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Abstract.  With the development of new information science technologies, large amounts of
data are being generated every day in the urban environment, making it necessary to use com-
putational techniques for its processing and analysis. In some cases the analysis depends on a
human agent to interpret and evaluate a given situation. When devices generate data contin-
uously, the amount of information that must be processed is limited by the performance of the
worker and can result in a potential loss of quality in interpreting tasks. Considering this as-
pect, the use of intelligent devices can contribute considerably the improvement of the services
of the traffic management and monitoring bodies. One example is intelligent traffic lights that
identify vehicle flow through sensors and define how long they should be open in order to mini-
mize local traffic jams or even to classify an image based on the object or in a certain situation.
Artificial intelligence techniques have been shown to be efficient in this type of task, because
they have the ability to analyze large datasets and make decisions in a short period of time. This
article presents a tool that implements the concepts of Smart Cities and Artificial Intelligence
in public data from the organs of traffic management of the city of Juiz de Fora. A deep learning
neural network was developed to analyze data from monitoring cameras for traffic events.
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1 INTRODUCTION

The concept of Smart Cities are diverse, covering different definitions depending on the
meaning of the word “smart”: Digital City, Wired City, Knowledge City, Green City, Virtual
City and etc (Cocchia, 2014). There are many definitions of Smart City, but none of them have
been universally recognized yet (Nam and Pardo, 2011). Washburn et al. (2009) conceptualizes
an Smart City, placing an explicit emphasis on the use of intelligent computational technolo-
gies. They considered that the current urban crises served as a good pretext for an Smart City
initiative. Some governments and government agencies are embracing the notion of intelligence
to characterize their new policies, strategies and programs to achieve sustainable development,
strong economic growth and better quality of life for their citizens (Centre On Governance,
2003).

The analysis, connection and integration of Information and Communications Technology
(ICT) present in the urban environment provides a more consistent and intelligent understanding
of the city, improving the efficiency and sustainability of the city (Hancke et al., 2013). In
addition, these data can be used to better describe, model and predict urban behaviors and may
make possible the simulations of impact forecasts of an urban development project (Batty et al.,
2012).

It is important to note that the integration of ICT into urban infrastructure is not what
makes a city smart (Hollands, 2008), but rather like it together with social and human capital,
and a broad economic policy is used to drive increase and management of urban development
(Caragliu et al., 2009). The data that are generated by ICT are seen as an essential content for
the ideology of an Smart City.

Studies focused on Smart Cities are becoming more and more present. Several approaches
are proposed for different urban problems, such as:

e Use of an event-oriented architecture for the monitoring of public spaces with heteroge-
neous sensors, improving detection of abnormal events and simplifying tasks and com-
munications (Filipponi et al., 2010).

e Development of an alarm system that uses intelligent traffic lights to inform drivers about
traffic and weather conditions (Barba et al., 2012).

e Design of an architecture for Smart Cities, where anyone can have access to real time
data which has been collected using various sensory mechanisms. Helping the analysys
and decision-making for future planning (Jalali et al., 2015).

e Creation of a routing protocol that is able to minimize power consumption while max-
imizing the useful life of a wireless network, enabling low-cost distributed monitoring
systems that are the basis of intelligent cities (Baniata and Hong, 2017).

Governments are using real-time analysis to manage aspects of how a given city works and
whether it is regulated. Vehicle traffic on a transport network is a common example of this,
where data for cameras and transponders are sent to a control center for traffic flow monitoring,
traffic light set-up, speed limit and penalties for traffic violations (Dodge and Kitchin, 2007).

This work uses a public online system for viewing traffic cameras on the main roads of
the city of Juiz de Fora to acquire a dataset of images that will be embedded on a deep neural
network with the objective of describing the situation which is represented on the picture. This
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was done by using Python scripts and open source libraries for neural network and computer
vision.

2 MATERIALS AND METHODS

2.1 Traffic Images Dataset

In the city of Juiz de Fora, there are a public online system that provides to any user a way
for viewing traffic cameras distributed on the main roads. In this system, there are 12 cameras
distributed in the main roads of the city.

The data were collected between the day 2017/23/08 at 16:40:10 until 2017/24/08 at 07:08:04
on the crossing of the avenues Rio Branco and Presidente Itamar Franco, one of the main roads
of the city. This region is very bustling in certain periods of the day, such as on the early hours
of the morning and during the beginning of the evening, as we could see in Figure 1.

-
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(a) In the morning. (b) In the beginning of the evening.

Figure 1: Examples of blurry images captured by the camera.

Within the time the data were acquired it was able to extract a total of 177 videos, this
is because the system is updated in intervals of five minutes and also each video from the
monitoring service has a length of approximately one minute. In order to analyze traffic events,
we implement a simple script based on the command ffimpeg. From that we extract each frame
of the videos accounting a total of 83899 frames.

2.2 Pre-processing step

One major concern about the traffic images is related to blurred effects caused by the move-
ment of the camera. Also, for the particular place we are taking our data, there is a residential
area which is unavailable, so when the camera focus this area it covers using a blue rectangle in
order to avoid showing it in public.

In order to eliminate these frames we needed a way to detect blurry images. Blurry detec-
tion could be made by computing the focus level of each pixel from the image. The work of
(Pertuz et al., 2013) compares 36 different methods related to focus measumerents, one of them
is the Variance of the Laplacian. The method is described in (Pech-Pacheco et al., 2000) and
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the basic idea is first convert the target image to grayscale and apply the following kernel on
that channel by using a convolution operation:

0 1 0
K=|1 -4 1
0 1 0

After that we calculate the variance of the result and check if this value is below a pre-
defined threshold. If this is the case we classify the image as blurry, otherwise, the image is not
blurry. Figure 2 shows an example of classification of different images with threshold equal to
100.0.

(a) Not Blurry (Variance = 388.85) (b) Blurry (Variance = 2.20)

Figure 2: Example of images not blurry and blurry, respectively.

The OpenCV (Itseez, 2015) is an open source computer vision and machine learning library,
which is widely used in many project related to image processing. The library provide optimized
algorithms for a lot of different image-related tasks, such as the Variance of the Laplacian filter,
which was used in this project by implementing a Python script.

2.3 Deep neural network

In this article, we used the “Show and Tell” model (Vinyals et al., 2017) to obtain a de-
scription of the content present from each image analyzed. This model is an example of an
encoder-decoder neural network that works by first “encoding” an image into a fixed-length
vector representation, and then “decoding” the representation into a natural language descrip-
tion.

The process of “encoding” an image of the model is a deep Convolutional Neural Network
(CNN) (LeCun et al., 1989). CNN is a type of network that is extensively used for image tasks
and beyond that, is currently state-of-the-art for object recognition and detection. This model
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uses a particular CNN, the Inception v3 (Szegedy et al., 2016). Inception v3 is a image recogni-
tion model that was pretrained on the ImageNet (Russakovsky et al., 2012) image classification
dataset.

The process of “decoding” the representation is a Long Short-Term Memory (LSTM)
(Hochreiter and Schmidhuber, 1997), a recurrent neural network architecture that is able to
remembers values over arbitrary intervals. LSTM is a type of network that is frequently used
for language modeling, machine translation, question answering and etc. In this model, the
LSTM network is trained as a language model conditioned on the image encoding.

An embedding model (Mikolov et al., 2013) was used to represent the words in the de-
scriptions. In this way, each word in the vocabulary is associated with a fixed-length vector
representation that is learned during training. In this model, we used 512 dimensions for the
embeddings and for the size of the LSTM memory.

Figure 3 shows a diagram that illustrates the model architecture.

log pi(S1) | | log p2(S2) log pn(SN)
) 1 1
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Figure 3: LSTM model combined with a CNN image embedder and word embeddings.

In the “Show and Tell” model architecture, the set of variables {sg, s1,...,Sy_1} repre-
sents the words of the description and {w,sg, we$1, . .., w.Sy_1} are their corresponding word
embedding vectors. The LSTM outputs, represents by {p1, ps, ..., pn}, are probability distri-
butions that was generated by the model to predict the next word in the sentence. The values
{log p1(s1),log pa(s2), .. .,logpn(sn)} are the log-likelihoods of the correct word at each step
of the training and the negated sum of these values is the minimization objective of the model.

The training consists of two phases. In the first phase, the parameters of the Inception v3
model are kept fixed and it’s used as a static image encoder function. On the top of the Inception
v3 model, a single trainable layer is added in order to transform the image embedding into the
word embedding vector space. So, with that, the “Show and Tell” model trains the parameters
of the word embeddings, the layer on top of Inception v3 and the LSTM. In the second phase, all
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parameters of the model are trained simultaneously for better adjustment of the image encoder
and the LSTM.

3 RESULTS AND DISCUSSION

To train the “Show and Tell” model, we used the MSCOCO (Lin et al., 2014) image cap-
tioning dataset. This dataset contains images and their respective description, where the de-
scription is a list of words. In the preprocess of this dataset, a dictionary is created to assign
each word present in the vocabulary of the descriptions to an integer value. In this way, after
the preprocess, each description is encoded as a list of integers.

After training the “Show and Tell” model on the MSCOCO image captioning dataset, is
able to generate a completely new caption using concepts learned from similar scenes in the
training set. Figure 4 shows three images of the training set along with its caption and the
caption generated for a new image that don’t belong to the training set.

Human captions from the training set

Automatically captioned

A man riding on the back of a brown horse.

o’

A bunch of horses in a field near a smoke plume.

Figure 4: Example of the captioning process on the trained “Show and Tell” model with MSCOCO image
captioning dataset.

Using the Laplacian filter it was possible to eliminate the frames that capture the movement
of the camera with excessive amounts of blurring and also some frames that show residential
areas that are blocked by the camera with a blue rectangle, as shown in Figure 5. We choose a
threshold of 2500 for the identification of a blurry image, as a result we reduce the ammount of
frames to 25223.

After this preprocessing step and the training of the “Show and Tell” model on the MSCOCO
dataset, we apply each of the images in the reduce set of Traffic Images Dataset on the model,

CILAMCE 2017
Proceedings of the XXXVIII Iberian Latin-American Congress on Computational Methods in Engineering
R.H. Lopez, L.EF. Miguel, P.O. Farias (Editor), ABMEC, Florianépolis, SC, Brazil, November 5-8, 2017



T.L. Fonseca, L. A. Berg, L. Goliatt and M. M. Passini

o

(a) Blocked residential area (b) Blurry Street

Figure 5: Examples of blurry images captured by the camera and that were eliminated after the pre-
processing step.

and we obtain a description of the content from each image. Figure 6 presents a flowchart of
the proposal of this work and Figures 7 and 8 shows some caption examples generated by the
model.

MSCOCO Learning
Dataset _

Traffic
Images
Dataset

Inference Engine

Figure 6: Flowchart of the proposal of this work.

From the Figures 7 we could see that the trained model could identify important aspects
from the images. For example in Figure 7 (a) the trained model classify the situation from the
image as a public transit bus on a city street, which is precisely correct. One of the reasons for
the probability of this classification was so high is that on the figure there are more than one
bus and also in this particular period of the day there was not too much people walking on the
street, fact that could potentially confuse the trained model and lead to other conclusions.

Another aspect of the classification from the trained model that was observed from the
results is that when there is not too much information on the image the trained model gave us
better results. For example, if we check Figure 7 (b) there is nothing around the motorcyclists,
so the trained model could easily match the concept of what is a bike and return a correct
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: A SETTRA
(a) A public transit bus on a city street. (p = 0.018445) (b) A group of people riding bikes down a street. (p =
0.010015)

(c) A city street filled with lots of traffic. (p = (d) A city street filled with lots of traffic. (p =
0.009102) 0.00898)

Figure 7: Description of the content from the images with the highest probability from the output of the
neural network.

description of the situation.

When the trained model faces a image with a lot of information, like in Figures 7 (c)
and 7 (d), the output should be as much general as possible in order to get a overview of the
situation. In these images in particular, the trained model could identify a great number of cars,
the semaphore and some signs on the street, by linking all of these elements together the output
was a city filled with lots of traffic, which is in fact a correct and general description of what is
going on.

But we note that the trained model used has its limitations. The worst results were obtained
mostly at night periods and when it was not possible or to difficult to identify key aspects of the
images. For example, in Figure 8 (a) we could describe this image as a street at night filled with
lots of traffic, but instead the trained model described as a view of a train station with a train
in the background. One possibility that could cause this error is that all the cars have the same
color and the way that the two last cars were aligned on this image may look like the shape of
the back of a train.

Another example of this misunderstanding occur in Figures 8 (b) and 8 (¢). On Figure 8 (b)
the output of the trained model was a view of a city with a bus and a building, but no bus is on
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(a) A view of a train station with a train in the back- (b) A view of a city with a bus and a building. (p =
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(c) A truck is driving down the street in the city. (p = (d) A view of a city at night with people walking

0.0) around. (p = 0.0)

FJF-SETTRA

Figure 8: Description of the content from the images with the lowest probability from the output of the
neural network.

the image. Instead the trained model might thought that the two cars waiting at the traffic light
was actually a bus, this is because from the point of the camera the two cars were quite alligned
to each other resembling the shape of a mini bus. On Figure 8 (c¢) we got a truck driving down
the street in the city, but analyzing the image we could conclude that the trained model confused
a pickup with a truck.

Lastly, on Figure 8 (d) there is another type of error that can occur using this trained model.
On the image we could see a street at night with a lot traffic, but the trained model instead
describe the image as a view of a city at night with people walking around. With that observation
we could conclude that the trained model gives more attention to what is on the middle of the
image, since there is only people on the center and much of the traffic is on the background of
the picture.

4 CONCLUSIONS

This work presented an approach to describe city events captured by a monitoring camera
using a deep neural network. The results of the descriptions in most cases were relatively close
to what a human could describe. From the results was possible to verify that the trained model
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from the network is able to match common street objects, like cars, bikes, buses, signals and
people, even with a general training compose by other types of situations, which was not related
to city streets.

Some improvements could be made by training the network with specific situations which
are all related to city streets and traffic jams, this would increase the probabilities of an situation
be taken from the trained model and lead to better results. Also it was possible to notice that
in some situations the trained model returned an incorrect description, which in most cases was
because the appearance of similar objects to the ones the trained model know, like the pickup
being confused to a truck in Figure 8 (c¢). This behaviour happened when these objects were on
the foreground of the picture, so a more general reading of the objects on the picture and also
a great number of different objects related to city streets could help the trained model in this
distinction.

MSCOCO is a large image dataset designed for object detection, segmentation, and cap-
tion generation. Nevertheless, this database presents a large amount of information that is not
relevant to traffic analysis, as well as, food, electronics, furniture, animals and others. Due to
this, the intervention of human-network cooperation, such as transit agents, in the process of
make a new dataset for the transit analysis would also improve the performance of the network
to describe images from the cameras.

The availability of videos in a continuous and better quality in the city of Juiz de Fora,
together with a specific database for traffic analysis, would make possible the creation of a
constant monitoring system of roads.
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