ABSTRACT
The objective of this deliverable is the development of neural network models using
moving objects data, collected from Flanders, Belgium. These data were collected
using two sources, namely travel diaries and GPS-enabled PDAs. Neural networks
were used, in order to predict the future position category, the activity type and the
category of the user point of interest.
To be more specific, research is focused on a special neural network
architecture, known as Radial Basis Function (RBF) networks, which is characterized
by two main advantages: The simplicity of its structure, and the speed of the learning
algorithms it employs.
The typical RBF training methodology is based on the k-means algorithm
which exhibits major drawbacks. In order to overcome the typical RBF training
methodology problems, the fuzzy means algorithm was used. The fuzzy means
algorithm selects the structure and the centers of the nodes in a single step using only
one pass of the training data, while it completes the training procedure in low
computational times.
Results have shown that neural networks, due to their generic nature can be
successfully applied to predictions using moving objects data.

INTRODUCTION
Recently there has been a rapid increase in obtaining and storing various, dynamic
and geographically dispersed data on moving objects. This is due to the technological
developments in remote sensors, in sensor networks and in devices equipped with
location technologies like GPS (Global Positioning System).
GPS and other positioning devices enabled capturing the evolving position of
objects moving in geographical space. The objects movement has two dimensions:
spatial and temporal (Macedo et al., 2008). A detailed survey of mobility research has
been published in (Güting et al., 2000, Giannotti & Pedreschi, 2008, Koubarakis et al.,
2003).
Many applications are not interested in keeping and analyzing exhaustive
records of movement. However, they choose the segments they are interested in.
Trajectories are the segments of the object's movement track that are of interest for a
given application. Especially, a raw trajectory is a trajectory extracted from a raw
movement track and containing only raw data for its Begin-End interval (the first and
the last positions of the object for this trajectory) (Spaccapietra et al., 2008).
Raw movement tracks may be used as such for further analysis or be
transformed into other kinds of representation of movement. Some of the new ideas
and techniques related to the raw trajectories, which were developed recently, can be
found in (Zheng & Zhou, 2011).
Over the last few years the mobility techniques have greatly expanded. More
specific, a new promising approach has been developed to provide applications with
richer and more meaningful knowledge about movement. This is achieved by the
semantic trajectories. A semantic trajectory is composed of the recorded points of a
moving object at specific time complemented with additional data. Semantic
trajectories are of great interest for many researches as it can be seen in (Alvares et
al., 2007, Buchin et al., 2010, Spaccapietra & Parent et al., 2008, Yan et al., 2011,
Yan et al., 2010, Yan et al., 2010).
Semantic trajectories can be the solution to many important prediction
problems.
Algorithms that are based on standards (Lee et al., 2007, Pelekis et al., 2009)
have been created by admitting that people perform regular routes. Such algorithms
often seek "paths" between objects to group them together and then extract

association rules for the journeys that people follow (Yavas et al., 2005). As a result,
clustering trajectories algorithms (Lee & Ha et al., 2007, Pelekis & Kopanakis et al.,
2009) or frequent finding routes algorithms (Ishikawa et al., 2004, Li et al., 2007),
were studied in the context of future position predictions problems.
The authors in (Schlenoff et al., 2003) describe a probabilistic, logic-based
algorithm to predict the future location of vehicles in an on-road environment.
Chittaranjan et. al.

(2011) investigate the relationship between behavioral

characteristics derived from rich smartphone data and self-reported personality traits.
In the (Jeung et al., 2008) a novel prediction approach is presented, namely “The
Hybrid Prediction Model”	
   which estimates an object’s future locations based on its
pattern information as well as existing motion functions using the object’s recent
movements. Orellana et al. use movement tracks, fields of vectors and flows for
analyzing people's movements in recreational areas (Orellana et al., 2009). In
(Monreale et al., 2009), the WhereNext method is proposed, which is a technique
aimed at predicting with a certain level of accuracy the next location of a moving
object.
In addition, in the literature various prediction techniques are proposed such as
Markov models (Behrends, 1999) or Hidden Markov models (Rabiner, 1989), state
predictor methods (Petzold et al., 2004), and various neural network approaches
(Gurney, 2002).
Neural Networks constitute a methodology that presents special interest in the
solution of problems related to semantic trajectories. Lint et. al. (2005) used recurrent
neural networks to predict travel time, which provide information that can reduce the
traffic congestion. Hu et. al. (2004) used Kohonen neural networks to predict the
trajectory class of a moving object. In (Petzold et al., 2005) the performance of the
prediction of the in-door next location was investigated using Bayesian Neural
networks, while also comparing with several prediction methods. In (Kumar &
Venkataram, 2002), the prediction of the future movement of a mobile host depending
on its movement pattern history was proposed, using MLP networks. Ju et. al. (2004)
proposed a new approach for evaluating a real-time trajectory of a moving object,
while the object position is obtained from the image data of a camera, using Kohonen
neural networks.

NEURAL NETWORKS
Artificial Neural Networks (ANN) constitute a set of powerful mathematical tools
which belong to Artificial Intelligence (AI) techniques and have the ability to model
an unknown non-linear system using input-output data only (Haykin, 1999). Artificial
Neural Networks simulate the biological neural networks that can be found inside the
human brain.
Depending on the way that the neurons are interconnected we distinguish
several neural network architectures, the most popular being:

•

Multi-Layer Perceptron (MLP) networks

•

Radial Basis Function (RBF) networks.	
  

The procedure during which the neural networks learn the relation between the input
and the output variables is called training. Training or Learning is a fundamental
capability of neural networks, allowing them to learn from their environment and
improve their behavior. Training refers to the process of achieving a desired behavior
by updating the synaptic weights. The most popular method for training MLP
networks is the back propagation algorithm. However, in this work, the MLPs were
trained by the Levenberg - Marquardt algorithm (Hagan & Menhaj, 1994), which
combines the advantages of the back-propagation method and the Gauss-Newton
technique.
The RBF networks form a special neural network architecture which is
characterized by two main advantages:	
   The simple structure and the fast training
algorithms. Figure 1 shows the RBF architecture structure.
In addition, the RBF networks training stage is fast because it is divided into
two stages. In the first stage the calculation of hidden node centers locations are
calculated and the most popular method is the k-means algorithm means (Darken &
Moody, 1990, Macqueen, 1967, Moody & Darken, 1989). In the second stage the
network weighted connections are calculated by using linear regression.
In the first RBF training stage, the typical training method presents three main
drawbacks:

	
  

Figure 1. RBF networks structure

•

In the selection of the hidden node centers, several passes of all the
training examples are required. This iterative procedure increases the
computational burden, especially when a large database of training data is
available.

•

The number of hidden nodes must be predetermined by the user.

•

It depends on an initial random selection of centers, so that different sets of
centers are obtained for different runs of the same network structure.

In order to overcome these problems the Fuzzy Means (Sarimveis et al., 2002)
algorithm was proposed. The Fuzzy Means algorithm presents several advantages
over the typical RBF training methodologies:

•

It requires only one pass of the training examples.

•

It determines both the proper number and the locations of hidden node
centers based on a fuzzy partition of the input space.

•

For a specific fuzzy partition of the input space the algorithm always
obtains the same results.

REAL DATA
In this work was used a special dataset. The available data were collected in 2006 and
2007 in Flanders, Belgium, in the context of a large scale survey that was conducted
on 2500 households in the study area (figure 2).

	
  

Figure 2. Available data in Flanders, Belgium

The data were generated by 186 users who documented their trips:

•

Transportation mode

•

Trip purpose

•

Activity type

•

Trip start time

•

Trip end time

•

Longitude

•

Latitude

•

Timestamp

•

Trip velocity

The available data were composed of 14 different activity categories. Figure 3 shows
the number of trips per activity. In addition, the available data were composed of 4
different POI (Point Of Interest) categories. In figure 4 the number of trips per POI
category are presented.

	
  

Figure 3. Number of trips per category

	
  

Figure 4. Number of trips per POI category

PREDICTIONS USING NEURAL NETWORKS
In this work, neural networks were used for predicting:
i.

the future position category

ii.

the activity type

iii.

the POI category

by using moving objects data, collected from Flanders, Belgium. These data were
collected using two sources, namely travel diaries and GPS-enabled PDAs.
The available data were split randomly into three different – independent
datasets: training dataset, validation dataset and testing dataset. The training dataset
was composed of 50% of the entire dataset and the three minimum and three
maximum values for each input. The validation and the testing datasets are composed
of the 25% of the entire dataset.
The training dataset was used for tuning the models parameters, while the
validation dataset was used for selecting the best model. The testing dataset was an
independent dataset that was used only to evaluate the model.
In this work, we trained two different neural networks models for each case.
The RBF networks were trained by using the Fuzzy Means algorithm and the

modified Thin Plate Spline as the activation function. In order to find the best model
the fuzzy sets in the range [5 50] were examined.
The MLP networks were trained by using the Levenberg-Marquardt algorithm.
Also, the MLPs architecture consists of two hidden layers modified. In order to find
the best model, all possible combinations of nodes were examined. Each of the two
hidden layers could have values in [5, 40].

APPLICATION IN FUTURE POSITION PREDICTION
In the first case, the future position category was predicted by using as inputs the start
location category, the activity duration and the activity start time.
The location categories (start locations and future/end locations) were
generated by processing longitude and latitude data using the k-means algorithm. In
the first case a number of 50 classes was postulated (figure 5) and in the second case a
number of 100 classes was postulated (figure 6). Notice that in figure 6 the classes are
close to each other.

	
  

Figure 5. Application in future position prediction – 1st case: 50 classes

	
  

Figure 6. Application in future position prediction – 2nd case: 100 classes

In the following tables, the results for each case can be seen. Each table shows the
accuracies per cent for the three datasets, the number of centers for the RBF networks
and the fuzzy partition for the best model. Table 1 shows the results for the 50 classes
case. Table 1 shows that the RBF networks outperform the MLP networks in all
datasets.
Table 2 shows the results for the 100 classes case. Table 2 shows that the RBF
networks outperform the MLP networks in all datasets. In comparison with the
previous results, these are worse because the output classes are close to each other and
the neural network model training algorithms cannot distinguish the classes very well.

Table 1. Results in future position prediction - 50 classes
RBF
Network

Fuzzy Partition: 48

Topology

Centers: 374

MLP

Centers: [16 11]

Training set
Accuracy (%)

94.0

48.5

53.3

45.7

52.6

47.4

Validation set
Accuracy (%)
Testing set
Accuracy (%)

Table 2. Results in future position prediction - 100 classes
RBF
Network

Fuzzy Partition: 50

Topology

Centers: 364

MLP

Centers: Centers: [11 8]

Training set
Accuracy (%)

86.5

24.2

30.2

14.4

27.1

14.8

Validation set
Accuracy (%)
Testing set
Accuracy (%)

APPLICATION IN ACTIVITY TYPE PREDICTION
In this case, the activity type (14 classes) was predicted by using as inputs the activity
duration and the activity start time. Table 3 shows the results, where, for one more
time, the RBF networks outperform the MLP networks in all datasets. In comparison
with the previous results, these are better.

Table 3. Results in activity type prediction
RBF
Network

Fuzzy Partition: 36

Topology

Centers: 69

MLP

Centers: Centers: [7 4]

Training set
Accuracy (%)

58.8

55.6

56.3

54.9

73.2

71.9

Validation set
Accuracy (%)
Testing set
Accuracy (%)

APPLICATION IN POI CATEGORY PREDICTION
In this case, the POI category (4 classes) was predicted by using as inputs the activity
type and the episode sequence. Table 4 shows the results, where, for one more time,
the RBF networks outperform the MLP networks in all datasets. In comparison with
the previous results, these are better.

Table 4. Results in POI category prediction
RBF
Network

Fuzzy Partition: 47

Topology

Centers: 69

MLP

Centers: Centers: [32 14]

Training set
Accuracy (%)

78.1

77.6

77.0

76.6

83.8

80.7

Validation set
Accuracy (%)
Testing set
Accuracy (%)

Figures 7 and 8 show the confusion matrices for the testing dataset, for the RBF and
the MLP networks, respectively. A confusion matrix shows the accuracies per class.
As we can see the RBF networks outperform the MLP networks in the vast majority
of the classes.

	
  

Figure 7. RBF network confusion matrix for testing dataset
	
  
	
  

	
  

Figure 8. MLP network confusion matrix for testing dataset

CONCLUSIONS - FUTURE RESEARCH DIRECTIONS
Results, from this work, showed that neural networks, due to their generic nature can
be successfully applied to predictions using moving objects data. Furthermore,
increasing the number of output classes influences adversely the network predictions,
due to the fact that some of the classes are located too close to each other. Also, in the
POI category prediction case, the neural network models predict more accurately
compared to all the other cases. In addition, the RBF neural networks trained with the
Fuzzy Means algorithm gave better results than the MLP models in all studied cases.
Finally, a possible direction for future research is to use a variant of the Fuzzy
Means method called Non-Symmetric Fuzzy Means algorithm wrapping a Particle
Swarm Optimization (PSO) based engine around it (Alexandridis et al., 2013).
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