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Abstract: With the increase of vehicles in large urban centers, there is also an increase in the number
of traffic jams and accidents on public roads. The development of a proper Intelligent Transport
System (ITS) could help to alleviate these problems by assisting the drivers on route selections to
avoid the most congested road sections. Therefore, to improve on this issue, this work proposes
an architecture to aid an ITS to detect, analyze, and classify the traffic flow conditions in real time.
This architecture also provides a control room dashboard to visualize the information and notify
the users about the live traffic conditions. To this end, the proposed solution takes advantage of
computer vision concepts to extract the maximum information about the roads to better assess and
keep the drivers posted about the traffic conditions on selected highways. The main contribution
of the proposed architecture is to perform the detection and classification of the flow of vehicles
regardless of the luminosity conditions. In order to evaluate the efficiency of the proposed solution,
a testbed was designed. The obtained results show that the accuracy of the traffic classification rate is
up to 90% in daylight environments and up to 70% in low light environments when compared with
the related literature.

Keywords: image processing; intelligent transport system; vehicle tracking; traffic classification;
computer vision

1. Introduction

In the past few years, there has been a significant increase in the number of vehicles. A study by
the US Department of Transportation in 2019 showed that, in the period from 2010 to 2016, the number
of vehicles increased from 250 to 269 million and the distance traveled by these vehicles increased
from approximately 2.97 to 3.17 billion of kilometers only in the United States [1]. This tendency is
expected to increase even further in the foreseeing future.

More and more vehicles are being equipped with devices that can provide numerous services and
applications for managing street traffic or even the entire traffic system in a large city [2]. Because of
that, the Intelligent Transport Systems (ITSs) are envisioned to provide a number of new applications
that spread from road and traffic alerts [3-5], distributed and cooperative route planning [6-10],
several types of video distribution [11-15], driving strategy advisory systems [16-18], to autonomous
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driving capabilities [19-21]. A report conducted by the Institute of Economic and Applied Research
showed that more than 169,000 traffic accidents were registered on the federal highways in Brazil in
2014 [22]. Since then, this number has greatly decreased to 69,206 in 2018 mainly due to the strict
legislation adopted and nationally enforced. However, the study still shows that 33.7% of these
accidents are caused by head-on collisions, while 32.6% of them are due to a lack of attention [23].
This means that these kinds of accidents can be reduced by the use of devices and mechanisms
designed to monitor the traffic, detect possible road incidents, and notify the drivers, increasing
their alertness [24]. Thus, these alerts help the drivers take action for any event on the road, such as
changing the route.

Several mechanisms have been proposed to alert drivers and provide traffic conditions
notifications to improve on this issue. In the latter, the main objective is to detect which routes are
coping with slow traffic, possible points of congestion, and sections with traffic interruption [25]. It is
common for these mechanisms to use cables and sensors, such as piezoelectric, ultrasound, infrared,
microwave, laser, and optics, to perform the counting of the vehicles [26]. Generally, inductive
sensors are attached to the pavement to automatically detect the vehicles. This means that they only
perform the counting of the vehicles in that specific section of the highway. Besides that, they have
the capacity to classify them through the analysis of their magnetic profiles [27]. Another way to
automatically monitor traffic is to use pre-installed cameras along the pathways. Recently, the use of
video cameras became a promising and low-cost method to monitor traffic flow [28]. In addition to
that, they can also be used to verify road conditions and different types of events, such as accidents
and roadblocks. Because of that, the use of computer vision concepts, to monitor urban or countryside
traffic, becomes an attractive ITS research field to develop new services and applications [29-31].

There are several methods to perform traffic analysis, for example, using mobile phone GPS [32] or
cellular triangulation [33]. However, performing traffic analysis using cameras has many advantages
than other monitoring methods. First of all, the cameras are easy to install; additionally, they do not
damage the roads and also have relatively low installation and maintenance costs [34,35]. Furthermore,
a large number of cameras are already installed in the roads for surveillance purposes. Besides that,
a single camera is capable of monitoring more than one traffic lane over several hundred meters of road.
Therefore, they provide a wide area of monitoring capabilities, which, in turn, leads to a better analysis
of traffic flow and precise calculation of speed as well as counting and classification of vehicles [36].
Automatic traffic monitoring provides a rich source of information as the data collected through the
cameras can be used in a great variety of situations, such as to discover the path traveled by the vehicle
as well as the shape, dimensions, and color of the vehicles. These systems could potentially have the
same powers of observation as a human agent, but without the damaging effects of tiredness and
boredom caused by the repetitive task [37].

The use of video cameras brings many advantages; however, there are also some drawbacks.
For example, the cameras are subject to vibration due to wind or heavy vehicles passing by.
Additionally, the position of the camera also plays an important role. Generally, they are positioned
high above the traffic and, because of that, depending on the position and angle that the camera
captures the images, large vehicles may obstruct the view.

Another issue is that surveillance cameras that were not originally specified or installed to use
computer vision algorithms may have to be tweaked to this end [25]. Moreover, the use of computer
vision algorithms may be impacted by several other factors such as the weather, the luminosity,
and foreign objects on the roads, just to give some examples. As a consequence of these adversities,
it’s been proven to be hard for the computer vision algorithm to take all these variations into account
and to define parameters that work in all these distinct situations.

In the literature, several architectures use image processing for congestion detection [38—40].
Usually, they adopt image processing to identify and count vehicles. However, these systems do
not take into account low-light scenarios such as vehicle detection at night. These environments
present some challenges as they cannot accurately detect the vehicles’ outline, therefore making its
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classification difficult. Thus, in a darker environment such as at night, detecting and counting the
vehicles to establish a level of congestion becomes a challenge.

In order to improve on these issues, such as how to better detect vehicles in low luminosity
enrollments and to classify the traffic flow, this work proposes an architecture that allows the
classification and users’ notification about the flows of vehicles on the roads. The proposed architecture
is divided into three main components: (i) monitoring and abstraction of information; (ii) information
storage and processing; and (iii) control room dashboard.

These components are based on the concepts of computer vision, aiming to detect and classify
the flows of vehicles that are traveling in highways settings. Although the proposed architecture is
generic enough to work in a variety of situations, our approach was evaluated in a Brazilian multi-lane
highways scenario. For this, real traffic video sequences were obtained from one of the Brazilian’s
highway concessionaires, namely AutoBAn [41]. The dataset used in this work can be found in [42].

The proposed architecture’s main contribution is to perform the detection and classification of
the flow of vehicles regardless of the luminosity conditions. The proposed approach performs the
detection of vehicles through the analysis of the similarity of the objects [43]. Moreover, the proposed
approach also performs the traffic flow classification through calculations with information on the
highway and the number of identified vehicles. In addition to that, it can autonomously notify the
drivers through the dashboard with the conditions of the roads. This allows drivers to choose an
alternative path or delay the travel if they see fit.

The remainder of the work is structured as follows. Section 2 provides an overview of the related
work. Section 3 describes the proposed mechanism for detecting and classifying the flows of vehicles
on highways. The results of the proposed approach, as well as a comparison with other solutions found
in the literature, are given in Section 4. The conclusions and future work are presented in Section 5.

2. Related Works

This section discusses several architectures found in the literature that use image and video
processing to track and monitor the road’s traffic.

Caballero et al. [44] proposed a mechanism based on images to detect vehicles as well as to
verify and perform vehicle tracking over time. This solution is similar to the method proposed in [38],
which describes a module for processing visual data images extracted from the scene. Both approaches
use a temporal space analysis and high-level modules to perform the detection of vehicles and their
attributes to acquire knowledge of traffic conditions. They can determine whether the vehicle actually
left the scene as well as if it was overlapped or concealed by another vehicle. This work improves on
several problems found in the identification of vehicles in images, such as the occlusion of vehicles;
however, the method used in this work has a high cost of processing, which makes it not ideal for
image processing in real time. The method used in this work does not perform the identification of
vehicles and traffic flow classification in nocturnal or unfavorable climatic conditions.

Bhaskar et al. [45] use background subtraction techniques to identify and track vehicles. In each
frame, Gaussian Mixture Model (GMM) techniques are applied to perform the differentiation of
moving objects from the background of the image. To this end, the GMM technique uses a reference
image and performs the comparison with a given sequence of images to identify the background.
After identifying and modeling the background image, blob detection techniques are applied to
identify groups of pixels representing moving vehicles. This type of technique may not be highly
effective in certain environmental circumstances, such as dark environments, possible shadows of
vehicles and trees, and scenarios where the camera is affected by vibration.

Xia et al. [40] presented a solution based on virtual ties to improve the quality of the vehicle
counting method. The authors used the base station to improve vehicle motion detection by
fusing the GMM with the Expectation Maximization (EM) algorithm for better tracking results.
The combined use of these algorithms helped to improve the segmentation quality of the moving
vehicles. Moreover, the authors developed a restoration method for noise suppression and filling
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of cracks to obtain the best region of the object. Furthermore, the author also used a morphological
feature and color histogram to solve obstruction problems. The combination of these improvements
allowed some problems encountered in the background subtraction technique to be avoided, such as
vehicle shadowing and unfavorable environmental conditions. However, the noise-filling technique
ends up unduly joining vehicles when they are very close, either in the frontal, lateral or rear region,
causing two or more vehicles to be identified as one.

Barcellos et al. [46] proposed a system to detect and perform the counting of vehicles in urban
traffic videos with virtual links of defined users. The approach used motion linking and spatial
adjacency to group particle samplings into urban video sequences. Furthermore, the author also
used GMM and motion energy images to determine the ideal locations for particles to remove the
samples and groups of convex particles are then analyzed for vehicle detection. The vehicles are
tracked using the similarity of its colors in adjacent frames and counted in user virtual loops defined
by intersection detection of vehicle tracking. The approach used by the author achieves good results
in the identification of congestion on the highways since it can identify when the vehicle enters and
leaves the virtual loop. However, it is inefficient in real-time analysis, since the areas of virtual ties
need to be calculated, which makes the processing time of this method relatively high.

Sarikan et al. [47] proposed an image processing and machine learning vehicle classification
technique. The authors adopted filtering techniques and image morphology to fill the regions of the
vehicle, giving a better representation of the figure. A classification model was generated with images
of cars and motorcycles to identify the vehicles, which, after being combined and normalized in the
training set, after that, a heat map (HM) is generated and used to compare the similarity in other
images. Decision trees were used to identify whether the object is a vehicle, a motorcycle, or is not a
vehicle. This work presents an accurate technique for identifying different types of vehicles, which are,
in this case, only motorcycles and sedans. This algorithm presents a vehicle identification technique,
where it is possible to differentiate between motorcycles and sedans. The main disadvantage of this
algorithm is that it only identifies motorcycles and sedan cars. For identification of smaller vehicles
such as small cars and tricycles and large vehicles such as trucks and buses, other training data sets
should be used. Another drawback of this algorithm is that it only performs the identification and
classification of vehicles and does not classify the current traffic flow of the highway.

Table 1 gives a comparative summary of the above-mentioned related work and our
proposed architecture.

Table 1. Related work comparison.

. . Luminosity Traffic Flow
Article Technique Identification Classification
Caballero et al. [44]  Background Subtraction No No
Bhaskar et al. [45] Background Subtraction No No
Xia et al. [40] Background Subtraction No No
Barcellos et al. [46] ~ Background Subtraction No No
Sarikan et al. [47] Similarity (Decision Trees) No No
ATRIP Similarity (Adaboost Classifier) Yes Yes

As seen, there are several proposed mechanisms; however, most of these solutions do not take into
account the environmental settings, i.e., they lack the consideration of the luminosity of the ambient,
such as nightfall, cloudy weather, or rain. Another point is that these solutions do not assess the traffic
conditions as they only count the number of vehicles on the road. Therefore, the proposed architecture
improves on these issues, by detecting, counting, and classifying the traffic conditions in scenarios
with a wide range of luminosity.
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3. Towards the Design of ATRIP

This section describes the proposed architecture for the detection and classification of traffic
conditions, called ATRIP: Architecture for TRaffic classification based on Image Processing.
The proposed architecture uses computer vision concepts to detect and classify vehicular traffic
in a determined area. One of the advantages of the proposed mechanism is to use the already
deployed cameras infrastructure along the pathways. It is a common practice nowadays for modern
highways to have nearly full video surveillance. In any case, if there is no complete coverage, at least
the important sections will probably be covered. ATRIP takes advantage of these traits as it uses Image
Processing of real datasets, as well as real-time videos made available by companies that manage
public roads such as AutoBAn.

Therefore, ATRIP provides information to the drivers through its web interface, so they can take
action concerning how the traffic conditions are. In doing that, it will be possible to avoid aggravating
even further traffic congestions.

The main advantages of ATRIP are the possibility to be easily integrated to any available ITS in
place and also use the already installed surveillance cameras. This helps to cut down the system’s
deployment costs as well as keeping the maintenance costs down as the cameras are used for both
surveillance and traffic control. Additionally, ATRIP is based on the client and server paradigm for
both uploading and processing the information. This means that the system is reachable anywhere
that is connected to the Internet network.

ATRIP is divided into three main components, aimed at visualizing image classification,
preprocessing, and extracting information from images. The capture of videos can be done in two
ways. The first one is to capture in real time the road footage sequences from monitoring platforms
made available by the concessionaire who manages the highway. The second one is through videos
obtained from the Internet where the systems have the traffic of the highways for a period of time.

3.1. Architecture Quverview

As previously mentioned, the ATRIP architecture is divided into three main components:
(i) information monitoring and abstraction; (ii) information storage and processing; and (iii) control
room dashboard, as seen in Figure 1.

ATRIP architecture

Control Room Dashboard

[ Web client ]

Information Storage and Processing

[ Database ] [Image processing]

Information Monitoring and Abstraction

[ Sensors J[ Cameras ][Communication]

Figure 1. Overview of ATRIP architecture.
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In a bottom-up order, the first component, (i) information monitoring and abstraction,
communicates directly with the surveillance cameras and luminosity sensors. The adoption of
this sensor is important as it makes the image processing faster. In general, it also provides more
accurate results because it gives a precise measurement of the brightness of each spot where the
cameras are located. This information is used as input for selecting the most appropriate traffic
detection mechanism.

The second component, (ii) information storage and processing, is the proposed architecture main
engine. It is responsible for receiving all the information such as the video frames from the surveillance
cameras and the current light conditions. Another important task of this component is to process and
classify all the received information.

The third component, (iii) control room dashboard, is the output interface of the system.
This component allows for monitoring the routes, checking the output of the classification and traffic
conditions. It was implemented as a web client, making it accessible anywhere and also providing
on-screen alerts.

A detailed explanation of the above-mentioned components can be found below.

3.2. Information Monitoring and Abstraction

This layer is responsible for the management of public-road devices, such as cameras and sensors,
besides communication between devices and a central server. The surveillance cameras placed in
public locations, such as streets, avenues, and highways, are essential to capture real road footage
sequences and transmit such footage to a central entity. Considering that this video footage can be
accessed by the web, through a streaming mechanism.

Another important device in ATRIP architecture is the ambient light sensor. Such a sensor is
applied to sense the brightness of its surroundings, that is, estimate the ambient light conditions of the
environment where the sensor is currently operating.

Aiming to reduce the image processing time, and, consequently, the traffic classification time,
an ambient light sensor placed close to the cameras was used to capture the local luminosity. Adding the
luminosity captured in the training phase of the images helps to lower the computational cost, this will
be explained in detail in Section 3.3.1. The communications between the sensor and the Information
Storage and Processing module are made through the cellular network. It is worth mentioning that
communication is only done when there is a change in the brightness of the surroundings.

3.3. Information Storage and Processing

This component is responsible for several procedures such as store and disseminates information
in a scalable way, identify a vehicle through a video sequence, count the number of vehicles that are
traveling within a monitored route, as well as classify and propagate this information to the drivers.

In other words, first, the vehicle identification training phase is described, detailing the adopted
methods and how the training datasets are created. After that, the preprocessing of the real video
frames as well as vehicle identification and counting are disclosed. Subsequently, the processing and
classification of the live traffic condition are explained, as well as disseminating how this information
is conveyed to users through the web interface.

3.3.1. Vehicle Identification Training Phase

ATRIP training phase is performed with real video sequences extracted from surveillance cameras.
First of all, after the videos are gathered, they have to be converted to a series of static images. Once the
static frames are obtained, the image processing engine will detect and count the vehicles in each one
of them. The methods of getting the videos and transforming them into still images are trivial and will
not be discussed in this work.

The identification and counting of the vehicles were performed based on the technique proposed
by Viola-Jones [43], where vehicle identification was based on the main characteristics of vehicles
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derived from a machine learning algorithm. These characteristics are responsible for realizing the
differentiation between vehicles and other objects and shapes that may appear in the pictures. The use
of Viola-Jones is due to the need for quick identification of the objects on stage. This technique is based
on the characteristics of Haar [48], where rectangular features are used for the identification of objects.

According to Viola-Jones [43], the result found by the characteristic for a certain region is given by
the sum of the pixels that are in the white rectangles that are subtracted by the sum of the pixels that
they find in the gray rectangles. After the calculation of the rectangular region is obtained, the values
of the Integral Image are obtained; with this, the classifier can traverse the image searching regions
with the same patterns of characteristics of the desired object. AdaBoost is a machine learning method
that combines several weak classifiers (weak learners—weak hypothesis) to obtain strong classifiers
(i.e., a strong hypothesis). Boosting is used to select a feature set and train the classifier.

During the training phase, the rectangular features are located and analyzed, to determine whether
or not they are useful to the classifier. When the features are applied to an image, the natural contrasts
provided by the object features are examined, with regard to their spatial relations.

The objective of this mechanism is to carry out the detection and abstraction of the features of
the vehicles. In order to be able to perform the detection of the vehicles, it is important to extract the
characteristics of them. This process will be also responsible for differentiating a vehicle from other
objects. To accomplish this, a set of characteristics found in the vehicles that are distinct concerning the
sets of characteristics found in other objects are isolated.

For the machine learning algorithm to be executed, it is necessary to construct an image base that
provides a training set that includes images of the object of interest, defined as positive images, and a
set that does not contain the object, defined as negative images.

Two image datasets were created in which the first one has images with higher luminosity and
the second one with less luminosity. Each dataset has the number of positive and negative images,
the number of these images can influence the classification of the object [38,49]. Therefore, 5690 images
were used for the training phase of high luminosity scenarios. Among these images, 2370 ones were
positive and 3320 were negative images, as shown in Figure 2.

For the low luminosity environments, 962 images were used, including 193 positive and
769 negative images, as depicted in Figure 3. Therefore, the amount of images of both environments
sum up to 6652. All the images of the dataset were handled manually by the authors of this work,
selecting only the relevant objective in each image, i.e., tracing cars in the images to improve the
accuracy of the classifier.

(a) Example of positive images

(b) Example of negative images

Figure 2. Training samples images (daytime scenario).
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(a) Example of positive images

(b) Example of negative images

Figure 3. Training samples images (nighttime scenario).
3.3.2. Flow of Vehicles Classification

First, ATRIP captures the video segments from surveillance cameras or a real video dataset.
These segments contain information about the last seconds of the highway’s traffic status. Seeking to
produce the desired output, the obtained data need to go through a preprocessing phase that comprises
a set of steps. These steps are the same ones as in the aforementioned training phase. In other words,
they are converted to a collection of static images; after that, the image processing engine detects and
counts the vehicles.

Once the vehicles are detected, the mechanism counts the vehicles that are on the scene to
classify the traffic flow on the road. For this, a predetermined threshold is used to characterize
the flow of vehicles. It classifies the flow into three levels, namely free, moderate, and congested.
This classification is based on the work [50]. However, the threshold value is very peculiar depending
on each road configuration. Because of that, the values used here are based on the observation of a
traffic engineering specialist.

Algorithm 1 describes the proposed classification, including the number of vehicles that are on
the scene within a certain period on a given highway. Through the specialist assessment, the following
thresholds were then found. It was defined that congestion is when the number of vehicles identified is
above 20 (upper bound) in a single image, free when it is smaller than 12 (downbound), and moderate
when the number is between 12 to 20. It is important to stress that these values are specific for the
assessed situations; in the case of new scenarios, these thresholds would have to be revised.

Algorithm 1 Vehicles identification and traffic classification

Image < getImage()
Light < getLuminosity()
if (Light) then
Base <— CarsDay
else
Base < CarsNight
end if
numberCars <— DetectVehicles(Image, Base)
if (numberCars > uperBound) then
Return(Congestion)
. else if (numberCars < downBound)) then
Return(Free)
: else
Return(Moderate)
: end if

RS B N U o A e
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The result of both vehicle counting on the scene and the classification of traffic flows from the
road is passed to the user interface so that the users can track traffic conditions in real time.

3.4. Control Room Dashboard

The last component of the ATRIP architecture is the control room panel. This is the main interface
between the system and users as it can be used by the drivers to learn about the current traffic
flow of the highways and the access points. With this information, it is possible to provide a better
decision-making process, which can lead to avoiding highways with the greater traffic flow, and thus
reduce congestion. The Web client is able to show the video sequences in real time. It can also display
the results of the traffic counting and the current flow of the highway, as shown in Figure 4.

[ TODO supply a title x e - X

C | ® localhost:8084/Carros/carros html| w| i

P 0017057 @—

Cars detected: 6
Traffic flow: Free

Figure 4. Web Client control room dashboard.

4. ATRIP Assessment

This section presents the performance evaluation of the proposed architecture through a set of
experiments. The main component to be assessed is the Information Storage and Processing layer.
It was implemented in Matlab version R2015A (The MathWorks, Inc., Natick, MA, USA) which has the
functionalities needed to apply the computer vision techniques required to extract the information from
videos. In the experiments, 70 videos were collected from the streaming provided by the AutoBAn
company. Therefore, a real dataset with actual video footage of the highway traffic was used to train,
classify, and validate the proposed architecture. A highway segment (Rodovia Anhanguera SP-330)
was chosen for the performance evaluation. Such a highway is one of the most important in the state
of Sao Paulo and connects Cordeirépolis, Campinas, Jundiai, and Sao Paulo.

The main goal of the experiments is to evaluate the vehicle's detection and the traffic classification
in both night and daytime environments. The performance evaluation for vehicle detection was
compared against the Bhaskar et al. [45], called the Bhaskar method here. This method has been proven
to have a high level of correct classification of objects with little false positive and false negative, as well
as fast response time.

Furthermore, the output of the traffic flow classification was compared with the appraisal of
a specialist in traffic engineering. This specialist observed the video frames used by the proposed
architecture and performed his personal flow classification.

4.1. Detection of Vehicles

In this experiment, three factors that have a direct effect on the number of vehicles were evaluated,
which are:

e The number of vehicles detected: represents the number of vehicles correctly detected;
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*  The number of false negatives: corresponds to the number of vehicles that were not detected
although they were traveling on the highway;

e  The number of false positives: gives the number of cases in which the objects were erroneously
identified as vehicles.

The videos used in the experiments included several distinct traffic conditions. Moreover, a total
of 35 videos were used for the nighttime environment and another 35 videos for the daytime one.

Figure 5a shows the vehicle detection results of the daytime environments. The figure presents
the percentage of vehicles identified correctly. It is possible to notice that the proposed architecture has
a better performance than our competitor, the Bhaskar method. This improvement in the detection
rate can be attributed to the test group and training method used to classify the vehicles. As a result,
ATRIP had an increase of approximately 10% in comparison to the other mechanism. This increase in
detection is due to a reduction in the number of false positives and false negatives, as described below.

Figure 5c depicts the percentage of false negatives, i.e., the percentage of cases where the methods
failed to correctly identify the vehicles. It can be observed in the graphs that the proposed method
obtained a smaller number of false negatives in comparison to the Bhaskar method. This happens
because the Bhaskar method was sometimes unable to identify the vehicles that were close to each
other. This means that when a car is behind or very close to another one it is not correctly identified
because of the image segmentation. Therefore, the ATRIP architecture reduced the number of false
negatives compared to the Bhaskar method by approximately 11%.

Figure 5e gives the percentage of false-positive, i.e., the number of vehicles that were incorrectly
identified. In other words, non-vehicles objects that were classified as vehicles. Here, again,
ATRIP obtained a small improvement over its competitor. The percentage of false positives suffered a
reduction of approximately 2%.

Taking everything into consideration, the proposed architecture was able to achieve an overall
improvement of approximately 10% in high luminosity environments. This meant that a 92% accuracy
rate was achieved. This was only possible because of the low number of both false negatives
(approximately 8%) and false positives (approximately 1%).

Additionally, the ATRIP architecture was also assessed in low light conditions. In this condition,
it is harder to correctly identify the vehicles. Figure 5b shows the percentage of vehicles correctly
identified in videos with low luminosity. It is possible to notice that the proposed architecture has a
better performance than the Bhaskar method. This can be explained by the difficulty experienced by
the Bhaskar method when separating the background form the tracked object. In some cases, the image
was too bright and in other ones was not bright enough. ATRIP improves on this issue and provided
an increase of approximately 6% better than the competitor. This increase in the detection can be
attributed to the reduction in the number of both false positives and false negatives, as can be seen in
Figure 5d.f.

Figure 5d depicts the percentage of false negatives in a nighttime environment. In this scenario,
the results reveal that the method obtained a smaller number of false negatives than the Bhaskar
method. This happens because the competitor method is sometimes unable to identify the vehicles
due to the dark background. As a result, ATRIP was able to reduce the number of false negatives by
approximately 8%.

The percentage of false positives obtained by the video images captured at low light conditions
is depicted in Figure 5f. The results follow a similar pattern as seen in the false-negative cases.
The same as before, the ATRIP was able to reach an improvement of approximately 2% in comparison
to the Bhaskar method. This can be attributed to the image database used by the proposed architecture
in the training phase of the classification mechanism.

In the light of the aforementioned results, it is possible to conclude that ATRIP obtained an increase
of 8% in its classification rate, in a low light environment, against the Bhaskar method. Moreover,
it was able to achieve a 31% improvement on the accuracy rate as it reaches a low number of both false
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negatives (approximately 34%) and false positives (approximately 35%), again, in comparison with the
Bhaskar method.
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Figure 5. Experiment results of the proposed architecture in comparison to the Bhaskar method.

4.2. Traffic Classification

This section compiles the results obtained regarding the ATRIP traffic classification methods.
These experiments aim to determine whether the proposed architecture can correctly classify the flows
of vehicles on the highway. In order to do that, the degree of correctness of the classification performed
by API needs to be assessed and compared with the results obtained from a human specialist who
analyzed the same videos used. Several videos with distinct traffic conditions were assessed by both
the proposed architecture and the human specialist. In the experiments, 35 videos were used for the
nighttime experiments and another 35 videos for the daytime conditions, 70 videos in total.

Figure 6 shows the percentage of correct classifications of the traffic flow on the highway.
The correct classifications mean that the proposed architecture output was the same as the human
specialist opinion. The results demonstrated that ATRIP provides an accurate classification of the levels
of traffic congestion. This is especially true in the case of pinpointing traffic congestion in the daylight
environments, where it reached about a 90% accuracy level. On the other hand, the classification
accuracy is lower in low light environments. However, this situation was expected as it is rather
difficult to correctly detect the vehicles in these situations.
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Figure 6. Percentage of correct classifications.

5. Conclusions

This information can be used reactively, making them available so that drivers can analyze the
route, avoid congested roads, or be proactive in providing input information to the development
of better traffic solutions by the city planners. Aiming to improve on this issue, this work
proposed the ATRIP architecture which provides accurate vehicle detection and traffic classification,
which can be used together with the ITS in place. The proposed architecture provides a holistic tool,
being responsible for the video image retrieval and the preprocessing of the videos as well as the traffic
classification up to a control room dashboard.

The results showed that, for an environment with daylight conditions, ATRIP obtained results
with 10% better accuracy than the competitor. It was also able to achieve a 92% accuracy rate in vehicle
detection. Additionally, it produced a very low number of both false negatives and false positives,
approximately 8% and 6%, respectively. Furthermore, it also had a better performance in scenarios
with low light conditions, improving the detection rate up to 8%. It also produced approximately 34%
less false negatives and 35% less false positives. These results led to a traffic classification rate accuracy
of around 90% in daylight environments and 70% in low light environments.

The advancement of the proposed solution in the identification of vehicles when compared to
the competitor is clear. It is worth mentioning that ATRIP still has a low rate of accuracy in the traffic
classification process during the night or in low-luminosity scenarios. One of the main reasons for this
lack of success is the low amount of low-luminosity environment images used to train the classifier.
It is known that the ATRIP uses only information about the highway and the number of vehicles to
identify the current congestion status. Another piece of data that could be useful during the congestion
identification process is vehicle speed because considering data regarding vehicle speed can increase
the used classifier’s performance.

As future work, we intend to conduct further research on other methods that can be employed to
tackle other issues such as vehicle occlusion and vehicle speed to set the highway congestion status.
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