The International Archives of the Photogrammetry, Remote Sensing and Spatial Information Sciences, Volume XLII-4/W4, 2017
Tehran's Joint ISPRS Conferences of Gl Research, SMPR and EOEC 2017, 7-10 October 2017, Tehran, Iran

STATISTICAL ANALYSIS OF SPORT MOVEMENT OBSERVATIONS: THE
CASE OF ORIENTEERING

Kimia Amouzandeh @ and Farid Karimipour 2

2 School of Surveying and Geospatial Engineering, College of Engineering, University of Tehran

{amouzandeh.kimia, fkarimipour}@ut.ac.ir

KEY WORDS. Spatial movement analysis, Movement observations, Spatio-temporal patterns, Orienteering.

ABSTRACT:

Study of movement observations is becoming more popular in several applications. Particularly, analyzing sport movement time
series has been considered as a demanding area. However, most of the attempts made on analyzing movement sport data have
focused on spatial aspects of movement to extract some movement characteristics, such as spatial patterns and similarities. This
paper proposes statistical analysis of sport movement observations, which refers to analyzing changes in the spatial movement
attributes (e.g. distance, altitude and slope) and non-spatial movement attributes (e.g. speed and heart rate) of athletes. As the case
study, an example dataset of movement observations acquired during the “orienteering” sport is presented and statistically analyzed.

1. INTRODUCTION

Analysis of movement data is a recent trend of research in
GIScience. Recent and emerging positioning technologies and
wearable sensors have resulted in significant increases in the
availability of highly accurate data on moving phenomena
(Gudmundsson et al. 2011). “The study of trajectory behavior of
moving objects intends to transform raw data in useful
information to the decision making process, knowledge
discovery, and reality interpretation” (Wang et al. 2016). In
particular, analysis of movement observations, which contain
information about the movement of each individual entity and
the underlying mechanisms, are of great interest. Thus, new
exploratory tools and knowledge discovery techniques are
required to extract meaningful information, discover interesting
patterns, and explore the dynamic behavior of moving objects
by wusing visual, analytical and exploratory methods
(Karimipour et al. 2016). Positional data and ancillary
observations are key to the study and understanding of
movement (Dodge et al. 2016) and to describe objects
behavioral and cognitive proceeds. They are employed to study
the behavioral movement patterns and their impacts on the
target object.

Analysis of movement data is becoming more popular in several
applications. Among others, attempts have been made to
analyze movements in sport scenes (Gudmundsson and Wolle
2010; Memmert and Perl 2009; Taki and Hasegawa 2000).
However, they have mostly focused on spatial aspects of the
movement to extract some movement characteristics, such as
patterns and similarities. This research proposes examining the
behavioral movement patterns of athletes by analyzing time
series of spatial movement attributes (e.g. altitude and slope)
and non-spatial movement attributes (e.g. speed and heart rate)
of each individual athlete during a competition. We believe
analyzing the athletes’ movement observations in terms of space
(%, ¥y, z) and time (t), through considering movement attributes

of each athlete (e.g. heartrate and speed) and contextual
information (e.g. the environmental information such as land
cover) will direct us to better understanding of behavioral
movement patterns of athletes and the effect of different
situation on athlete’s performance. In other words, we aim to
identify the effect of athletic status (e.g. elite vs. amateur) and
of surface (e.g. road vs. forest) on the movement patterns. This
paper considers movement observations of “orienteering” sport
and statistically analyses them to discover simple movement
patterns. We also determined the effect of slope mean on
movement characteristics. The results verify that such
movement observations contain a significant level of
information in order to be exploited in extracting more
sophisticated behavioral movement patterns. For instance, the
movement parameter profiles (Dodge et al. 2009) show that
direction and magnitude of slope influence behavioral
movement patterns.

The rest of the paper is organized as follows: In Section 2
previous work in terms of movement pattern and sport
movement data is reviewed, and orienteering sport is
introduced. In section 3, the statistical analysis which is
deployed to examine movement patterns is explained and an
example dataset of the movement observations extracted during
the orienteering task is presented. Finally, Section 4 presents the
concluding remarks and outlines directions for future work.

2. STATE OF THE ART
2.1  Analysis of movement pattern

Movement is a key element of many processes and activities.
Understanding the movement itself, as well as the patterns of
movement is very important in many areas of science and
technology (Dodge 2011). Capturing trajectory data at fine
temporal and spatial granularities has allowed representation,
and consequently analysis, of detailed geospatial lifelines.
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Spatio-temporal sequences of a person provide unprecedented
opportunities to explore patterns of life through space-time
analytics of movement and stops of individuals (Yuan and Nara
2015). Especially, coupling such data with field observations
enable extraction of movement patterns that contain information
about preferences regarding individual decision-making and
locational choices (Karimipour et al. 2016). For example,
Analyzing tourist behavior in parks — such as places visited,
time spent and facilities used — can help managers adapt
infrastructure and facilities to offer more diverse options to
different visitor groups or to route visitors to a range of park
locations to avoid overcrowding and to achieve greater
matching of visitor and interest (Meijles et al. 2014). In the
same regards, Alvares et al. (2011) proposed an algorithm to
detect a new kind of behavior pattern that identifies when a
moving object is avoiding specific spatial regions, such as
security cameras. Travel mode detection is another issue that is
important to transport planning and movement behavior
analysis (Das and Winter ; Zheng et al. 2010).

In particular, professional sports have widely been influenced
by such analyses. For example, Gudmundsson and Wolle
(2010) deployed trajectory clustering techniques to study
frequent movements of an individual football player and groups
of players (Figure 1.a and 1.b). In the same regards, Grunz et al.
(2009) used a neural network-based approach follows the

(©)

trainers’ way of pattern recognition (Figure 1.c). Taki and
Hasegawa (2000) analyzed the movement of each player and
extract the players’ dominant regions, i.e. the area where a
player has priority over others. They then analyzed the
distribution of dominant regions. This model has been extend
by Fujimura and Sugihara (2005) and by Kang et al. (2006) by
including an advanced modelling of human movement. Even,
some systems have been developed to analyze football matches
in real time. Those systems consist of a hardware (object
tracking) component, where the positions of the players, balls
and referees are tracked via video, radio or GPS tracking, which
are then used by coaches to analyze the performance of the
players and choosing the best strategy. The amount of
knowledge gained ranges from a single number (running
performance) to complex movement patterns. It is categorized
into three levels: basic level, which mainly consist of pure
measurements or simple aggregations (e.g. distance, heat map,
sprints and etc.), the medium level, which enables the coach to
evaluate the behavior of the team in respect to the a priori given
tactical rules and it consist of passes and shots, pass graphs,
player roles and etc., and finally advance level, where coaches
are able to find pass sequence patterns to determine passing
possibilities or to recognize movement patterns (Figure 1.d)
(Feuerhake 2016).

Figure 1. (a) Passable regions visualized with red (to players in the same team as the ball holder) and blue (to players in the opposite
team); (b) Movement of a player, and a cluster of frequent movements highlighted in red (Gudmundsson and Wolle 2010). (c)
different patterns of motion and interaction (Grunz et al. 2009). (d) Passing possibilities of a ball possessing player (the black dot is
the ball; possible passes are marked via white arrows).

As mentioned, previous efforts to analyses sport movement data
have mostly focused on spatial aspects of the movement to
extract some movement characteristics, such as patterns and
similarities. An exception is Hollman et al. (2007), which
examined the effect of age on gait velocity and stride-to-stride
variability during normal and dual task walking conditions.
There are also research that studies the effect of different
situations on runners' biomechanics (Bert-Losier et al. 2015;
Hébert-Losier et al. 2014). Myers and Mitchell (2013) deployed
three-dimensional equations describing the motion through the

air of a spinning ball. The analytical solution shows explicitly
how a soccer ball motion depends on parameters such as ball
roughness, velocity and atmospheric conditions.

2.2 Spatio-Temporal Patterns in Movement
Observations: The Case of Orienteering

Sport

This research proposes examining the behavioral movement
patterns of athletes by analyzing changes in different spatial
movement attributes (e.g. altitude and slope) and non-spatial
movement attributes (e.g. speed and heart rate). Orienteering is
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selected as a case study. Orienteering is a family of sport that

requires navigational skills using a map and compass to

navigate from point to point in diverse and usually unfamiliar
terrain, and normally moving at speed. There are two major

forms of orienteering competition (Scouts 1995):

e Score (- or free) orienteering: Here, many checkpoints are
placed in an area of 1 to 2 kilometers around the starting
point, which is also considered as the finish line, with
different scores depending on the distance to the start point
or the level of difficulty to find. Competitors have certain
time to find as many checkpoints as they can (in any order
they wish) and earn as large a total score as possible.
Therefore, they must judge the time well and evaluate their
abilities to run and read orienteering map.

e Cross-country (- or point-to-point) orienteering: In this case,
every competitor must visit the same checkpoints in the
numerical order as quickly as possible. This form of
orienteering is challenge in route choice and stamina.

In both forms of orienteering, competitors choose their route
around the course. Hence, they confront many possible
challenges such as terrain barriers or obstacles, artificial
features, level of physical fitness and so on.

There have been considerable researches on spatial aspect of
orienteering sport. For instance, there are lots of works about
producing complete and accurate orienteering map. For
example, He (2012) used GIS to produce orienteering map,
design competition routes and locate control points. According
to this research, the design of competition routes should follow
some principles (e.g. a fair competition, gender dependency,
field fabric dependency and etc.) (He 2012). Leung (2003)
introduced alternative methods for course planning and
mapmaking using GIS modelling techniques and analytical
power. Course planning models make use of assessment tools in
course-design scenario analysis to assess paths of suitable
difficulty levels.

In addition to mentioned researches, it is expected that some
personal and behavioral parameters such as age, weight and
height of the person influence the athlete’s performance. For
instance, Bert-Losier et al. (2015) Have identified the effect of
athletic status and of surface on the running biomechanics of
orienteers.

To the best of our knowledge, movement parameter profile so
far has not been used to examine the behavioral movement
patterns. By analyzing movement parameter profile, we can
reach the behavioral movement patterns and the effect of
contextual information on each pattern.

3. METHODOLOGY AND RESULTS

Understanding movement behavior need some statistical and
computational analysis which can show the effect of spatial and
non-spatial parameters on behavioral movement patterns. For
this, according to Figure 4, we have considered some movement
parameter profiles of an athlete which is including altitude,
heart rate and speed. On the other hand, the path was divided

into several sections based on the land cover and computed the

duration, distance, thereby the average speed of each section,

hoping that relations can be found between these parameters in
four levels:

(1) An_individual section: behavioral movement patters of
athletes can be investigated in an exact time limit.

(2) Sections of the same type: In this level, behavioral
movement pattern of an athlete is examined in a specified
land cover.

(3) The _whole path: Most of the times, there exists some
relationships between movement parameters profile,
which usually changes with personal and environmental
conditions

(4) Several _athletes: It is obvious that the personal
characteristics such as age, weight, height, etc. have
effects on behavioral movement patters. For this, the
patterns can be examined for several athletes with
different characteristics.

As our previous work, some behavioral movement patterns can
be detected visually. For example, in the first part of section 5
(Figure 4), where the land cover is forest, the altitude is
ascending, which caused an increase in the heart rate and speed.
However, in the next part of this section, the altitude is
descending, thus it does not influence the heart rate; instead the
heart rate is in direct relation with speed (Karimipour et al.
2016).

In this paper, we have focused on behavioral movement patterns
in an individual section. For this, section 5, where the land
cover is forest, have been divided into several parts based on
slope direction (Figure 2). For example, considering positive
slope direction, in section 1 and 3 the altitude is ascending,
which caused an increase in the heart rate and speed. However,
in section 5, although the slope direction is positive, the speed
trend is opposite to section 1 and 3. It is probably because of
the magnitude of slope. According to Table 1, in section 5, the
range of slope is from 0 to 60 although in section 1 and 3, this
range is from O to 6. Therefore, we can say that in forests, the
tendency of speed respect to slope depend on slope mean.

In addition to visual analysis of graphs (Table 1), the following
linear correlation has been used to compute the correlation
between parameters:

SISO k)Y O k) (1)
JEE 0 - w0) S0 - i)

CorrelatlanmmmxpﬂmmY =

where X(t) and Y(t) are parameters in time t and p is the mean
of parameters in the section (equation 1). For example,
according to Table 2, in the mentioned section, in part 2 and
part 4, where the slope direction is negative, correlation
between slope and heart rate is about 0.8 although the
correlation between slope and speed is completely different.
Therefore, it can be said that the slope mean only has effect on
speed, and does not influence the heart rate.
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Figure 3. The path taken by an orienteering athlete. Right figure shows the path corresponded to the Section #5 in Figure 3 in more
details.
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Figure 4. Movement observations corresponded to the path illustrated in Figure 2, including altitude, heart rate, speed, as well as the land cover
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Table 1. Graphs of relation between spatial parameters (Slope) and non-spatial parameters (Heartrate and Speed).

Slope Direction + - + - +
Section

Relations Section 1 Section 2 Section 3 Section 4 Section 5
Slope-HeartRate 0.9507 0.8259 0.9305 0.8642 0.6417

Slope-Speed 0.9283 0.7766 0.5120 -0.6841 -0.6536
Speed-HeartRate 0.8319 0.9926 0.2325 -0.4776 0.1530

Table 2. Correlation between parameters
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