup-
port and learning include neural networks, fuzzy logic, swarm intelligence, evolu-
tionary algorithms, as well as rule-based, model-based and case-based reasoning.
A brief overview of some methods and their targeted areas is given in [1] and a
discussion of CBR for this type of applications is provided in [2].

We limit our study to case-based methods and start with some general ex-
amples in traffic management and control, i.e. systems that analyse traffic flows
and incidents in order to provide assistant, advice and automatic control; before
moving to closely related work on CBR-methods and intersection traffic flow.

An early system was PLANiTS [3], a planning support system for public
transportation problems, e.g. bus priority schemes. It has a rather complex,
structured case representation that captures decisions and outcomes. Schutter et
al. [4] present a CBR system for assisting traffic operators to improve traffic flow
on roads using variable speed limits, dynamic route guidance, opening of shoulder
lanes, etc. To increase scalability, large road networks are divided into smaller
sub-networks, where each has its own case-base, within an agent architecture.

A prototype CBR system for calculating routing plans was developed by Sadek
et al. [5]. Here the initial case base was populated by simulations from a math-
ematical model. Relying on mathematical models to perform the heavy calcula-
tions needed in real-time often turns out to be problematic, but the combination
with CBR showed promising results. Real-time performance was enabled by a
simple match/retrieve mechanism. Traffic patterns are of a recurrent nature and
over time successful solutions are more likely to be reused. The experimental
results also showed that it is possible to provide good solutions even without
complete information of the traffic situation, e.g. due to sensor failures.

Tightly linked to optimising traffic flow, reducing safety risks is of course
always important. Using the CBR tool within the eGain KnowledgeAgent tool,
Li and Waters [6] built a system for collision analysis and prevention. Cases are
question-answer structures grouped into suitable clusters.

Mouncea et al. [7] presents an application for dynamic selection of signal
plans based on analysis of the current traffic time series pattern and matching it
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with past patterns, using a k-NN approach. Experiments show that a similarity
measure based on cumulative time series values within a period performs better
than similarity based on plain time series.

A CBR method that supports left-turning in signalised intersections was de-
veloped by Zohdy and Rakha [8]. A case base was built from more than 9000
observed situations in Christianburg, Virginia. Case parameters include weather
condition, light conditions and gap size between opposing cars. Based on the pa-
rameters the system advice the driver to make the left turn or not, which is cap-
tured in the case together with the advice acceptance by the driver. Evaluation
demonstrated a potential for increased safe intersection throughput. An inter-
esting recent development combines controller-to-vehicle advices with vehicle-
to-vehicle communication in order to minimise car distance within a platoon
through an intersection [9], so far with promising results in terms of increased
throughput and reduced fuel consumption.

Another approach to urban intersection control was presented by Zhenlong
and Xiaohua [10]. A hierarchical case organisation captures important parameter
substructures such as day of the week, time periods within a day and weather
conditions in a time period. This approach to was tested against a fixed time
control regime that uses a model to minimise intersection delays, which is much
in use today. Through cycles of tests and learning, the CBR-system outperformed
that system. We found many similarities with this approach and ours. Parts of
our system is based on this work. Our system extends their method by adding
a genetic algorithm mechanism for learning of feature weights.

Another way of combining CBR with genetic algorithms is done in a system
for traffic control in Brazilian cities [11]. Here signal planning is one element in a
larger system for traffic control. The focus is to combine the methods in an agent
architecture in order to better handle uncertain, incomplete and inconsistent
information. Most common situations are modelled by fuzzy rules, which also
generates the initial case base. A hybrid GA-CBR method selects a subset of
best matching cases and may reuse a specific solution or combine their solutions
using standard GA techniques of crossover, mutation, and fitness analysis. If
modified in this manner the resulting solution is captured in a new case.

3 Design and Implementation

Our system consists of three main modules: the CBR system, the Simulation
Manager and a simulation tool in regular use by the Norwegian Public Roads
Administration called Aimsun (see Fig. 1). When running the system, the Sim-
ulation Manager will, based on user input, select a scenario to run. The chosen
scenario is sent to the CBR-system, which then retrieves a predicted traffic flow
based on the features of the scenario. A signal plan is then calculated, using
Webster’s formula [12] and standard values acquired from the National Public
Road Administration [13]. This is returned to the Simulation Manager. The re-
ceived plan, together with scenario specific information is configured and applied
to Aimsun, before running a simulation. The results are displayed in Aimsun.
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Fig. 1. Functional Overview

Aimsun1 is a traffic simulation software that support models in all scales. The
software is known for its ability to perform demanding simulations at high speed.
Simulations can be done on a microscopic, mesoscopic and macroscopic scale,
or by combining these to perform hybrid simulations. There are also additional
modules that can be applied to enhance the functionality such as adaptive control
interfaces, for interfacing with traffic control systems. A programming interface
is also available as an additional functionality.

The Simulation Manager is implemented in Python and has access to Aimsun
through its Python scripting interface. The CBR-system uses the jCOLIBRI-
framework, which is implemented in Java. Inter-process communication between
the Simulation Manager and the CBR-system is performed through sockets.

Traffic scenarios are entered by the user into the Simulation Manager. The
scenarios are structured as problem descriptions. When the Simulation Manager
has retrieved the traffic scenarios, the necessary features are extracted and for-
warded to the CBR-system. A new case is constructed and the system will then
retrieve similar cases. When a good solution candidate is selected, the CBR-
system uses this solution, consisting of a predicted traffic flow, and calculates a
signal plan. This plan is then sent back to the Simulation Manager.

The Simulation Manager applies the scenario specific information to Aimsun.
This configuration will be reused for each different signal plan that is to be
applied. For each new signal plan a simulation is run. After Aimsun has finished
a simulation, the results are displayed and stored in its local SQL-database.

3.1 Case Base

The case structure is based on the work presented by Zhenlong and Xiaohue [10],
where time (date, weekday and time), weather conditions, temperature, queue
lengths for the lanes and special events are used. However, we found that the
date generally is less essential than knowing if the day is for example a movable
holiday. Information about the given season did also turn out to be important.
As in [10], the time of day is important, since commuter traffic influences the
signal plans. Finally, non-traffic environmental features are also important. In

1 TSS-Transport Simulation Systems, www.aimsun.com

www.aimsun.com
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our case, the weather, temperature and friction (which is pre-calculated based
on [14]). Thus, the final case structure contains the features described in Table 1.
The solution contains a total traffic flow for each lane in the intersection, which
is then used to calculated the actual signal plan.

Table 1. Case structure

Problem description

Feature Values Discrete values

Season Winter, Spring, Summer, Fall Date are discretised into
4 seasons

Weekday Monday, Tuesday, Wednesday, Thurs-
day, Friday, Saturday, Sunday

Already discrete

Time of day Night, Morning, Noon, Afternoon,
Evening

Night = 00:00-01:00,
Morning = 07:00-08:00,
Noon = 12:00-13:00,
Afternoon = 15:00-16:00,
Evening = 21:00- 22:00

Weather Sunny, Cloudy, Precipitation, Heavy
precipitation

Already discrete

Temperature Hot, Medium, Freezing Freezing = bellow 0◦C,
Medium = 0− 20◦C,
Hot = above 20◦C

Friction Dry, Wet, Icy Icy = 0.30, Wet = 0.90,
Dry = 1.00

Special event None, Football match, Holiday Already discrete

Problem solution

Total traffic flow for
the different lanes

Interger values separated by commas

3.2 Similarity Functions

All features have multiple possible values. The knowledge of similarities between
values is important to incorporate into the system in order to conserve the
relationship between concepts from the real world into our model. The similarity
functions represent the similarity between the attribute values of the classes.

The similarity values are manually set based on domain knowledge in coop-
eration with domain experts from the National Public Road Administration.

Table 2 details the local similarities between seasons. Winter and summer are
often different when it comes to the traffic conditions. Icy and slippery roads
often occur in the winter time and sometimes even in the early spring and late
fall. Compared to summer, wet roads are typically the worst road conditions in
these seasons. Spring and fall are somewhat similar. In the late fall, snow is a
common sight, which is also the case for early spring. During summer, the road
conditions are mostly wet or dry.
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Table 2. Season similarities

Feature Winter Spring Summer Fall

Winter 1.00 0.80 0.40 0.60

Spring 0.80 1.00 0.65 0.65

Summer 0.40 0.65 1.00 0.70

Fall 0.60 0.65 0.70 1.00

Table 3. Temperature similarity

Feature Freezing Medium Hot

Freezing 1.00 0.75 0.70

Medium 0.75 1.00 0.95

Hot 0.70 0.95 1.00

When considering temperatures, freezing makes the most different. When a
typically wet road turns into a wet and icy road, it may greatly affect the driving
conditions. Table 3 summarises the temperature similarities.

Table 4. Day of week similarity

Feature Mon Tue Wed Thu Fri Sat Sun

Mon 1.0 0.9 0.9 0.9 0.8 0.5 0.4

Tue 0.9 1.0 0.9 0.9 0.8 0.5 0.4

Wed 0.9 0.9 1.0 0.9 0.8 0.5 0.4

Thu 0.9 0.9 0.9 1.0 0.8 0.5 0.4

Fri 0.8 0.8 0.8 0.8 1.0 0.5 0.4

Sat 0.5 0.5 0.5 0.5 0.5 1.0 0.8

Sun 0.4 0.4 0.4 0.4 0.4 0.8 1.0

Table 5. Friction similarity

Feature Dry Wet Icy

Dry 1.0 0.9 0.3

Wet 0.9 1.0 0.4

Icy 0.3 0.4 1.0

When determining the similarity of the days, it is quite clear that the biggest
difference is between the weekend and the rest of the weekdays.We have therefore
decided to put a similarity of 0.9 between the weekdays, except for Friday that
has a similarity of 0.8. The reason is that we assume that Friday differs a little
from the other days concerning the working hours. People are more prone to
leave at different hours than they normally would, and this day may also be the
one day most often skipped when people opt for a ”long weekend”. Saturday
and Sunday stands out, obviously because most people do not work on these
days. They also differ because of more traffic in the night time, which both days
typically have. Since most stores are closed on Sundays there is generally less
traffic than on a Saturday, except when there are football matches.

The similarity between the frictions can be seen in the Table 5, where the
friction coefficient determines the similarity.

Table 6. Time of day similarity

Feature Night Morning Noon Afternoon Evening

Night 1.00 0.28 0.18 0.20 0.27

Morning 0.28 1.00 0.67 0.42 0.74

Noon 0.18 0.67 1.00 0.62 0.62

Afternoon 0.20 0.42 0.52 1.00 0.42

Evening 0.27 0.74 0.62 0.42 1.00
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During weekdays, the difference between night and morning can be considered
quite vast. Traffic during morning rush can be as much as 10 times the number
of counts during night on a regular day, maybe even more. On Saturday the
traffic counts for morning and night are very similar, but on Sundays the night
counts are typically the double of what it is in the morning. This is one example
concerning the night time, but the general difference between the rest of the time
periods, can in most cases be considered high. The similarity between features
have been calculated manually by looking at traffic data (see Table 6).

Table 7. Weather situation similarity

Feature Sunny Cloudy Precipitation Pouring

Sunny 1.00 0.95 0.90 0.80

Cloudy 0.95 1.00 0.95 0.90

Precipitation 0.90 0.95 1.00 0.90

Pouring 0.80 0.90 0.90 1.00

We assume that the different weather conditions are quite similar to each
other. Some aspects to consider are that the weather may affect the amount of
people driving to work, and also the traffic conditions (see Table 7).

3.3 Evolutionary Algorithm for Weight Setting

Assigning weights using a large amount of non-linear dependent variables is very
difficult, even for domain experts. Thus, we employ a genetic algorithm for this
optimisation. This algorithm uses a string of 49 bits as genome. For each of our
7 features we have 7 bits, which can give 128 different values. Since our weights
need a value between 0 and 1, we calculated the value of each of the bit-strings
and divided by 127. The evolutionary operators used are crossover and mutation.

In order to calculate the fitness of each genome, we evaluated the case base
using cross-validation. Each genome is applied as weights to the case base, and
then a leave-one-out cross validation is executed. The average performance using
the weights is calculated by summing the performance of the case base for each
removed case, and then dividing by the total amount of cases. This will then
return a fitness score between 0 and 1, where 1 is a 100 percent similarity.

The selection of individuals is done by roulette wheel selection. We also use
elitism, which ensures that the x most fit individuals are taken to the next
generation. This ensures that the population does not lose its fittest individuals,
which can save us some time as these do not need to be rediscovered.

As in machine learning in general, overfitting can be a problem here as well.
It is therefore important to note than even though the evolutionary algorithm
have proposed weights (see Table 8) that give good results when evaluating the
case-base, these weights may not give as good results when applied to the test
set. This is because the weights are calculated to give optimal results for the
known cases, and if new unknown cases appear they might not correspond to
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the estimated weights. Albeit, we assume that these weights are close to optimal
considering the known cases, which we have used for training. In any case, using
these weights gives a better performance than when set manually, even by an
expert.

Table 8. Feature weights given by the evolutionary algorithm

Feature Season Weekday Time Weather Temperature Friction Event

Weight 0.008 0.213 0.984 0.039 0.732 0.008 0.291

3.4 Retrieval

When a new problem description is given to the system, the system needs to
retrieve the most similar case in order to find the best solution. This process
consists of first calculating the similarity of the new case with the other cases in
the case base. Weights and similarity functions, as described above, are used in
order to determine the similarity between the features, and the total similarity of
the cases. The total similarity is calculated by finding the total average similarity
by summing all the n similarities and dividing by n. The case that has the highest
similarity is then chosen as the solution.

3.5 Modelling the Intersection

The intersection, traffic, and also driver behaviour, need to be modelled in a way
that reflects the real world to a highest degree possible, as this greatly affects
the correctness of the simulation results.

Fig. 2 depicts the model of the intersection. The lane going from top to bottom
corresponds to the lane going from the city centre (north) heading out of the

Fig. 2. Model of the intersection
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city (south). Comparing to the actual intersection (see Fig. 3), it is clear that
one lane is missing in both directions. These lanes are for public transport and
priority vehicles that do not affect the static plans currently in use. Thus, we
have left them out. Besides this, the model is true to the actual intersection.

Pedestrians are not explicitly considered in this model. In the signal plans in
use, the pedestrians receive green light, either at the same time or slightly before
cars in the same direction.

4 Test and Evaluation

4.1 Case-base Evaluation

Evaluating the case-base is important before taking on a full simulation. If the
case-base has not been evaluated and the whole system performs poorly, it is
difficult to say whether it is the coverage of the case-base or other aspects, which
are responsible for the lack of performance.

Table 9. Case-base evaluation using different number of cases

Number of cases 55 50 45 35 30 25 20 15

Accuracy 88 % 87 % 85 % 84 % 84 % 83 % 78 % 76 %

To evaluate the CBR-system’s case-base, we initially tested the case-base con-
sisting of several number of cases (Table 9 shows the results of size vs. accuracy
when classifying cases). Evaluation was carried out using k-fold cross, leave one
out validation. Initially, the case-based covered normal traffic-patterns on week-
days and workdays. We then added cases to include football matches and other
events that might cause irregular traffic-patters. At 55 cases, most scenarios had
multiple cases covering them and by adding more similar cases accuracy would
not increase significantly.

4.2 Scenario Descriptions and Settings

The simulation of the system consists of testing five different scenarios: regular
weekday, regular saturday, football match, holiday season and slippery roads. Ev-
ery simulation is carried out using a static plan; a restricted CBR plan, being
plans that can only have total cycle time of either 60 or 120 seconds; and a
CBR plan, which is not restricted to a specific cycle time. Each scenario is run
three times using different seeds to to determine the arrival of vehicles.

All simulation parameters are set to the default in the simulator. The simula-
tion step is set at 0.1 seconds. Arrival of vehicles is generated from a truncated
normal distribution; except where otherwise noted. The distribution of which
lanes vehicles chose when leaving the intersection follows the exact distribution
as supplied by the NPRA. Table 10 list the distribution, whilst Figure 3 depicts
the different lanes. Each scenario is spilt into five different time slots:
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Fig. 3. Lane identification for turning percentages

– Night at 00:00-01:00, when the traffic typically is quite low in weekdays, but
may be relative high in the weekends.

– Morning at 07:00-08:00, the time of the day when most people go to work
towards downtown in weekdays. This is typically a time period with low
traffic in weekends.

– Noon at 12:00-13:00, when the traffic flow is relative low while waiting for
the afternoon rush.

– Afternoon at 15:00-16:00, the time of the day when most people are leaving
downtown in order to go home after work hours.

– Evening at 21:00-22:00, which is typically a time with relative low traffic.

Scenario 1 – Regular Weekday The night generally has very low traffic, in
particular from the east and west going lanes. Morning are significantly more
busy than nights, where most of the traffic are going either north or south. Noon
has a traffic flow where both south and north going traffic has a high demand.
In the afternoon, people are typically leaving the downtown areas, which gives
high demands on the south going lane. Finally, in the evening traffic looks much
like both morning and noon. Table 11 summaries the descriptions of this day.

Scenario 2 – Regular Saturday The second scenario is similar to the pre-
ceding one. This, however, is a Saturday which in distribution is different: there
is more traffic in the night time, compared to weekdays; the mornings has very
little traffic; noon looks like a normal weekday; in the afternoon traffic primar-
ily flows from the city centre; and evening is similar to night time. Table 12
describes the five time slots for this scenario.
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Table 10. Turn distribution for different days (see also Figure 3 for intersection layout)

From → to Turn percentage

Weekdays Saturday Sunday

127-7 → 603 E 70 % 60 % 60%

127-7 → 605 E 20 % 38 % 38%

127-7 → 127-10 E 10 % 2 % 2%

127-10 → 603 W 55 % 48 % 45%

127-10 → 605 W 40 % 49 % 53%

127-10 → 127-7 W 5 % 3 % 3%

603 → 605 SN 96 % 96 % 96 %

603 → 127-10 SW 3 % 3 % 3 %

605 → 603 NS 96 % 96 % 96 %

605 → 127-7 NE 2 % 2 % 2 %

Scenario 3 – Football Match Scenario 3 differs from the two preceding ones,
as it represents a situation with unusual traffic patterns. This particular scenario
is on both a weekday and Sunday, when a football match has just ended2. Typ-
ically, the traffic just after a football match is quite high in lane from the east
(for about 15-20 minutes), whilst the rest of the hour the traffic is normal.

To describe the high variance in traffic distribution in this scenario, we em-
ployed both the normal distribution and the ASAP (as-soon-as-possible) distri-
bution for the east lane. Table 13 summarises the description of this scenario.

Scenario 4 – Holiday Season Holiday season obviously affect the traffic
pattern. Scenario 4 describes December 25th, which is a day where traffic is
most likely to differ the most from a normal day. The morning do not differ so
much from a normal Sunday, this is due to the fact that we could only obtain
data from a holiday, which was also a Sunday. Afternoon traffic is actually higher
than on a normal Sunday. Table 14 describes this scenario.

Scenario 5 – Slippery Roads In order to simulate slippery roads, which
affects traffic a lot, we used an existing scenario and changed the friction to
”Icy” and temperature to ”Freezing”. In this case, both Scenario 1 and 2 were
used. Table 15 summarises the description of this scenario.

4.3 Results and Discussion

As described in Section 4.2, each simulation is carried out using three different
plans: a static plan; a restricted CBR plan, and an unrestricted CBR plan. Each
scenario is run three times using different seeds for vehicle arrival.

All plans are compared by Stop time, Travel time, Speed and Delay to the
existing static plan. Table 16 summarises the results from all simulations. The

2 The real-world intersection is located quite near a local football stadium.
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Table 11. Scenario 1 description, Monday, September 17th, 2012

Time slot Weather Temperature Friction Traffic (NS, SN, E, W, NE, SW)

Night Cloudy 9.8 Dry 59, 57, 2 ,2, 4, 3

Morning Precipitating 7.1 Dry 612, 854, 53, 34, 190, 140

Noon Cloudy 9.0 Wet 733, 755, 35, 32, 53, 41

Afternoon Cloudy 10.4 Dry 1153, 690, 115, 30, 130, 84, 39

Evening Cloudy 7.3 Dry 408, 366, 30, 22, 37, 12

Table 12. Scenario 2 description, Saturday, September 22nd, 2012

Time slot Weather Temperature Friction Traffic (NS, SN, E, W, NE, SW)

Night Cloudy 6.3 Dry 189, 156, 7, 8, 9, 6
Morning Cloudy 3.9 Dry 150, 147, 53, 1, 2, 12
Noon Sunny 7.5 Dry 522, 727, 35, 10, 36, 12
Afternoon Sunny 9.0 Dry 782, 509, 37, 18, 50, 11
Evening Cloudy 6.8 Dry 267, 282, 14, 6, 22, 4

Table 13. Scenario 3 description, football match, two days, 2012

Time slot Weather Temperature Friction Traffic (NS, SN, E, W, NE, SW)

Weekday Sunny 6.6 Dry 662, 589, 138, 65, 58, 16
Sunday Cloudy 10,0 Dry 514, 562, 137, 59, 48, 10

Table 14. Scenario 4 description, holiday season, two days, 2011

Time slot Weather Temperature Friction Traffic (NS, SN, E, W, NE, SW)

Morning Precipitation 3,0 Wet 142, 131, 2, 0, 7, 7
Afternoon Precipitation 3.0 Wet 838, 500, 42, 45, 84, 25

Table 15. Scenario 5 description, slippery roads, two days, 2012

Time slot Weather Temperature Friction Traffic (NS, SN, E, W, NE,
SW)

Monday noon Cloudy -1.4 Icy 733, 755, 34, 32, 53, 41
Saturday noon Sunny -1.4 Icy 522, 727, 35, 10, 36, 12
Monday afternoon Cloudy -1.4 Icy 1153, 690, 115, 30, 130, 84, 39
Saturday afternoon Sunny -1.4 Icy 782, 509, 37, 18, 50, 11

table lists the best CBR-plan compared to the static plan. Negative numbers
indicate that the CBR-plan perform worse than the static plan, whereas positive
percentages show how much an improvement has been achieved over static plans.

Early in the simulation process, a weakness appeared in the static plans. The
priority for the lanes going from east and west is almost always too high. This
results in green time being wasted. As a result of this, the static plans had a bad
starting point, and the CBR-plans did in turn give unexpectedly good results.



CBR for Improving Traffic Flow in Urban Intersections 227

Table 16. Summary of the results

Scenario Best plan Stop
time

Travel
time

Speed Delay

Sc1 (Weekday) - Night Restricted 16% 8% 6% 11%

Sc1 (Weekday) - Morning Unrestricted 25% 12% -4% 21%

Sc1 (Weekday) - Noon Unrestricted 44% 25% 22% 44%

Sc1 (Weekday) - Afternoon Unrestricted 14% 7% 4% 13%

Sc1 (Weekday) - Evening Restricted 33% 17% 16% 27%

Sc2 (Weekend) - Night Restricted 27% 14% 12% 25%

Sc2 (Weekend) - Morning Restricted 11% 4% 6% 11%

Sc2 (Weekend) - Noon(2p) Restricted 62% 34% 35% 59%

Sc2 (Weekend) - Noon(3p) Restricted 37% 17% -1% 32%

Sc2 (Weekend) - Afternoon Restricted 49% 28% 39% 50%

Sc2 (Weekend) - Evening Restricted 32% 16% 13% 30%

Sc3 (Football) - Evening Restricted 24% 13% 13% 23%

Sc3 (Football) - Evening Static/Restricted 0% 0% 0% 0%

Sc3 (Football) - Evening Restricted 23% 13% 14% 22%

Sc3 (Football ) - Evening Static -15% -8% -7% -12%

Sc4 (Holiday) - Morning Restricted 49% 26% 22% 48%

Sc4 (Holiday) - Afternoon Unrestricted 53% 28% 23% 50%

Sc1 (Slippery) - Noon Restricted 39% 26% 46% 39%

Sc2 (Slippery) - Noon Restricted 19% 20% 44% 32%

Sc1 (Slippery) - Afternoon Restricted 19% 8% 0% 13%

Sc2 (Slippery) - Afternoon Restricted 38% 29% 50% 46%

Especially the noon scenarios would get a big performance boost when ap-
plying the CBR-plans. The reason for this seems to be that because of the high
traffic flow, the unrestricted CBR was able to make cycles that both lasted
longer than 60 seconds, and had a maximum priority to the north and south
going lanes. This turned out to be very beneficial under these conditions.

The fact that the CBR plans, which were restricted to a 60 or a 120 second
cycle, did actually perform better than the unrestricted one in 14 of the total 19
runs, was a surprise to us. A reason for this would have to be that the restricted
plan often has a longer cycle time than the one calculated for the unrestricted
one, which turns out to give an advantage, as each cycle iteration gives more red
time. The exception is the scenarios where the three phase plan is used.

Even though the general results implies that the plans with the longer cycle
times often perform better, there are some aspects of having shorter cycle time
that is beneficial. When the waiting time is long, both motorists and pedestri-
ans can be impatient. Especially pedestrians can start to jaywalk when they
have waited for a long time, which in turn lowers the safety of the intersection.
Therefore, the signal plan having the shorter cycle time should get some kind of
benefit during the evaluation.

Another surprise that emerged during the simulations was that the static plans
performed similarly, or even better, than the CBR-plans during the simulations
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of the traffic after a football match. This was the scenario when we decided to
use the ASAP arrival model. The high priority which was given to the east and
west lanes would in this case turn out to be beneficial. However, the fact that
the traffic is high demanding in the east lane for the first 15-20 minutes after
the match, is not properly reflected. When using the ASAP-model, the traffic
demand will initially be very high, and then when all the cars have left, the traffic
going north and south should get maximum priority. As the whole simulation
lasts for 1 hour, the plans will need to compromise heavily, resulting in a plan
that only gives a decent performance. One thing that could have been done in
this situation, is to apply one plan to the first 15 minutes, and then another one
to the remaining 45 minutes.

Overall the simulations gave promising results. The system seems to be able
to predict the traffic well by retrieving older traffic counts, that does not vary
greatly from the current ones. The cross evaluation of the case base shows that
most of the cases do get a satisfying solution. Although the results were overall
very good, it would have been interesting to evaluate against the plans which is
calculated by the currently used system in Trondheim.

Since the restricted plan did perform very well on the two phase plans, com-
pared to the unrestricted one, shows that a lot of improvement can be done to
the signal plan calculator.

5 Conclusion and Future Work

The work presented here demonstrates a prototype implementation of a CBR-
system that predicts traffic flow and calculates signal plans for urban intersec-
tions. The implementation has been evaluated against existing methods with
respect to stop time, travel time, average speed and delay. The evaluation shows
promising results for CBR as a method in this domain.

The implementation was, for practical reasons run in off-line mode. To validate
this approach, future tests should be carried out in real-time on-line.
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