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Abstract. This paper proposes approaches to GPS trajectory classifica-
tion problem in the context of the Rio de Janeiro’s public transit system
(with hundreds or more classes). We adopt a weightless neural network
architecture combined with both spatial partition and multiclass decision
graphs, inspired by a neuro-symbolic sense of adding knowledge from the
domain as opposed to the use of a raw machine learning. Experimental
results show performance boosts when using some of the proposed strate-
gies.

1 Introduction

In tandem with the current advances in technology, a profusion of devices are
shipped with geolocation capability everyday, providing data about their real
time location through global navigation satellite system such as the Global Posi-
tioning Sytems (GPS). The generated location data have been used on a pleiad
of applications such as taxi fraud detection [1], behavioral identification and
classification [2], among many others. This work explores another application of
GPS data known as trajectory classification as posed by [3].

Our work aims to enhance the operation of a large city as Rio de Janeiro,
where 3.7 million of people commute every day by bus. Our contribution aims to
use the geolocation data provided by the city’s buses to pinpoint deviations from
standard operation. Besides, we believe that our framework can be generalized
for other geospatial and non-geospatial classification problems.

In this context, we propose and evaluate three approaches to identify a bus
route based on its GPS data based on preexisting digitized trajectories of buses.
We implemented a lightweight classification architecture known as the WiSARD
to help us deal with the data deluge. The WiSARD model has been used in many
different previous works and contexts (see [4] and [5]), always with competitive
running time, accuracy and low standard deviation.

The remainder of this work is divided in four sections as follow: Section II
describes the Rio de Janeiro’s public transit and its geographical tracking system.
Section III describes our approach to the problem based on a weightless neural
network architecture. Section IV depicts a set of experiments with real data.
Each experiment is based on a different image building paradigm. Besides, this
section presents the results and shows how we can benefit from using different
grid strategies. Section V wraps up and finishes the work, giving some ideas and
future thoughts.
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2 Rio’s buses GPS trajectories

The current legal structure of the Rio de Janeiro’s transit bus system back to
the year of 2010, when a set of regulations imposed the real time geolocation
on every vehicle. The data provided by the Rio’s prefecture was composed by
a timestamp, vehicle id, route tag, latitude, longitude and velocity for every
vehicle in the system.

The use of geolocation data seems straightforward, nevertheless this idea is
misleading due to its incredible amount of noise. A preliminary analysis show
that out of 237,145,699 GPS measures, more than 25% would have been dis-
carded by city managers because the lack of a route tag. Besides, drawing vehi-
cles trajectories on a map shows a clear evidence that some vehicles are labeled
with one route tag but actually serving another. In order to use the available
data to cross-check the current level of fulfillment of Rio’s transit regulations,
we used a classifier to re-tag the trajectories, empowering the city management
with more reliable data.

3 The WiSARD weightless neural network architecture

The WiSARD model [6] is a weightless neural network originally developed as
a hardware architecture for image recognition [7]. This kind of neural network
works with basic read and write operations in RAM memories. WiSARD is
mainly organized in discriminators which are groups of RAMs (also called neu-
rons), being one discriminator frequently used to determine just one class of
many given as input to the classifier.

The standard WiSARD model can be categorized as a supervised learning
method. During the training phase, a number of binary vectors (examples) are
shown to the classifier. Each input vector is mapped to a retina, which is a
division of the input vector in K tuples of N bits, commonly in a pseudo-random
manner. Following this strategy, each N bit tuple is used as an address of a
RAM memory of 2V positions, with the K tuples mapping K memories.

Learning from an example is just as simple as writing a ’1’ in all memory
addresses mapped by a single input. Classification is handled by first mapping
an input in the same way training examples were. Afterwards, we present the
input to all discriminators. The score for a discriminator 'y’ is calculated by
counting the number of memories mapped by the classification example whose
addresses were previously written by any training example. The discriminator
that has the greatest score is chosen as the output class. For a visual description
of the architecture, the reader can refer to Figure 1 and [6, 7].

4 A weightless neuro-symbolic classsifier

Since the WiSARD model works with a binary vector as its input unit, a common
step towards its use consists of a pre-processing step (like any other classifier
would require). We propose three main approaches for generating our input.

4.1 Generating an initial image
One straightforward approach to converting our GPS data to a binary vector
is to generate an binary image out of the GPS data, composed by every GPS
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Fig. 1: An example of a discriminator (left) being trained. The retina is divided
into tuples that become addresses of the RAMs. Afterwards (right), the classifi-
cation is done by presenting an input to the network and for all trained classes
(discriminators), the one with the best result is chosen.

(a) The footprint of a vehicle. (b) The footprint of the entire fleet.

Fig. 2: Examples of the problem data and its usage.

coordinate as points in a 2-D canvas, as a footstep or footprints, within some
reasonable limits as considered by [8]. This approach tackles a brief loss of GPS
data as some noisy example among other good ones. Also it collapses similar
GPS addresses, giving priority to a complete trajectory image. Figure 2a shows
a single trajectory — footprint — performed by a vehicle that served only one
route during a period of time. In order to understand the complexity of the
classification task, Figure 2b presents the trajectories of all vehicles, serving all
lines during the same time period of time. The footprint of a vehicle is our unit
of classification, representing an example of a bus route for our classifier.

4.2 A smart gridded image
On top of the previous approach, we also know that we have some prior knowl-
edge about the nature of the data that we are working with. As figure 2b shows,
taking a small look at the data distribution over the 2-D space can show some
regions of interest.

We then propose to transform our initial grid into a more symbolic represen-
tation, readjusting its cells sizes. We do it guided by a kd-tree [9] division of the
space, limited by a threshold in the number of leaves and the size of pixel. The
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Fig. 3: Example of the gridded input and description of the DDAG proposal.

kd-tree division is given by different strategies of splitting a leaf (at a median
point, for example) and deciding the next leaf/rectangle to be divided. Accord-
ing to this representation, figure 3a shows an example of a grid and one input
when using this approach. This approach can be thought as an enhancement of
the previous approach, with some sort of region-based clustering (as seen in [2])
for feature extraction.

4.3 A DDAG ensemble decision based tree model

Going further on the neuro-symbolic path, our third proposed approach is an
ensemble of WiSARD classifiers, arranged in a decision directed acyclic graph
- DDAG [10], a commonly used strategy for multiclass problems. The main
goal here is to propose another way of breaking ties, a common and well-known
problem of WiSARD models, eliminate spurious example and aggregate more
prior knowledge to better classify.

A less detailed WiSARD (small retina) is trained and used to initially classify
an example. Following this classifier, different WiSARDs, each one with a more
detailed grid, are trained and used to classify the example. The process stops
when no class can be identified, only one class remains or the final level is reached,
with its output being the model‘s response. Each graph node can be thought of
a step of classification using the second approach but with less classes to choose
from. Figure 3b tries to put this strategy into picture.

5 Experiments and results

We used a month of data (between June and July of 2015) as our test data in
order to evaluate our models. This data was then pre-processed, resulting in
images of 620x480 pixels. This dataset has a size of almost 50GB involving the
classification of more than 400 classes.

Regarding the second approach (Section 4.2), we tried two splitting methods
— dividing a node at the median (M) and in half (H) — and three heuristics to
decide the next node to be divided - largest size of node or how many points
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Fig. 4: Results of kd-tree grid and DDAG ensemble.

Solution Grid Size Z Neurons | F1 score (mean) | FI Score (std. deviation) | Avg. Execution Time ()
Original Grid 207600 (620x420) [ 0.7815 0.0005 1375.08
Best KDTree Grid (Density/Half) 16384 32 0.7896 0.0009 602.65
2nd Best KDTree Grid (Difference to Mean Density/Half) 16384 4 0.7843 0.0010 2641.93
Best DDAG (Size/Half) 256/1024/4096/16384 | 4/16/32/64 0.7590 0.0006 1537.57

Table 1: Summary of strategies and their best results.

inside a node (“Size”,S), greatest density of a node (“Density”,D), and largest
absolute difference to the mean density of the current node set (“Difference
to Mean Density”, DMD). Also, we tried four different grid sizes, resulting in
datasets of size up to 4GB.

Finally, to evaluate the last model, we decided to take the 4 levels of classifiers
(one for each grid size we tested before). The number of neurons used during
WiSARD model design was also tested, varying from 4 to 128 neurons 'K’
(except for the evaluation of the DDAG-model, when we fixed this number to
the best value for each grid size in the second approach). It is important to
note that the number of neurons given a fixed retina fixes also the number of
addresses.

We report in figures 4 and 5 the results of 5 rounds of ten-fold cross-validation,
summarized by the f1 measure. The fl-measure was chosen due to a high unbal-
anced training set, as a mean of both precision and recall. Table 1 highlights the
winners for each approach with both training and classification time (excluding
initial I/O and pre-processing steps).

6 Conclusion

This paper showed a framework to deal with real time GPS data classification
using the WiSARD classifier. The proposed kd-tree grid was able to achieve
the best performance, indicating that other tree structures may also be useful.
The presented framework can be an alternative when dealing with large data
masses and we believe that it can be used to solve other similar problems such
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Fig. 5: Plot showing the results of kd-tree grids.

as rogue vehicle detection. The WiSARD architecture made this work feasible,
due to the large amount of classes involved in the problem. We still need to
investigate more griding strategies and compare with other baseline classifiers
and commonly used datasets. Current work is focusing on the improvement of
the DDAG’s creation.
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