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Abstract. Traffic prediction has been extensively studied in the past
decades. Vehicle’s speed is considered the main factor for traffic fore-
casting, but external parameters, such as the weather, can also have a
strong impact. This is a case of a classification problem to which Machine
Learning has shown to have strong solving potential, if trained properly.
In this paper, we propose a two-level model related to traffic forecasting
parameters: It is necessary that there is no missing data in the training
set, then train a Neural Network able to accurately predict the traffic sit-
uation Three completion algorithms from different types (Machine learn-
ing, algebraic and statistical methods) are compared for the rebuilding
of the training set. The set is then used to train a Convolutional Neural
Network into predicting the state of the traffic the way a human would
do. The model is evaluated on the two parts: How accurately it can
complete the data set and how correct the predictions are. This work is
part of the ongoing research on intelligent vehicles that are capable of
determining the context of the driving environment.

Keywords: Traffic forecasting - Data augmentation - Convolutional
Neural Network + K-Nearest Neighbour + Deep Learning

1 Introduction

As the number of road users increases, the number of traffic casualties does
too. According to the 2020 World Health Organization (WHO) reports [1], 1.35
millions people die each year from traffic incidents, and cost most countries 3%
of their gross domestic product. Noticing that those numbers have been slowly
increasing over the years, the WHO response was the publication of a 60-pages
documents detailing their studies and strategies in order to improve the situation.
Amongst other things, they included a questionnaire for assessing the road safety
situation in a country. The first component to be checked is “Data collection and
systems”, that addresses the availability, gathering system, quality and dealing
of the data [18].
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This can be explained by the fact that the modern transportation environ-
ment has become a dynamic and complex network made of vehicles, infrastruc-
ture and pedestrians. This fast-changing environment compels drivers to have an
acute perception of their surroundings and be focused on the event happening
around them in real-time. Thanks to the surge of new technologies in Intelligent
Transportation Systems (ITS), the vehicle can provide a valuable assistance to
human users, and go as far as taking initiatives [8].

Fig. 1. Illustration of a traffic congestion situation. The weather, roadworks and speed
limitations all contribute to the generation of a traffic jam

One of the many aspects of transportation that can be impacted by new
technologies is traffic. The complex network of transportation made of vehicles
does not have a determined speed-rate speed, and is more of an unpredictable
and non-linear phenomenon. There is an increasing number of road users, and
there is a proportional increase of risks on their lives too.

There are many unpredictable variables that can influence the state of Traffic
at a given time, such as the weather or the presence of roadworks. The important
amount of data generated by those factors can be too much to process by the
driver alone, hence the idea of unloading this task to a smart agent embedded
in the vehicle. With the computation power and the small size of intelligent
components now present on cars, there is sufficient resources to build a model
capable of analyzing and predicting the state of traffic in real-time. Setting up an
intelligent architecture requires a reliable set of data for training and calibration,
so this aspect should also be secured [9].

We propose a model that should be able to 1) Make sure the training set is
accurate enough to be used for fitting and 2) A neural network that correctly
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predict the traffic situation according to a set of inputs. The model is briefly
illustrated in Fig. 1.

The remainder of the paper is organized as follows: First a review of traffic
forecasting works is presented in Sect.2. In Sect. 3, the traffic forecasting data
processing model is discussed in depths, including the gathering of data and
their reconstructions, followed by the technical details of the model building and
its validation. The paper is finally concluded by an analysis and a perspective
of our future works (Fig. 2).

Prediction algorithm Training Algorithm

Incomplete dataset Completed dataset Trained model

Fig. 2. A summary of the traffic forecasting model

2 Related Works

There have been many earlier works related to traffic forecasting. There have
been many possible approaches to the problem; they all share the same objective
— to be able to predict in the most accurate way the situation of traffic under
specific conditions.

Traffic prediction has long been regarded as a statistical problem. In one
of the earliest studies in 1991, Davis and Nihan [5] compared the simple uni-
variate linear prediction a regression model in an empirical measuring of traffic
congestion. They choose a Nearest-Neighbor approach and showed that this lazy-
learning method was just slightly better than a classical parametric regression
method. However, and as noted by the authors, the optimisation was not signif-
icant enough to be relevant, and the predictions were still not accurate enough,
sometimes being up to 30% incorrect.

In 2003, with access to higher-quality traffic data, Clark [4] proposed a Non-
parametric Regression model that would include other variable to speed, like the
day of the week. Non-parametric regression is a form of regression that is based
on the available data, rather than a pre-determined prediction function, hence
being relevant in the traffic topic since there is not a single “fixed” behaviour.
Their model showed great potential, but they did not have a database big enough
to accurately train it, and were also lacking the computation power to properly
calibrate it.
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As pointed out by Vlahgioanni et al. [17], traffic forecasting has been studied
for almost 3 decades now. In their literature review, they came out with 10
possible axis of improvement:

— Developing responsive algorithms and prediction schemes
— Freeway, arterial and network traffic predictions

— Short-term predictions: from volume to travel time

— Data resolution, aggregation and quality

— Using new technologies for collecting and fusing data

— Temporal characteristics and spatial dependencies

— Model selection and testing

— Compare models or combine forecasts

— Explanatory power, associations and causality

— Realizing the full potential of artificial intelligence

The last point has become the most interesting over the years. This review
was made in 2014, a few months before the real surge of Deep Learning [10]
and Artificial Intelligence. Many studies has since been focusing on the last
improvement point proposed, i.e. building neural networks and using Al for
traffic forecasting. In fact it is one of the approaches our own study is taking.

Artificial Intelligence have already been used in recent works for traffic fore-
casting. In 2015, Ma et al. [12] implemented a Long- short-term memory neural
network to predict traffic situation. They used micro-wave detector to collect
real-life data for a month and trained their model with them. They showed good
results with 97% of accuracy on their predictions. Even though the model made
very accurate predictions, the only input it had was the speed of cars that were
going through the testing road, with no consideration of environmental data.

In 2011, Min et Wynter [14] developed a scalable method for traffic pre-
diction up to 15min in a dynamic environment. The mathematical model they
proposed was built upon two variables: the distance and average speed of the
vehicles. They showed excellent results but using only two parameters made the
computation light enough to be fast. One of the possible improvements they
mentioned was adding external parameters, such as “weather, incident data and
roadwork, current or planned”.

As stated before, most works have been focused on speed as the main traffic
forecasting parameter. This paper will try to broaden the previous studies by
considering a variety of other components into the prediction.

3 Traffic Forecasting Model Concept

3.1 Data Gathering

There are many types of data that can be used for traffic prediction. For this
study we decided to focus on only 7 parameters and give them fixed possible
values.



192 K. Abderraouf et al.

— Weather: Sunny, Cloudy or Rainy

— Location: City, Highway, Isolated Road

— Day: Weekday, Week-end

— Time: Rush hours, calm hours

— Speed: Up to 120 km/h

— Roadwork: Whether there are works on the road or not

— Traffic Incident: Whether there is a traffic incident or not

Those specific parameters were chosen after the literature review made in
Sect. 2, which showed that traffic forecasting should at least include them. Data
are either collected by the vehicle’s sensors or the Smart City Broadcast, which is
assumed to be by RF transmission of notable event. The data are also classified
into 3 categories: Those related to the surrounding of the vehicles (Weather, Day
and Time), the ones directly related to the car’s behaviour (Speed and Loca-
tion), and the events that can happen independently of the vehicle (Roadwork
and traffic Incident). Those categories of data are respectively detailed in the
Tables 1, 2 and 3. Based on the gathered information, we can predict the state
of the traffic and categorize it into 4 different types: Light, Medium, Heavy and
Extremely Heavy. The main parameters to define the output are the Roadwork
and Traffic Incident variables, both being occasional and spontaneous events.
They play an important role in traffic congestion, and coupled with the other
parameters, such as the weather or the speed limitation, the traffic flow can be
temporarily fully stopped.

Table 1. Environment parameters

Name of the parameter | Weather Day Time

Values of the parameter | Sunny, Cloudy or Rainy | Weekday, Week-end | Rush hours, calm hours

Gathering channel Car sensors Car system Car sensors

Table 2. Car parameters

Name of the parameter |Position Speed

Values of the parameter | City, Highway or Isolated road |up to 120 km/h

Gathering channel Car sensors Car sensors

Table 3. Event parameters

Name of the parameter | Roadwork Traffic incident

Values of the parameter | Yes or No Yes or No

Gathering channel City broadcast | City broadcast
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3.2 Data Cleaning

Once data are collected it is necessary to assure that necessary to assure that
there is no missing information. For this part, three completion algorithms from
different methods are compared: the algebraic SVD (Singular Value Decompo-
sition), the statistical Mean Imputation and the learning-based classifier KNN
(K-Nearest Neighbor).

— The dataset technically being an integer matrix, it is possible to use algebraic
algorithms on it. One of those methods is the SVD decomposition, which has
been proven to be used for matrix completion [13]

— Mean imputation is one of the easiest and most straightforward completion
methods and consists of calculating the mean value of each column and using
it as a replacement for the missing values. This method requires all the values
to be numerical. [15]

— The KNN method takes an incomplete row of data and compares it to the
most similar ones in order to predict the correct output. In this case it takes
the road and traffic conditions as inputs and tries to find similar cases in the
knowledge base and determine the traffic situation. [6]

These algorithms are evaluated based on the time they take to reconstruct the
dataset and the accuracy of their outputs. The one with the best results is chosen
as the optimal solution for the model.

3.3 Neural Network

Artificial Intelligence has become one of today’s most rapidly growing technical
fields, especially Machine Learning and Artificial Neural Networks (ANN). There
are many different ANN architectures which efficiency depends on the task at
hand, such as Recurrent Neural Networks (RNN), which requires considerable
training resources but shows excellent results in time series treatment [19]. For
example, one of RNN’s sub-class known as Long Short-Term Memory (LSTM)
[20] and using Deep-Learning methods, has been shown to even beat humans in
high-level Real-Time Strategy videogames [2].

The particular case treated in this paper can be assimilated to a classification
problem, to which Convolutional Neural Networks (CNN) have shown to be great
solvers over the past years, in many fields such as image recognition [3] and audio
recognition [7]. The second part of the model is the use of a Deep Neural Network
to train the reconstructed dataset. It is expected to be able to correctly predict
the output.

4 Model Implementation

4.1 Data Completion

The first step in building a model of traffic forecasting is the building of the
dataset. A Python program was developed that would generate a 1000 set of
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events with their respective outputs. As described in Algorithm 1, the param-
eters are randomly assigned an integer value that corresponds to the state of
the variable. For example, Weather = 0 means that the weather is sunny and
presents no problem, whereas a value of 2 means it’s a rainy day that can have a
strong influence on the traffic. The traffic Situation output is computed by fus-
ing the values of Weather, Location, Day, Time, Roadwork and traffic Incident.
To simulate a more realistic situation where we could have a data loss, a com-
plementary script was added that would go through the dataset and randomly
delete an information, with a chance of 5%.

Once the incomplete dataset is ready, we started the augmentation phase.
Data augmentation is the process where the initial dataset is reinforced and com-
pleted. We searched for the optimal algorithm to clean it. Three methods have
been considered and tested: Mean Imputation, SVD and KNN classification meth-
ods. Table 4 shows a comparison of the three algorithms performance. The KNN
requires calibration in finding the value of K, and the best results seem to be
reached for K = 1, meaning the algorithm replaces a missing value with the clos-
est set resembling it. This specific case of KNN, known as the 1-nearest-neighbour,
has already been shown to have excellent results for low-dimension problems [16].

Algorithm 1: Complete Set

Input : None
Output: 1000*8 Training Set

Create Training Set;

Write the headers first;

for ¢ < 0 to 1000 do

weather = randomValueOfWeather();

location = randomValueOfLocation();

speed = randomValueBetween[0:120] day = randomValueOfDay();
time = randomValueOfTime();

trafficIncident = randomBoolean();

roadWork = randomBoolean();

trafficSituation = trafficComputation(weather,location,speed,day,time,
trafficIncident,road Work);

set = [weather,location,speed,day,time, trafficIncident,road Work,
trafficSituation]

Write the vector set in row 4 of the Training Set
end

The SVD shows overall poor performances, which is not surprising consid-
ering that it must make complex operations on the dataset. KNN and Mean
Imputation both shows overall similar results with an error rate of less than 1%
and the KNN having a very small advantage, but the Mean Imputation is slightly
faster. The difference of speed between both algorithms is small enough to be
neglected, so it is decided to go with the KNN algorithm. The dataset being
local, of 7 dimensions and of relatively small size, these conditions happens to
be the most advantageous for the algorithm.
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Algorithm 2: Incomplete Set

Input : 1000*8 Training Set
Output: 1000*8 Incomplete training Set

Import the Training Set;
for ¢+ — 0 to 1000 do
j = randomValueBetween[0:100];
if j > 95 then
‘ Random Cell from the row i = N A;
end
end
Save the new set as Incomplete Set;

Table 4. Comparison between the completion algorithms.

Algorithm Execution time (in ms) | Performance
SVD 173 32%

Mean imputation | 107 99,3%

KNN 132 99,5%

4.2 Neural Network Building

The new dataset will serve for training a classification model that will then
be tested with different set of scenarios. To this end, a Convolutional Neural
Network was built using the Keras tool for Python. The dataset is first split into a
training and testing set, according to the common 80/20 split rule. The former is
used for the training of the model whilst the latter is for validation purpose. The
Network is made up of 5 fully-connected layers, following the recommendations
of [11] for minimizing the effect of sparsity on the fitting. For the sake of clarity
and to facilitate the replication of the presented approach, the details of the
CNN are listed below.

— A 512 ReLU

— A 512 Linear

— A 64 ReLLU

— A 64 Linear

— A 4 Softmax layer

— To avoid over-fitting, up to 40% of dropout is introduced between the layers.

This model takes a 7-dimensions dataset (containing only the inputs) and out-
puts a 4-dimension vector classifying each situation to one of the possible traffic
Situation values (Light, Medium, Heavy, Very Heavy).
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Fig. 3. Performances of the model over 20 iterations

A deep-learning architecture is described as “a multilayer stack of simple
modules, all (or most) of which are subject to learning, and many of which
compute non-linear input—output mappings” [10]. Our proposed network clearly
matches this description, making our model a deep neural network.

In this work, the model is trained 1000 times. The fitting is done on an
Ubuntu computed with an Intel i7-8550 CPU and 16 BG of RAM memory and
is made using the ADAM optimizer.

4.3 Model Validation

Once the CNN is built and fitted, the model is tested on different type of sce-
narios. Using the same algorithm as Algorithm 1, another batch of 400 sets is
created and submitted to the model for classification. The intended goal is for
the model to be able to predict the traffic situation the way a human would
do. For example, if the weather is rainy and there is an accident on the road, a
driver would automatically expect for the traffic to be heavy. On the contrary,
on a sunny week-end day without any event, the traffic would be light.

When the dataset is ready, the inputs and outputs are separated, and we
feed the former to the neural network. Since it is already trained, the predict
function is used to have it classify each row of the testing set to a specific weather
situation. Having saved the original outputs, they are compare with what the
model computed. The tests are 20 times and the results compared every time.

As shown in Fig. 3, the model shows good prediction results, averaging around
95,03% of success with a minimum of 89% and sometimes even reaching a full
100% accuracy.
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Table 5. Details of the results

Iteration | Performance in %
1 92.5
2 99.75
3 95.75
4 93
5 98.5
6 96.25
7 94.5
8 90.25
9 92.25

10 100

11 97

12 100

13 95.5

14 94

15 92.5

16 100

17 91.5

18 93.75

19 94.25

20 89.5

5 Conclusion and Future Works

In this paper, a two-level model for traffic forecasting is presented. First, an
incomplete data set of road conditions is built, then compared on 3 different
completion algorithms: A soft-thresholded SVD, KNN and Mean imputation.
The KNN was selected for this part because of the excellent results it produced.

A deep neural network made up of 5 hidden layers was then built and trained
using this dataset. Once ready, generate another set of 400 data is generated and
the inputs are fed to the model. They are then compared with the previously
generated outputs. This operation is repeated over 20 iterations.

The model shows overall good performances, with around 95% of correct
predictions. The average time to predict output is around 10ms (fitting time
not included) (Table5).

There are still many ways to improve our model in the future. Amongst them
are the following ones:

— Training with a bigger dataset
— Challenge the KNN with more completion algorithms



198 K. Abderraouf et al.

— Test the model in a real-life scenario

The authors are currently building a realistic driving simulator on Unity that
would allow testing the model in harsher conditions.

Another improvement point is being considered is splitting the two parts of
our model in different entities: Currently everything is done in one hardware,
and the idea for the future would be to have a third-party gather and complete
the data (i.e. a stationary drone), then send them to the vehicle which would do
the prediction according to the received information.
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