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Abstract—Traffic signal control is an effective way of solving
urban traffic problems by providing appropriate signal control
plans for various intersections. Essentially, the aim of Traffic
Signal Control is to find the best matching timing plans to
current traffic conditions. Inspired by recommendation
technology, we regard traffic conditions as users, timing plans as
items, and traffic indicators like delay time are regarded as the
ratings that users give to items. By means of Content-based
Recommendation technology and k-Nearest Neighbor method in
Recommendation Systems, we first find the similar traffic
conditions according to the characteristics of traffic conditions.
Then the matching degree between current traffic conditions and
various timing plans can be predicted by analyzing the history
data of selected similar traffic conditions. What’s more, Artificial
Transportation Systems method was applied to recommend and
sort the timing plans for various traffic conditions in this paper.
With normalized Discounted Cumulative Gain, which is a
measure of ranking quality, was chosen as the performance
indicator, we conducted the experiments in Paramics. The results
showed that the strategies based on our method outperform the
classic Webster method.
Keywords—Artificial Transportation Systems and simulation;
Contented-based Recommendation; data mining and data analysis;
Traffic Signal Control

I.

INTRODUCTION

As known to all, traffic congestions have attracted more
and more attention from all over the world. Because it is not
only about social and economic, but it is all about people’s
livelihoods. To alleviate traffic congestion, Traffic Signal
Control (TSC) appeared [1-3]. Through deploying and
developing in the past few decades, TSC has greatly improved
the traffic safety and efficiency.
In the theory, TSC could be traced back to the mid-20th
century when Webster method was proposed [4]. Nowadays
Webster is often chosen to be the benchmark in the TSC,
because of its ease of implementation and effectiveness.
What’s more, three kinds of models of transportation systems
were born, macroscopic, mesoscopic and microscopic traffic
models. For example, Lighthill Whitham Richards (LWR) [5, 6]
method is a famous macro-model, while Lattice Boltzman
Method (LBM) [7] method is a typical meso-model. In
addition to these, many microscopic simulation software with
their own micro-model came into the world, which are good at

describing the complex microscopic behaviors such as vehicle
overtaking, lane changing and so on. Among them, Artificial
Transportation Systems (ATS) [9], which is based on the
Multi-Agent Systems (MAS) [8-11], become more and more
popular. The actual transportation systems even could be
replaced by an ideal ATS.
In the reality, there are some traffic management systems
that have been implemented, such as SCOOT, SCATS,
TRANSYT, and so on [8].
Although the traditional control strategies mentioned above
have been confirmed to have good effects, they still need to be
improved. Usually accurate models tend to be complex process
and large amount of calculation in the traditional methods. We
often seek a balance point which can ensure real time and
certain speediness by sacrificing some accuracy. Despite this,
many theoretical methods cannot achieve the desired results, or
be applied in reality. Because they are usually based on the
quantitative and idealized hypothesis. On the other hand, there
are too many uncertain factors in the transportation systems,
such as pedestrians and vehicles, roads, weather environment,
legal policies [9, 10], so that it is impossible or difficult to
model exactly.
In recent years, [12, 13] have proposed to improve TSC
systems by using data mining and ATS. In [12], considering a
great deal of uncertain factors in the transportation systems,
which cannot be counted completely and quantified, authors
applied the latent factor model [14, 15] in the transportation
systems. By training huge history data, the latent factors could
take those uncertain factors into consideration without knowing
what they are. In [13], lots of event agents were generated by
ATS with the help of ACP (Artificial System, Computational
Experiments, Parallel Execution). Then it predicted the
matching degree between new intersection and timing plan
through computational experiments. Two paper all
demonstrated that their methods are superior to the classic
Webster method.
Above-mentioned two methods adopt the idea of
Collaborative Filtering [16, 18-20], results-oriented method,
and model-free adaptive control [21]. But they must rely on a
great deal of satisfactory history data, which is usually not
abundant in reality. So we attempt to apply the Content-based
Recommendation method [17, 18] to find several most similar

road conditions according to the characteristics of road
conditions. Then recommend the best timing plans to current
road conditions by using k-Nearest Neighbor (kNN) algorithm
[19, 20].
When Content-based Recommendation is implemented to
predict the matching degree between traffic conditions and
timing plans, the advantages are shown as follows: 1) it
provides an idea which is similar to model-free adaptive
control [21]. Not only it could block out the uncertainty details
when modeling, but also ensure that the role of the uncertain
factors is not ignored; 2) TSC could make it perform offline
training, and then run online by combining with the current
traffic conditions. Both accuracy and real-time performance
can be expected; 3) it needn’t depend on the massive data. At
the same time, it takes the characteristics of road condition into
account, and supports extensions.
All in all, Contented-based recommendation can be seen as
a complement and optimization of Recommendation Systems
in TSC. This is the most significant contribution of this paper.
II.

METHODOLOGY

In this section, Content-based Recommendations will be
implemented to create an ordered list filled with timing plans
for current traffic conditions. Here normalized Discounted
Cumulative Gain (nDCG) will be performance indicator of the
system.
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B. Application of Content-based Recommendations
The initial task of Recommendation Systems is to
recommend the most suitable items to meet the users’ demands,
and in this paper it is to find the most suitable timing plans to
meet the demands of different traffic conditions. In Contentbased Recommendations, we should find some common
characteristics among all traffic conditions first. According to
these common characteristics, we can get the similarity
between arbitrary two traffic conditions. Then the best timing
plan can be obtained from those adopted by several most
similar traffic conditions.
Based on the model of road network above, we choose
different traffic conditions as users in Content-based
Recommendations, through configuring different OD (origindestination) matrices [25]. Then some timing plans C are
selected as the items to be recommended. Meanwhile, the delay
under every pair of condition and timing plan will be recorded
as ratings. So a user-item matrix filled with ratings will be
generated. What we should note is that some preprocessed
steps should be conducted on the delay data, so that they will
be a lot more like ratings.
The process for Content-based Recommendations to
recommend the best timing plan can be described as follows :
Step 1: Carry out some preprocesses for the original data.
Then a standard rating matrix will come into being.

A. Intersection Modeling
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Step 2: Here the number of vehicles that travel through
every two zones is chosen to be the common characteristic
among all traffic conditions. Then traffic condition a and b can
be
represented
by
vector
 a1 , a2 , , ai ,  and

b1 , b2 ,

, bi ,

.

Step 3: Use Euclidean Metric to get the similarity between
arbitrary two traffic demands. The definition of similarity
between traffic condition a and b is as follows,

sim(a, b) 

Fig. 1. A typical intersection

To demonstrate the effectiveness of proposed method, the
recommendations are conducted on the basis of various traffic
condition parameters, such as delay. For ease of understanding,
we introduce a single intersection shown in Fig. 1. There are
m  4 roads in this intersection. And the intersection can be
represented as a vector I   r1 , r2 , , rm  , in which the element

ri is a 5 dimension vector ri   l1 , l2 , l3 , l4 , l5  , where l1
represents U-turn lane, l2 represents left turn lane, l3
represents going straight lane, l4 represents going straight and
right turn lane, l5 represents right turn lane. They are all
represented in sequence, and the numerical value of l j
represents the quantity of each kind of lanes. For example,
ri   0,1, 2,0,1 means there are 1 left turn lane, 2 going

1
1
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i
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Step 4: When certain traffic condition occurs (it is often
checked at the end of every cycle), kNN algorithm [19, 20] will
choose K most similar traffic conditions, according to the
similarity generated in Step 3, to predict the delay ratings that
the traffic condition gives to other unused timing plans. By
taking the average values of K nearest neighbors into account,
a possible formula for predicting the rating, traffic condition a
gives to timing plan c, is defined as follows:

pred (a, c) 

 sim(a, b) * r
 sim(a, b)
bK

b,c

(2)

bK

Here rb , c is the rating that traffic condition b gives timing
plan c, it may be the reciprocal of delay.

Step 5: After Step 4, we can obtain an ordered
recommended list  c1 , c2 , , ci , ci 1 ,  . Among them, ci is the
i-th most appropriate timing plan, which is better than ci +1 .
Step 6: Verify the obtained timing plans in Paramics.
According to the results of Paramics, we can get another
ordered list  c1 ', c2 ', , ci ', ci 1 ',  .

 c1 , c2 ,

Step 7: Compare list

 c1 ', c2 ', , ci ', ci 1 ',
prediction.



, ci , ci 1 ,

to evaluate the



with list

effectiveness of

C. Performance Indicator
The essential of “getting a recommended list through
predicting the matching degree between current road
conditions and unused timing plans” is to search several most
appropriate timing plans which constitute an ordered list. We
hope to get a high-quality ordered recommended list. So the
higher the matching degree is, the more front in the list the
timing plan should be. At the same time, all timing plans in the
list should be as possible as matching with the current road
conditions. Then we adopted nDCG (normalized Discounted
Cumulative Gain) as the performance indicator, which is
defined as follows:

nDCG p 

DCGP
IDCGP

(3)

where DCGP represent the DCG accumulated at a particular
rank position p . IDCGP (Ideal DCG) is the maximum
possible DCG till position p . nDCGP is the normalized DCG.
DCG is a measure of ranking quality, it is often used to
measure effectiveness of web search engine algorithms or
related applications [22]. Using a graded relevance scale of
documents in a search engine result set, DCG measures the
usefulness, or gain, of a document based on its position in the
result list. The gain is accumulated from the top of the result
list to the bottom with the gain of each result discounted at
lower ranks [23]. An alternative formulation of DCG [24]
places stronger emphasis on retrieving relevant documents:
p

DCG p  
i 1

2 1
log 2  i  1
reli

(4)

where reli is the graded relevance of the result at position i .
Search result lists vary in length depending on the query.
Comparing the performance of searching from one query to the
next cannot be consistently achieved using DCG alone, so the
cumulative gain at each position for a chosen value of p
should be normalized across queries. Then IDCG is introduced.
The nDCG values for all queries can be averaged to obtain a
measure of the average performance of a search engine’s
ranking algorithm. Note that in a perfect ranking algorithm, the
DCG p will be the same as the IDCGP producing an nDCG of
1.0.

III.

EXPERIMENTS

In the experiments, we simulate on a road network with
single intersection shown in Fig. 1. Then we set some different
ri to fill the intersections mentioned above, so our simulations
can cover the common situations. After getting the data for
simulation experiments, we can utilize Contented-based
recommendation technology to mine the internal relationship
of the data, i.e. computing the similarity between arbitrary
traffic conditions and obtain the sequential recommended list
for the current traffic conditions.
A. Data Setup
The simulation road network of single intersection with 4
roads is shown in Fig. 1, i.e. I   r1 , r2 , r3 , r4  . And each road
has 3 lanes, 1 left turn lane, 1 going straight lane and 1 right
turn lane, i.e. r1  r2  r3  r4   0,1,1,0,1 . In Paramics, the
time step is set to be 0.5s, while the duration of simulation is 1
hour. The length of each lane is 1000m.

Fig. 2. Phase sequence of the traffic lights

Fig. 2 shows a typical phase configuration in the crossroad.
In every timing plan, we set amber time of each phase to be 3s.
Note that, right turning is always allowed in the experiments.
In the experiments, we use 40 groups of various ODs to
represent 40 different traffic demands which can create 40
different road conditions. And 40 fixed timing plans, which can
vary from 88s to 122s, will be contained. The range of the
timing plans is an empirical value which could cover a usually
used range. The vehicle number can vary from 120 to 23400.
B. Simple Case
First, we will show a simple case in which the proposed
method will be applied. Meanwhile this case will help readers
to understand the method.
Here 9 cross-over experiments between 3 ODs and 3 timing
plans will be conducted first, and the delay data of each
experiment will be collected. 3 ODs in Paramics are set as
TABLE I, II, and III. Among them, OD 1 reflects that the
vehicles come from Zone 1 and 2 are obviously more than
Zone 3 and 4, while the vehicles come from Zone 3 and 4 are
more in OD 2. And in OD 3, the vehicle number of every zone
is equal to each other’s.
TABLE I.

Zone 1
Zone 1
Zone 2
Zone 3
Zone 4
Total

800
100
200
1100

OD 1 IN EXPERIMENTS

Zone 2
800
200
100
1100

Zone 3
400
200
500
1100

Zone 4
200
400
500
1100

Total
1400
1400
800
800
4400

TABLE II.

Zone 1
Zone 1
Zone 2
Zone 3
Zone 4
Total

500
200
400
1100

OD 2 IN EXPERIMENTS

Zone 2
500
400
200
1100

TABLE III.

Zone 1
Zone 1
Zone 2
Zone 3
Zone 4
Total

Zone 3
200
100

366
366
366
1098

800
1100

Zone 4
100
200
800
1100

Total
800
800
1400
1400
4400

OD 3 IN EXPERIMENTS

Zone 2
366

Zone 3
366
366

366
366
1098

366
1098

Zone 4
366
366
366
1098

Total
1098
1098
1098
1098
4392

Here the cycle time is set to be 100s in each timing plan,
and 3 timing plans are shown in TABLE IV. Among them,
Timing Plan 1 pays more attention to Phase 1 and 2, while
Timing Plan 2 pays more to Phase 3 and 4. And Timing Plan 3
treats equally without discrimination.
TABLE IV.

3 TIMING PLANS IN EXPERIMENTS

Phase 1
30
14
22

Timing Plan 1
Timing Plan 2
Timing Plan 3

Phase 2
30
14
22

Phase 3
14
30
22

Phase 4
14
30
22

The obtained delay data from 9 groups of experiments can
be converted into a delay matrix, which can be described by
TABLE V. The unit of delay time is seconds.
TABLE V.

Timing Plan 1
Timing Plan 2
Timing Plan 3

THE OBTAINED DELAY TIME IN EXPERIMENTS

OD 1
2149.397238
9250.780908
4354.481777

OD 2
6582.446324
2327.28644
4301.957392

OD 3
2806.645205
3848.699365
519.6162856

Then we can compute the similarity between OD 4 and
other three ODs by using Content-based Recommendation
method, which is shown in TABLE VII.
TABLE VII.

OD 4

THE SIMILARITY BETWEEN OD 4 AND OTHER THREE ODS

OD 1
2.037083274

OD 2
2.037083274

OD 3
1.980758427

By using the obtained data mentioned above, we can
predict the matching degree between OD 4 and 3 timing plans
through the method mentioned in section II. Here the result of
prediction is that Timing Plan 3 is best matching with OD 4,
Timing Plan 2 is worst. On the other hand, the result obtained
from Paramics showed that Timing Plan 3 is still best, while
Timing Plan 2 is still worst, i.e. nDCG here is 1. This is the
same with the predicted result.
C. Further Simulation
However, the problem will not be so easy like the simple
case showed above. In reality, it is impossible for every traffic
condition to traverse all kinds of timing plans, and obtain the
delay information won’t be so integrated. So the delay matrix
(TABLE IV) in section III should be sparse. The more practical
problem is to predict the matching degree between traffic
conditions and its unused timing plans in a sparse matrix.
First, we got a sparse matrix filled with delay time by
simulating with 40 ODs and 40 timing plans in Paramics, and
here the sparse degree is 75%. Then through the methods
mentioned in section II, we recommended 6 unused timing
plans to each OD. Then the sequential recommendation list
Li   c1 , c2 , c3 , c4 , c5 , c6  will be obtained, where Li represents
the list of i-th OD. Furthermore, we simulated with each OD
under its 6 recommended timing plans in Li in Paramics. Then
the ideal sequential list Li '   c1 ', c2 ', c3 ', c4 ', c5 ', c6 '  for each
OD would be got according to the delay data. We assumed that
the matching degree between ODi and c j , j  1, 2,3, 4,5,6 in

Li ' is 5, 4, 3, 2, 1, and 0 in turn. Then nDCG of Li for each
OD can be calculated, and the results are shown as follows.
1.2

TABLE VI.

Zone 1
Zone 1
Zone 2
Zone 3
Zone 4
Total

600
300
300
1200

OD 4 IN EXPERIMENTS

Zone 2
600
300
300
1200

Zone 3
300
300
600
1200

Zone 4
300
300
600
1200

Total
1200
1200
1200
1200
4800

1

nDCG@6

In addition to these 3 ODs, we add one more that we will
predict the matching degree for under 3 timing plans. The
added OD 4 is showed in TABLE VI.

0.8

0.6
0.4

0.2
0

Traffic Conditions
Fig. 3. nDCG@6 for 40 traffic conditions

Fig. 3 shows a so good performance that nDCG values of
all ODs are more than 0.6. What’s more, most of them are

nearly or equal to 1. The results seem to be so perfect, and it
demonstrates
the
effectiveness
of
Content-based
recommendation for TSC.

yi in Webster should be kept between 0.4 and 0.9 [4]. But in
these cases, Content-based Recommendation algorithm works
well.

D. Comparison Experiment

IV. CONCLUSIONS

Further, we can easily find that every c1 in Li is the best
unused timing plan for ODi . Then we should compare this c1
with used timing plans to obtain the final best timing plan cbest .
Additionally, corresponding to 40 different traffic demands,
we will get 40 optimal signal control plans through Webster
method [4]. When adopting Webster method, the related
parameter settings are shown in TABLE VIII, in which AR
represents the all-red time with the unit second, l is the average
loss time per phase in seconds (excluding any all-red periods or
sequent ambers), and S is the saturation flow with the unit
vehs/h.
TABLE VIII.

WEBSTER PARAMETERS

AR (s)

l (s)

S (vehs/s)

Minimum
green time (s)

Maximum
green time (s)

Optimum
cycle (s)

0

5

2200

10

60

C0

This paper is inspired by the idea of recommendation
systems, and ‘search’ the high matching degree between
unused timing plans and each traffic condition through
Contented-based
Recommendation
technology.
The
experiments are based on ATS, and the results show that the
feedback sequential recommended lists are high related with
the ideal sequential list, which proves this method works well.
Then, we compare the method with classic Webster, and it is
gratifying that Content-based Recommendation method
outperform Webster obviously.
We may focus on the following aspects in the future: 1)
take more factors which can affect traffic environment and
represent the traffic states into account; 2) combine the
Content-based Recommendation method with Collaborative
Filtering method.
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