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Abstract. Studying moving-point objects behaviors and analyzing their
trajectories have received great attention to the geographic information
science community recently. Because movements of objects are embedded
in contexts, their trajectories are influenced by such contexts. This paper
contextualizes the similarity measure of trajectories by not only their spatial
footprints but also a notion of internal and external contexts. To this end, a
hierarchical fuzzy inference system is developed, capable of accounting both
qualitative and quantitative contextual information in the similarity search
of trajectories. This model is applied on a real dataset of individuals who
walked in the Central Park in New York, USA. The results yielded the robustness of the model in quantifying the commonalities of trajectories while
taking contextual information into account.
Keywords. Trajectory, Similarity measure, Context, Fuzzy

1.

Introduction

Owing to the progress in navigation and tracking technologies, nowadays,
unprecedented amount of movement data are generating. As long as a point
object (e.g., vehicle, human, animal) moves in the course of time, a sequence of its position is recorded, which is known as trajectory. In recent
years, studying the trajectories of moving point objects (MPOs) have received attentions among researchers in different disciplines (e.g., geographic information science, transportation, and ecology) because it helps to better understand MPOs’ behaviors and reveal their movement patterns.
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Among the researches that have been conducted for studying trajectories,
measuring similarities of trajectories has been of interest. The results of
similarity searches not only can be used for classifying and clustering trajectories but also may be employed for discovering MPOs’ patterns and predicting their behaviors. However, the challenging issue is how to define
“similarity” between trajectories. According to the nature of the current
similarity measure methods (Ranacher & Tzavella 2014), the majority of
researches have compared the trajectories based on spatial and spatiotemporal dimensions, and a few studies have added semantic dimension to
this process (Furtado et al. 2016).
Movement takes place in different situations and conditions and is affected
by various circumstances. Such influential conditions are known as context
in the literature. Recently, context in movement studies is defined as “that
part of a situation or data that influences movement of is influenced by
movement”. In addition, a taxonomy for context (called 4M contexts) is
proposed in light of internal (related to moving object) and external (related
to environment) contexts: motivation, movement, and modality, and milieu contexts (Sharif & Alesheikh 2017). Therefore, context information
along with spatio-temporal data can be incorporated in the similarity
measure of trajectories to get more realistic results.
As contextual information is collected from various sources (e.g., sensors,
user generated content) it can be in quantitative (numerical) or qualitative
(descriptive) forms. For example, the context “slope” can either be in percent (%) or be described as low/moderate/high. Thus far, very few studies
(e.g., Buchin et al. 2014) that have utilized quantitative context information
in the similarity search of trajectories. To the best of our knowledge, no research has been conducted for accounting both qualitative and quantitative
context information in the similarity measure of trajectories, where this
research tends to do so.

2.

Methodology

This section describes the procedure by which the similarities of trajectories
can be contextually quantified. For the first step, it is required to enrich
trajectories by contextual information. To this aim, we follow two schemes:
(1) In general, the trajectory of a MPO represents the spatio-temporal history of the MPO by a series of (x, y, t) coordinates. We add another dimension
to these coordinates, called context dimension (c), in the sense that each
element of the trajectory can be annotated by k dimension. The k dimension, with regard to the definition of context, can be labeled as any quantitative value (e.g., speed, direction), and be represented as (x, y, t, c). (2) For
qualitative (descriptive) context values, context information is associated to
the whole trajectory. For example, a path traversed by two individuals can
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be labeled as “easy” from the first person and “hard” from the other one.
Therefore, the whole trajectories are annotated as easy and hard, respectively.
For the second step, it is required to employ similarity measure methods to
gauge the commonalities between MPOs’ trajectories. Because the current
similarity measure methods (Ranacher & Tzavella 2014) are unable to handle qualitative values, and because of the heterogeneity and uncertainty in
context information, a hierarchical fuzzy inference system (HFIS) is developed to measure the similarities of trajectories while accounting both quantitative and qualitative values. Figure 1 sketches the structure of this system.
Qualitative value ai
Qualitative value aj
Qualitative value bi
Qualitative value bj

FIS 1

FIS 2

FIS 3
FIS 4

Quantitative value c
Quantitative value d

Similarity
results

Figure 1. Hierarchical structure of a fuzzy inference system for similarity measure of trajectories.

For quantitative values (scheme #1), we adhere to a method that belongs to
the time series family, known as dynamic time warping (DTW) method
(Sakoe & Chiba 1978). DTW relies on pair-wise comparisons of trajectories’
sampling points and warps the time to ultimately measure the similarities
of trajectories. DTW is suitable for matching trajectories that have missing
information, supports local time shifting, addresses parametric data very
well, and handles trajectories of dissimilar lengths (sizes). For two trajectories S[s1,...,sn] and T[t1,...,tm] of lengths n and m, respectively, the DTW distance is calculated as below. For i = 1,..., n , j = 1,..., m ,
DTW (ϕ,ϕ) = 0
DTW (si,ϕ) = DTW (ϕ,tj) = ∞

(1)

DTW (si,tj) = ||si,tj||+ min {DTW (si,tj-1), DTW (si-1,tj), DTW (si-1,tj-1)}
where, ϕ is the empty trajectory.
Because of high dimensionality in similarity measure process, using traditional fuzzy inference systems leads to exponential increase in the number
of rules and system errors. Two solutions are proposed to generate an accurate compact fuzzy inference system. The first solution is adopting the topology of the hierarchical fuzzy inference systems according to the problem.
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The second solution is to determine the number of partitions for each linguistic variable, membership function parameters, and the rule sets
through learning in a simultaneous manner. To this aim, after choosing a
conforming topology to the problem, the NSGA2 algorithm is applied to
define and tune the fuzzy inference system. Throughout this procedure, not
only the knowledge database will be generated but also the accuracy and
complexity of the system will be optimized.

3.

Implementation and Result

Human’s movement is highly influenced by the environment in which it
moves through. To evaluate the applicability of our proposed system, we
apply it on a real dataset, while considering the context during the move.
3.1. Data and study area
The Central Park in Manhattan, New York, USA is one of the most famous
parks in the world (see Figure 2). Apart from interesting sights, several activities take place in this area, such as walking, running, cycling, skating,
etc. We collected a dataset of 104 trajectories of individuals who walked in
the Central Park (Wikiloc 2017). In addition, multiple qualitative and quantitative context information is attributed to these trajectories.

Figure 2. Central Park of New York.

3.2. Result
The developed HFIS is composed of 8 input variables (dimensions). In fact,
there are 8 attributes that are assigned to trajectories, where four of them
have quantitative (numerical) values (i.e., individual’s position, movement
speed, movement direction, and slope) and the other four have qualitative
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(descriptive) values (i.e., path difficulty, path length, path duration, and
degree of eagerness to traverse the path).
The results of applying the HFIS for different experiments are depicted as
box plots in Figure 3. Specifically, four mixed experiments at spatial, temporal, and internal and external contexts are applied. The similarity domains (the ranges between the maximum and minimum of similarity values) are shown by whiskers. For example, this value for the spatial dimension ranges from 0.55 to 0.95, indicating that the similarity values in the
spatial dimension are close to each other. The interquartile range (IQR) or
the values between the first and third quartiles represent the magnitude of
the effective similarity values and their median. These ranges for all the
experiments are almost similar. By adding the time variable, the similarity
range for the spatio-temporal dimension increases comparing to the spatial
range. This issue has direct relation to the length of traversed paths and the
passed time. By adding the other variables including movement speed and
direction, path length, and eagerness to traverse the path to the previous
experiments (known as internal context), the interquartile range of similarity increases for the spatio-temporal-internal context dimension, while the
median decreases. This issue certifies that the internal context significantly
influences the similarity measure of trajectories. The combinatorial dimension of spatial, temporal, internal context and external contexts represents
greater similarity and interquartile ranges comparing to the previous three
experiments. Although incorporating the context dimension reduces the
number of similar trajectories, these trajectories are realistically similar to
each other.

Figure 3. Results of similarity searches using quantitative and qualitative context information.
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4.

Conclusion

This paper provided new insights into the multi-dimensional similarity
analysis of trajectories based on contextual information. To this end, a hierarchical fuzzy inference system is developed for assessing the similarities of
trajectories using qualitative and quantitative context information. The effectiveness of the theory was examined on real walking dataset. The results
demonstrated that the developed model can be successfully applied in multi-dimensional similarity measure of trajectories. Furthermore, the results
underpin the fact that the movements of point objects are highly affected by
both internal and external contexts in positive and negative manners.
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