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ABSTRACT

This paper proposes the use of computational vision and artificial intelligence techniques to
vehicle counting and tracking in a multiple street scenario, using optical character recognition
to link the same car in two different observation posts using the license plate. Besides
counting and tracking, the system also classifies vehicles in four different classes: trucks,
buses, van and cars. With the identification of vehicles and their classifications arise tools to
plan and manage transportation data with actual road behavior. Allowing us to obtain a traffic
system consistent with the reality of the urban. With Automatic Traffic Monitoring was able to
get a Matrix O / D, quickly, efficiently and with little manpower.
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INTRODUCTION

Road overcrowding is a reflection of the constant increase of vehicles running in urban
centers, consequently, the complexity of traffic flow management increases. Traffic flow
management processes require information and data on the behavior and distribution of
traffic flow in order to provide a basis for transportation planning and allow for corrective
interventions to take place. Thus, vehicle count studies on Screen and Cordon Line, used to
build the Origin/Destination (O/D) matrix, are central to convey information on demand
behavior, which facilitates the planning and management of road networks.

The existing methods for estimating the O/D matrix usually demand a considerable amount
of time, human and financial resources to gather the necessary data for building the model.
In that context, methods for estimating the O/D matrix based on traffic volume counts in
traffic networks arise.

Methods for estimating O/D matrices have been studied since the mid-1970s, when Van
Zylen and Willumsen (1980) proposed the synthetic model. Since then, the method has
undergone several modifications so as to provide more accurate responses (Gur et. al.
(1978), Cascetta (1984), McNeil & Hendrickson (1984), Cascetta & Nguyen (1988), Bell et.
al. (1991), Yang et. al. (1992), Lopez-Reyes (1999) and Bentoncini (2007)). This paper
presents the development of an automated system for counting and monitoring vehicle flow
on Screen or Cordon Line to estimate the O/D matrix.

This system has very low cost and provides high accuracy rates in measuring vehicle flow
through volume counts. The portable system is capable of monitoring the flow of vehicles for
long periods of time, by means of automating the monitoring process, and uses computer
vision techniques to count on Screen or Cordon Line.

The automated system proposed in this paper comprises four subsystems; and each of them
performs a step in the process of building the O/D matrix. In step 1, the images of the
vehicles' license plates are captured and stored on video. In step 2, the vehicles' rears are
located; their license plates are segmented and then the character recognition process is
conducted. After the license plate is recognized, in step 3, the system generates a database
which optimizes the access (e.g., manner and time) to that information. Finally, the O/D
matrix is then estimated, given that we have the collected data at hand and that
computational techniques are applied.

This paper is organized in 6 sections, including the Introduction. Section 2 presents the
fundamentals regarding the methods for estimating O/D matrices based on volume counts.
Section 3 describes the methods for classifying vehicles and reading license plates. Then,
Section 4 puts forth the automated monitoring system we developed in addition to how the
O/D matrix can be built from such monitoring. Section 5 presents a case study conducted to
validate the technique used for building the O/D matrix. Finally, conclusions are drawn in
Section 6.
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BUILDING THE O/D MATRIX

Determining the amount of movements performed between origins and destinations in a
given region or city is an important step in analysis and planning studies for the road system.
In general, the desires for moving people or goods are represented by bi-dimensional origin-
destination matrices (O/D matrices), where each element in the matrix (cell) represents the
travel demand between an origin and a specific destination.

According to Cascetta, there are three methods for determining an O/D matrix. The first one
is the household survey and/or interviews on site (at the road network), thereby estimating
the travel demand between regions. The second one estimates trips from information
regarding land use as a function of the impedance of trip generation between different O/D
pairs. In addition, the gravitational model and the model intervening opportunities (Ortuzar,
1990) are examples of synthetic models used for estimating the distribution of trips between
these O/D pairs. The third method comprises traffic volume counts, where the number of
trips between O/D pairs is estimated from data collected at various locations on the network.

The first method mentioned, according to Ortuzar & Willumsem (1994), requires a
considerable amount of time, human and financial resources for its realization. In addition,
data are quickly outdated, especially in developing countries due to the constant changes in
the urban setting. The second method has the same problems, given that it demands costly
information over a long period for calibrating synthetic models. The advantage of these
methods, according to Ortizar & Willumsem (1994), is the amount of information gathered
on the movements performed. Besides estimating movement patterns in the O/D matrix, the
database obtained from these surveys enable more complex analyses to be conducted
regarding the behavior of travelers in face of their travel choices (LOpez-Reyes e Kawamoto,
2001). Additionally, calibrating trip generation models is useful for estimating future demand
behavior. According to Dermachi & Bertoncini (2004), costs associated to both methods are
usually justified if such surveys are the only possible alternative, such as in the case of
planning a new road system.

Paramahamsan (1999) state that the operational control of transportation systems requires
that the O/D matrices be dynamic, reliable and easily and quickly accessible. In that context,
traffic volume counts are the most feasible tool for estimating synthetic O/D matrices
because it can provide a basis for improving the knowledge on movements performed and,
consequently, improve traffic management. That method caters for effective O/D matrices,
i.e., matrices that faithfully replicate the traffic volume observed and cater for representing
the variability of movement behavior; in addition to requiring few resources.

Ortuzar & Willumsen (1994) describe the estimation of synthetic matrices using volume
counts as a very attractive data source due to its low cost and the fact that it can be done
automatically, requiring few human resources (e.g., a network monitored by a central traffic
control). This estimation should be interpreted as the inverse of other traffic allocation
techniques (Bertoncini, 2007) because instead of obtaining data flows across the network
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from allocating an O/D matrix, they aim to estimate an O/D matrix that, when applied to the
network, replicates the observed flows (Abrahamssom, 1998).

The main problems associated with estimating O/D matrices are the following. First, in
theory, you can get multiple results for the O/D matrices from the same pool of flow data,
which calls for identifying the most appropriate solution. The second problem concerns the
fact that, in practice, there is usually no continuity of traffic flows at the nodes, which implies
the absence of an O/D matrix replicates the observed pattern exactly. The third problem is
associated with traffic jams in the network under study.

Aiming at overcoming the obstacles presented, several studies were developed, putting forth
mathematical formulations and solution algorithms in order to estimate synthetic O/D
matrices from traffic volume counts. Examples include Robbilard (1975), Van Zuylen &
Willumsen, Cascetta (1984), Yang et al (1992), Paramahansam (1999) and Van Aerde
(2003).

As mentioned before, multiple results may be obtained for the O/D matrices from the same
set of flow data in order to resolve this issue, so the formulation proposed by Robillard (1975)
estimates the O/D matrix is conducted with the help of the gravitational model, which used a
proportional allocation model, where the routes used were defined before the O/D matrix
estimation process. Van Zuylen (1978) proposed that minimizing the amount of information,
involving the observed flow and the seed matrix would be able to estimate an O/D matrix.
Willumsen (1979), follows a logic similar to Van Zuylen’s and proposes that the maximization
of entropy, where the micro-state would be represented by information regarding each trip
(e.g., origin, destination, mode, time etc) and the meso-state represented by the total amount
of trips between the O/D pairs would result in the O/D matrix that is most likely to occur.
Demands estimated by these models, which are called synthetic demands, are estimated
from traffic counts obtained on stretches of roads or intersections. These counts may
acknowledge vehicle classes such as cars, trucks and buses. They can also be done in
fragmented periods of time, for example, an hourly count can be divided into four 15-minute
intervals, which makes the model attractive to be used in addition to traffic simulators.

The most important model for solving flow continuity problems is the one proposed by
Cascetta (1984), and many other models have stemmed from his proposal. Cascetta (1984)
addressed the issue using a statistical inference approach while using the least square
Method.

Regarding the third issue presented, which concerns the effect of traffic jams on the
estimation of the O/D matrix, models put forth the idea that the p;; matrix (percentage of
usage of a given arc) should no longer be fixed. Nguyen (1997), Gur et al (1978) and Fisk
(1998) have made important contributions in this field by proposing the use of an interactive
method which accounts for the joint use of model generation and traffic allocation as a kind
of dual-level technique. The proposed method considers that the estimated trips must be
dragged along the minimum cost path until that path is no longer so. Thus, all trips are
allocated based on the minimum cost path. However, Yang (1992) believes that this proposal
cannot fully resolve the issues linked to road congestion. Then, Yang et al (1992) presented

12" WCTR, July 11-15, 2010 — Lisbon, Portugal

4



System Automatic Traffic Monitoring to obtain the O/D matrix: Case Study in Brasilia-DF,
Brazil.(LOPES, Adriel; MARTINS, Augusto; RUAS, Gabriel; BRAGATTO, Ticiano; LAMAR, Marcus;
TACO, Pastor)

a new proposal for the dual-level technique as an attempt to solve the issue of congested
networks. The model uses least square coupled with a user equilibrium allocation technique
for estimating the O/D matrix.

These works are still not widely known, so they are not normally used by researchers or
transport systems analysts (Bertoncini, 2007). The very ignorance of the details of the
method's theoretical grounds and the practical difficulties found in estimating trips between
O/D pairs contributes to this situation (Van Aerde; Rakha; Paramahamsan, 2003).

A popular way of gathering data of an O/D matrix using traditional methods is license plate
recognition. By means of recording the license plates that travel in observation stations,
which are distributed throughout the study area, the trajectory of vehicles is described, thus,
their origins and destinations are found. The locations of the observation stations are defined
based on the proposed zoning and should at least cover the main entrances and exits of the
traffic zones. After the sample O/D matrix is found, it is then expanded in order to obtain a
matrix that represents the movements of the whole population.

According to Souza (2007), license plate recordings are usually sample-based due to the
difficulty in manually recording the plates of all vehicles going through an observation station.
This leads to many experimental errors because there are several criteria to define which
vehicles will comprise the sample. Furthermore, only a portion of the plates' digits is recorded
(usually the numeric ones). According to Van De Zijpp (1997), due to partially recording the
license plate, ambiguous data may be collected, which happens when two different vehicles
have the same partial record. Souza (2007) argues that these errors are minimized if the
observation stations are equipped with camcorders or automated vehicle identification tools.

METHODS FOR CLASSIFYING VEHICLES AND READING LICENSE
PLATES

Classifying Vehicles

Automatic vehicle categorization has been developed by several researchers to improve
studies regarding traffic operation and planning. This modeling has been used successfully in
many countries, however, as each country uses their own definitions regarding the category
of vehicles, studies tend to be specific to a certain region in particular.

Categories can also be made for specific studies, such as the counting of axles (Sun et al.
(2003)), which lends itself handy for auditing toll plazas. Categories such as passenger cars,
vans, buses and trucks can be done by sensors as inductive loops (Gajda et al. (2001)),
extensometers (Shin et al. (2007)) and computational vision.

Using computational vision techniques for solving this problem is a widespread practice
mainly because it is a minimally invasive method (there is no need for drilling the pavement
for placing the loops) and because results can be reviewed.
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The categorization of computational vision is normally used in two stages: feature extraction,
which synthesizes the visual information into numeric indicators, and classification, which
uses artificial intelligence techniques to estimate the most appropriate vehicle category for a
given set of extracted features.

Ji et. al. (2007) proposes using a classifier based on Gabor filters for extracting features and
a minimum distance classifier to distinguish between the five classes of vehicles (Figure 1).
They report a 95.17% hit rate.

Figure 1 — Categories proposed by Ji et. al. (2007)

Gupte et al. (2002) proposes only two categories: cars and not cars. The extracted features
encompass length and a combination of height and width. The classification performed is
conducted by means of a threshold, reaching a 70% accuracy rate.

Detecting Moving Objects

Background subtraction is a technique that aims at generating a reference image that
represents the semi-static or static portion of the scene, i.e. the background. After the
background is modeled, moving objects can be defined as regions that do not match the
background model.

The simplest background subtraction method is using a manually chosen image. Despite its
simplicity, there is an accumulation of errors due to changes in the scene that are not
modeled by the static background. A way to obtain an adaptive background model is using
the pixels' temporal average, as presented by Stauffer and Grimson (1999). This method,
however, is only appropriate for static backgrounds and few objects in the scene.

Aiming at overcoming these limitations, while maintaining the simplicity of the average, Lai &
Yung (1998) propose a background subtraction algorithm based on scoring (Scoreboard).
Ridder et al (1995) model each pixel with a Kalman filter, which allows the model to adapt
well to changes in lighting. This model is also unable to represent a multi-modal background,

i.e., where more than one value can be considered as background in a given region. This
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situation can occur, for example, with flashing lights or a tree swinging in the wind A method
that has a multi-modal model for the background is proposed by Friedman & Russel (1997).
The authors classify each pixel into three predetermined distributions, which represent the
colors of the road, shadows and vehicles. Due to the use of predefined probability
distributions, this method adapts with difficulty to the different situations in which it can be
applied, thus requiring manual calibration for each scene.

Stauffer & Grissom (1999) propose a multi-modal adaptive methodology. In their work, each
pixel is treated as a stochastic process with a probability distribution modeled by a mixture of
Gaussians. The parameters of the Gaussians are adjusted through an online Expectation
Maximization (EM) algorithm. In their model, pixels are classified as background if they have
a higher probability than a given threshold, according to the distribution of their respective
Gaussians. However, the mixture of Gaussians is unable to ignore sudden changes in
lighting, such as the ones caused by passing clouds on a sunny day. KaewTraKulPong &
Bowden (2001) present modifications in the system proposed by Stauffer & Grissom to
improve its performance. A weakness identified in the original paper is the long time it takes
for the initial background model to load. The authors propose an accelerated initialization
which uses a window with the same size of the already obtained frames to conduct the
model's initial estimate. This allows a functional background model to be obtained in the first
frames of the sequence, even though it runs the risk of including illegitimate information too
quickly in the model. The model's update dynamic ensures that information which does not
match the background image is promptly ignored by the model while more evidence can be
gathered and the model becomes more stable.

Recording and Reading License Plates

License Plate Recognition (LPR) is the process of recognizing vehicle license plates
automatically through computational vision techniques. Figure 2 shows typical examples of
images a LPR system should be able to process. The basic method, as indicated by
Anagnostopoulos, C. N. E., Anagnostopoulos, I. E., Loumos, V. & Kayafas, E. (2006) may be
divided into three main stages:

1. License plate location;
2. Character segmentation; and

3. Character recognition.
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FIGURE 2 — Example of images handled by a LPR system.

Location

The first step involves detecting the region of interest (i.e., license plate) in the image fed into
the system. This stage is developed based on information on the plates that is already
known. In LPR systems, there is usually a step of preprocessing the input image using filters
for noise reduction, color conversion and correction of perspective so as to facilitate the
processes conducted in the following steps.

Several works, such as Hsieh, J.-W., Yu, S.-H. & Chen, Y.-S. (2002), Hongliang, B. &
Changping, L. (2004), Comelli, P., Ferragina, P., Granieri, M. & Stabile, F. (1995), Dubey, P.
(2005) and Duan, T. D., Duc, D. A. & Du, T. L. H. (2004) highlight that license plates are
regions with large concentration of vertical edges, due to the contrast between letters and
background of the plate. By means of using edge detection techniques together with
morphological filters and heuristics about the plate's shape, the authors can isolate the
regions of possible license plates within an image.

Furthermore, the works of Chang, S.-L., Chen, L.-S., Chung, Y.-C. & Chen, S.-W. (2004).,
Jianfeng, X., Shaofa, L. & Zhibin, C. (2003) and Yang, F., Ma, Z. & Xie, M. (2006) make use
of information on possible colors of lettering and plate background to improve the recognition
and segmentation of plates. Chang, S.-L., Chen, L.-S., Chung, Y.-C. & Chen, S.-W. (2004)
use the possibilities of color transition for detecting edges, letters and background.
Additionally, Jianfeng, X., Shaofa, L.& Zhibin, C. (2003) uses a neural network that classifies
points according to possible colors in a plate. Data gathered in this stage are then used to
assist the classification of objects that are likely to be license plates. These data are also
used to maximize the contrast between the background and the letters. The work of Yang,
F., Ma, Z. & Xie, M. (2006) performs a conversion to grayscale before analyzing the image’s
central area in order to determine which binarization method provides optimum contrast.

Segmentation

In the segmentation stage, an analysis of the binary image obtained is carried out so that the
characters on the plate can be separated from each other in order to be classified in the
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following step. The most common character separation technique is the analysis of the
vertical and horizontal projection of the binary image, according to Zhang, X., Liu, X. & Jiang,
H. (2007). Another widely used method is the analysis of connected components, such as
data on height, width and location for detecting edges and characters, as shown by Yang, F.,
Ma, Z. & Xie, M. (2006). In this stage, perspective correction problems are also analyzed.
These issues may be dealt with in the previous step, depending on system. In addition,
elements that were incorrectly defined as being of interest at the binarization stage are
analyzed.

For perspective correction, Pan, M., Yan, J. & Xiao, Z.(2007) introduce and compare several
techniques for calculating the plate’s inclination angle in relation to the camera so it can later
be corrected using linear transformations. Besides, Zhang, X., Liu, X. & Jiang, H. (2007)
present a technique for correcting skew based on Radon transform. Image noise, which are
incorrectly binarized points, are commonly eliminated by using a threshold that adapts to the
character limits used in the projections, as stated by Anagnostopoulos, C. N. E.,
Anagnostopoulos, I. E., Loumos, V. & Kayafas, E. (2006). An alternative is to use an
iterative algorithm where the result of a noisy image is discarded and a new binarization, with
a new boundary, is generated so it can be analyzed by the character segmenter one more
time, according to Zhang, X., Liu, X. & Jiang, H. (2007).

Recognition

Before the next stage can be performed, a normalization needs to be conducted so as to
undo the results of treating characters uniformly regardless of the license plate’s original
image size or distortions caused by perspective correction, Chang, S.-L., Chen, L.-S.,
Chung, Y.-C. & Chen, S.-W. (2004).

Feature extraction simplifies and reduces the amount of input data for the classification
system. Among the feature extraction methods researched are topological ordering, including
the number of holes, endings and nodes of three and four exits in each character, Chang, S.-
L., Chen, L.-S., Chung, Y.-C. & Chen, S.-W. (2004) and Principal Component Analysis and
edge detection using Kirsch Abdullah, S. N. H. S., Khalid, M., Yusof, R. & Omar, K. (2007).

After the number and letter features are extracted, data are fed into a classification system,
which usually involves an artificial neural network, as in Anagnostopoulos, C. N. E.,
Anagnostopoulos, I. E., Loumos, V. & Kayafas, E. (2006), Wu, F., Wang, Y.-G. & Hou, X.-W.
(2007), or Chang, S.-L., Chen, L.-S., Chung, Y.-C. & Chen, S.-W. (2004), which uses a Self-
Organizing Map, among others.

AUTOMATED TRAFFIC MONITORING SYSTEM

Image Capture and Video Storage

First, the observation station is defined and set of camcorders are placed on the region of

interest. Each camera is positioned on the road so as to monitor only one traffic lane, which
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facilitates plate detection and segmentation. The video signals of each lane are stored on
camcorder's hard drive. The videos acquired during the session are stored in the server
database, where they wait to be processed in later steps.

Vehicle Detection

The system seeks to segment vehicles from the camera's fixed viewpoint. In this situation,
the objects of interest move on a relatively static scene, which is the road. Small movements
that occur due to vibrations and the effects of wind are the main difficulties considering the
scene as static. The system proposed by Stauffer & Grissom (1999) was chosen as a basis
for performing this task; however, it was adapted according to changes proposed by
KaewTraKulPong & Bowden (2001). The system needs to be adaptive in order to be used for
long periods of monitoring, which means it should change its model according to variations of
lighting conditions.

In the model proposed by Stauffer & Grissom (1999), each pixel is considered as an
independent stochastic process. Given that the scene's composition and the intensity of
lighting both vary with time, the background model must be built dynamically. The pixels'
color distribution is approximated by a Gaussian mixture model. This model has several
advantages over simpler techniques. For example, when an object is modeled as if
belonging to the background, it does not destroy the previous model. This allows for quick
recovery of the original background model, even after an object that was moving at first
remains stationary for some time. It could be a parked car within the camera'’s field of vision
which starts to move away and leaves the parking space. Only when a Gaussian becomes
the least likely Gaussian, among the K used in the model, and a new color is observed that
the previous model is lost.

Background subtraction results in a binary mask, where 1 represents the moving objects,
i.e., the foreground, and O represents the background. All pixels which do not match any
existing distribution belong to the foreground. Pixels that match the distribution are only
classified as background if the match occurred with one of the model's B first Gaussian at
that position. Otherwise, they will also be classified as foreground.

License Plate Location and Segmentation

The process of reading the license plates used in this study was the one described by
Anagnostopoulos, C. N. E, Anagnostopoulos, I. E., Loum, V. & Kayafas, E. (2006).

After the car's region has been isolated from the rest of the scene, the license plate can be
isolated from the rest of the vehicle because plates have a higher concentration of vertical
edges. We use the Sobel edge detector in order to detect these regions. This detector uses
two filters to extract the magnitude of the image's horizontal and vertical gradients. Edges are
regions where the gradient's magnitude is above a certain threshold. To isolate only vertical
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edges, we choose only edges in which the horizontal gradient is greater than the vertical
one, i.e., areas where the image's gradient has an angle close to the horizontal axis. Areas
that have a high density of edges are located by applying morphological filters in image
which contains the edges. First, a dilation filter is applied, which causes the edges near the
image to merge, forming a block of pixels. An erosion filter is then used to erase the areas
which are not big enough to be considered license plate candidates. After the morphological
filters are applied, rectangular shaped areas which are roughly as big as a plate are then
chosen for recognition.

OCR Technique for identifying the characters of the license plates

Once the region of interest is selected in the captured image, the image is converted to
grayscale according to the formula by means of extracting the luminance component O,
2989R + 0, 5870G + 0, 1140B. The grayscale image is then converted to black and white
using the Otsu algorithm to calculate the threshold of image conversion.

Due to capture angle, a correction of perspective must also be carried out in order to align
the output image as much as possible to the camera. In this step, an analysis of the
elements of the binarized image is carried out to identify the biggest element, whether it is
black or white, which is considered to be the plate's background. This region’s pixels closest
to each of the four corners of the image are taken as the four extreme points of the plate’s
rectangle and the image is transformed using a projective transformation. This process
results in a binary image containing an aligned license plate.

Character segmentation is then conducted through an analysis of vertical and horizontal
projection. First, a vector is obtained by counting the amount of linked elements in each
column. This vector is filtered using a 5 element average filter and the resulting vector is
multiplied element by element with the vector obtained by projecting (or adding up) the pixel
values of each column. Intersection points between the vertical projection and the vector
obtained by this multiplication are taken as character borders.

A similar analysis is conducted for the horizontal elements, and the largest element is taken
as the character's upper and lower borders. License plates belonging to motorcycles are
disregarded because they have only two lines.

Images of the characters are extracted from the borders obtained and all images are
normalized to the same size with the letter or number in the center.

These images are divided into 3 rows and 2 columns in 6 blocks of same size and the
geometric moments up to third order are calculated. These moments are normalized at an
interval between 0 and 1. They are then used as input to an artificial neural network with
different topology and weights for letters and numbers. The output of the neural network is
taken as the result of the reading.
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Vehicle Classification

A mask indicating the vehicle's position in the image is made so that vehicle classification
can be conducted, as shown in Figure 3. This mask serves as a basis for extracting the
features that will be used.

a b

Figure 3 — a) original image and b) resulting binary mask

The features that will be tested are main moments and moments that are invariant to
translation and scaling (Mukundan e RamakKrishnan (1998)) because they have
demonstrated their ability to describe objects (Hu (1962)).

After the mask is generated, these moments are extracted and normalized. Then, a feature
selection algorithm is used to iteratively select the best features (Pudil et al. (1994)) so that
the final set of features allows the classifiers to achieve higher accuracy rates more easily.

A classifier is then trained with this set of selected features. This study worked with modern
classifiers (artificial neural networks — Haykin (1988) and support vector machines — Vapnik
& Lerner (1963)) in addition to a classic classifier (k Neasrest Neighbor — Fukunage &
Narendra (1975)).

The best performance is chosen based on the results of these three classifiers

O/D Matrix Construction

The method used in this work for building an O/D matrix is the detection of license plates
through character recognition carried out by an automatic system. Based on the recognition
of the license plates of the vehicles running on the monitored roads, it is possible to trace
vehicles so as to define their origin and destination, by means of cross-checking data.
Recognition is carried out at the entrances and exits of the areas under study.
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Registro das placas por estagéo
Estagéo 01 Estagédo 02

QOK-2575 CFB-9528
DMO-5071 QKL-4972
ZPQ-7T782 TBT-3885
HVB-7823 KCO-0008

BZY-6370 = FFP-9864
BBZ-4793 MUY-3650
AGS-T134 JBF-6236

LCQ-4675 -BZY-6370
0QP-7989 WDJ-7402
LSK-8925 SNL-8171

Placa BZY-6370
Origem: Zona &
Destino: zona C

FIGURE 4 — Hellinga (2004), Adapted.

Figure 4 shows the scheme of the process of cross-checking license plate data. After the
amount of vehicles that come from or go to a given traffic zone is identified, you can build
and model the O/D matrix of the zone of interest.

CASE STUDY

Features of the Road Under Study

This paper presents a case study conducted at a roundabout at the University of Brasilia
(Darcy Ribeiro Campus), in Brasilia, Brazil.

The roundabout was effective for applying volume counts because it characterizes a multiple
origin/destination access system, i.e., the vehicle will have three origins and three
destinations, which enabled us to produce an O/D matrix with three rows and three columns.

On the road, there is a flow inside the university campus, as well as an external access to the
city of Brasilia. The roundabout is an intersection (node) that divides flows headed for the
South and North Zone of the University of Brasilia. It is a strategic spot because it segments
traffic from outside the campus.

Traffic occurs predominantly during the day, as the road is used mostly by the academic
community. There highest incidence is of private cars, given that there is traffic of public
transport on the two road tracks.

We use the following nomenclature to define the origin and destination zones of our matrix:
1. Origin/Destination A: Northern Zone of the University of Brasilia;

2. Origin/Destination B: Southern Zone of the University of Brasilia;

3. Origin/Destination C: Avenue L4;

Origin/Destination A encompasses the Dean’s office, the Library and most of the University’s
academic infrastructure. Origin/Destination B comprises the Biology Institute, the Chemistry
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Institute, the Medical School and the University of Brasilia’s Technology Park. In turn,
Origin/Destination C is Avenue L4, which borders the entire Eastern portion of the city of
Brasilia. Accordingly, there are the following movement possibilities at the roundabout:

FIGURE 5 — Movement 1 FIGURE 6 — Movement 2

FIGURE 7 — Movement 3

Data Collection

Flow data were gathered at the Origin/Destination A and B from 9:28 to 12:00, on March 25",
2010.
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FIGURE 8 — Zones and Locations of Camcorders

The system used for obtaining the video sequences used in this study consists of a metal
support, to position the camera at a vantage point. The camera model used is the Samsung
HMX 10A with a resolution of 1280 x 720 pixels (HD 720p) progressive capture at 60 frames
per second. Videos were stored in 16GB SDHC (Secure Digital High Capacity) memory
cards for offline processing. Each card can store up to 3 hours of video in the highest quality.
The support is a metallic tripod built specifically for this purpose.

@ CEFTRU

b

FIGURE 9 — a) Tripod e b) Camcorder

The tripod comprises a metal support base and a 1-meter long tubular section. The tripod is
1.85 meters high, accounting for the base and section. The camera is 1.50 meters over the
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floor and is attached to the tubular section through a metallic plate, which enables it to rotate
in two axes regarding the tripod’s axis.

After the roads were captured on film, videos were stored in a database on an Intel®Core™
i7-920 2.66GHz computer with 8GB RAM memory. Storage totaled 47 GB of images to be
processed.

Information Processing

In general, in a computational vision system, the processing does not need make use of the
full range of spatial detail that the image capture system provides. A moving region detected
roughly in a low resolution image can be re-mapped onto the original image, which reduces
the computational burden of processing. Therefore, reduced versions (160x90 pixels) of the
original 1280x720 videos were used.

With the video stored in the database, background subtraction began, which is framing
moving objects in a video sequence. After the background is defined, license plates were
located and characters were identified using OCR (Optical Character Recognition) methods.
Additionally, independently from the identification process chain, vehicles were classified into
four categories: light cars, buses, trucks and vans.

During the processing, some problems made it impossible to identify vehicles, for example:

a b c

FIGURE 10 — Dirty plate, Blurry plate and Plate with non-standard characters

Categorization

Two 66-image sets were used, one for training and one for testing, for each of the classes
used (cars, vans, buses and trucks), totaling 264 for training and 264 for testing.

18 features were extracted from the images using the training set (9 main moments and 9
invariant translation and scaling moments ).
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Feature selection was performed using the k-NN classifier with k = 1. Results are shown in
Table 1, where n,, represents invariant translation and scaling moments and m,, represents
the main moments.

Iteration | Feature Hit Rate
1 N11 45,75%
2 N21 67,09%
3 N23 83,11%
4 N12 90,31%
5 N22 93,15%
6 N32 94,42%
7 N33 94,35%
8 N13 94,58%
9 Na1 94,30%
10 mi; 93,81%
11 mis 93,25%
12 Mm33 92,91%
13 ms; 92,74%
14 mys3 92,47%
15 M3 91,92%
16 mMj1 91,73%
17 ma 91,29%
18 my; 91,09%

TABLE 1 — Feature Selection

Note that the best accuracy rate occurs at the 8th iteration, reaching 94.58%, only using
invariant scaling and translation moments, which proves the best performance of these
features.

The classifiers were trained using the set of features composed by the eight best features.
The k-NN is trained with k=1 using euclidian distance (same parameters used in the feature
selection process).

The neural artificial network used is a Multi Layer Perceptron, having 6 neurons at the
intermediate layer and BackPropagation training algorithm.

The support vector machine had its architecture based on a one-versus-all layout, using a
degree 3 polynomial kernel.

Table 2 shows the average recognition rate for the classifiers mentioned above.

Classifier Hit Rate
K-NN 94,58 %
RNA 97,20 %
SVM 96,59 %
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TABLE 2 — Classifiers Used

For the project’s final version, the artificial neural network was used, which catered for higher
accuracy rates among the tested techniques for the set composed of 8 invariant moments
(regarding scaling and translation).

Building the O/D Matrix and Comparative Study

After having performed the whole experiment with identification and linking of information, the
following O/D matrix was found:

A B C Production

A 1 171 {98 270
B 233 |0 268 | 501
C 90 122010 310

Attraction | 324 | 391 | 366 | 1081
Table 3 — O/D Matrix

Through automatic monitoring we were able to identify when peak traffic flow occurs. The
abscissa axis of the graph represents the amount of vehicles identified every 10 minutes,
which are shown in the ordinate axis. Note that there is also an increased flow trend at the
end of the monitoring, at 12:00 due to the emergence of a new peak time.

Fluxo de Trafego x Periodo
250
(7]
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S / \
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2 10 /\/ \ o
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d v
0
09:40/09:50/10:00(10:10(10:20(10:30/10:40/10:50|11:00{11:10/11:20/11:30{11:40(11:50(12:00
| 67 | 95 60 | 108 | 205 | 122 | 66 | 44 19 | 42 81 76 | 80 67 | 103

Figure 11 — Vehicle Histogram in each period

In order to validate the data used to build the O/D matrix, manual count was carried out in
Origin/Destination A and B at the highest peak, from 10:10 to 10:20. The following results
were found:
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Automatic Manual Absolute Error
Origin Road A 80 102 22
Destination Road A 46 46 0
Origin Road B 37 38 1
Destination Road B 25 31 6

TABLE 4 — Error at peak times

The largest error occurred in Origin Road A due to a traffic jam, which made it difficult for the
system to read the plates, given that the were moving extremely close to each other, causing
plate occlusion.

Absolute error was 13.36%; with an average error margin of 7.25 per lane and a 10.17
standard deviation.

Besides counting and identifying the vehicles, they need to be categorized in order to obtain
the O/D matrix because each vehicle has a different characteristic. The amount of vehicles in
each category should be acknowledged in planning because differences in size, weight and
usability features change the way traffic is analyzed. Thus, the following results were found:

CATEGORY AMOUNT
Cars 809
Buses 22
Trucks 8
Vans 16

TABLE 5 — Amount of Vehicles on the monitoring

The error margin linked with this categorization was 7.81%.

When the counting begins, some vehicles are identified only at the destination point, given that they
went through the origin point after the monitoring had begun. We identified a 0.7% error margin
associated to this kind of problem.

CONCLUSION

With the growth of cities and, consequently, the fleet of vehicles, traffic flow in medium and
large centers eventually became a problem. Streets are badly scaled and road expansions
do not keep up with urban sprawl. In addition, there is always a lack of efficient public
policies on that matter. In order to prevent or correct some of these problems, engineers,
who are responsible for maintaining traffic; turn to studies that make use of instruments to
model the road network for planning changes and improvements on it.

In that context, the work presented here has proved to serve as a good reference for

instrumentation and study of a road network. Furthermore, it has shown accurate results in

studying traffic flow. By making use of automation tools, we managed to build an O/D matrix

with a 13.86% error band. These automation tools also made for mitigating continuity

problems (i.e., 0.7%) because time can be controlled when data is being processed, which
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enables the network can be regulated around the monitoring. Additionally, the automation
tools enabled us to obtain results for the O/D matrices from the same pool of flow data
without multiple results. Due to the identification of license plates, we were able to faithfully
track the vehicle's route and print its actual trajectory within the network under study.

Because monitoring is carried out with cameras, the O/D matrix is easily obtained and
requires relatively few human resources, i.e., Automated Traffic Monitoring enables us to
create an O/D matrix quickly and requires less workforce if contrasted with older techniques

The biggest problem associated with filming is the occlusion of license plates in traffic jams.
There was a 27.5% occlusion rate of the plates at peak times in the network shown in this
work. However, this could be minimized if the camera's location in the arc under study is
perfected, and more camcorders are placed in different places on the same road.
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