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Abstract

The thesis presents an approach to the task of automatic pose initialization of
swimmers in videos. Thus, its goal is to automatically find a swimmer inside an
unknown target video and assign an estimated position to her/his body parts.
To reduce the number of target regions to be searched, all areas inside each

frame not featuring a reasonable number of skin-colored pixels are excluded as a
first step. This filtering process is carried out in HSV color space using a sum
image to increase efficiency.
Afterwards, the remaining areas of each frame are searched for the swimmer

using self-similarity descriptors. For this purpose, a few template images show-
ing the swimmer in a certain key pose are collected manually and self-similarity
descriptors are computed for each position inside these template images. Subse-
quently, the frames are scanned for locations where locally corresponding descrip-
tors match the template descriptors best using Gaussian probability matching and
multi-scale search.
Assuming that the swimmer taking on the known key pose has been found that

way, a pose is assigned to her/him by fitting the relative positions of her/his main
joints to the detection result. These joint positions are obtained by computing av-
erage joint positions from annotated swimming videos. Finally, three-dimensional
joint coordinates are estimated exploiting the assumption of scaled orthographic
projection of the swimmer and applying predefined constraints.
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Chapter 1

Introduction

Analysis of Sports Videos

For the past decade, the analysis of human motion has been a heavily investigated
subject by the computer vision community. The automatic processing of videos
showing people move and do sports in particular, has received plenty attention
due to the challenging character of this domain and the public’s general interest
in sports events.
One major topic in the field of sports video processing is the qualitative analysis

of the athlete’s performance. For coaches it is usually a very tedious task to screen
videos in order to identify weaknesses or find starting points for improvements.
Therefore, a framework for automatic motion analysis would be of use, especially
for individual sports, like swimming, where the athletes’ motion patterns usually
settle their success very explicitly.
This thesis deals with the first key problem encountered when considering au-

tomatic motion analysis in sports videos, whereas it concentrates solely on swim-
ming videos. This fundamental problem is the pose initialization of the athlete.

Pose Initialization

Pose initialization constitutes the process of finding the location of the swimmer
in one frame of the video and determining the position and arrangement of the
parts of his1 body. Finding at least one good estimation in any frame of the video
is a precondition of any further motion analysis such as model-based tracking.
Swimmers are usually highly occluded by water and splashes, which makes it

hard to tell their body configuration. However, for most swimming styles, there
1Throughout the remainder of this thesis, swimmers will be referred to as ”he” for conve-

nience. No offence to female swimmers is intended.
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2 CHAPTER 1. INTRODUCTION

is some phase during one motion cycle delivering a somewhat reliable clue. For
example swimmers performing backstroke always raise their arm vertically at one
point. These are the key phases which are detected and used to estimate an initial
pose.

Figure 1.1: Pose initialization.

This thesis presumes offline analysis, so the initialization has not to be done in
the first frame where this key phase of the swimmer’s movement is shown. Thus,
it is sufficient to find this phase in any frame of the video. Since a motion model
which is applied based on this initialization can also be computed backwards,
this raises no additional problem.

Framework Overview

To initialize a swimmer’s pose in a video sequence, a framework consisting of
three major stages is used.
The first stage is the preprocessing of the query video. Its purpose is to identify

unpromising regions of the video frames and exclude them from the upcoming
steps making them less extensive.
During the second stage, the swimmer is detected using self-similarity descrip-

tors. The regions which remain after the preprocessing step, are the regions of
interest in each frame of the video and a probability of containing a swimmer
is assigned to them which is obtained matching descriptors computed inside the
video frame to template descriptors. The region with the highest probability is
passed to the next step.
The final step constitutes the estimation of the swimmer’s pose. Assuming that

the location of the swimmer taking on a known key pose has been found during
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the previous step, three-dimensional positions of the swimmer’s main joints are
estimated using annotated swimming videos.





Chapter 2

Preprocessing of Swimming
Videos

This chapter describes how swimming videos are preprocessed in order to exclude
irrelevant regions of the individual frames rapidly from subsequent processing
steps. These irrelevant regions are found using color analysis as described in the
following section. Basically, each location inside a frame which contains no or
not enough pixels of a swimmer’s skin color, is excluded.
Before doing any color analysis, however, the search for the swimmer is restricted

to the region of the video containing the swimming pool. This region is selected
manually in the first frame of the video and as a static camera is assumed, it is
the only portion of each frame which has to be considered. The pool area could
also be extracted automatically, for example as described in [XT06], but this is
not part of this thesis.

2.1 Hue Segmentation

As stated above, interesting regions of video frames are found by counting pixels
of certain colors. As the subjects of the detection are swimmers, one counts the
pixels whose color is similar to human skin color. To this end, a color interval
has to be devised which defines ”human skin colors”.
However, for this purpose, the standard RGB color space has two major disad-

vantages. Firstly, each pixel’s color value consists of three dimensions, each with
a resolution of eight bits, which means that over 16 million three-dimensional
distinct color values exist making color analysis quite extensive. Secondly, it is
not very intuitive to describe a certain range of color values such as ”skin colors”
as there are three color parameters which influence the overall color.
To overcome these disadvantages, one can use the HSV color space. In the HSV

5



6 CHAPTER 2. PREPROCESSING OF SWIMMING VIDEOS

space, there is only one dimension determining the color, which is the Hue value of
the pixel. The other dimensions influence the Saturation and Value (brightness)
of a pixel’s color only and therefore can be ignored if one is merely interested in
the color. Thus, there is only a one dimensional color value to deal with and a
certain color range can easily be defined.
The HSV color space represents the hue as an angle between 0◦ and 360◦. It

therefore can be illustrated circularly as on the left of figure 2.1. Human skin
colors are approximately included in the interval [20◦, 85◦] which is emphasized by
the green background in the figure. In contrast, the color of the swimming pool
and other tones which are unlikely to belong to a human body, are emphasized
by a red background. Depending on criteria like the lighting of the video, one
can choose the borders of the range of skin colors somewhere between these two
intervals.

Figure 2.1: (a) Hue values with promising (green) and unpromising (red) intervals. (b)
Result of hue segmentation.

Now that an interval for skin colors has been determined, one can easily segment
the swimmer from the background as shown on the right of figure 2.1. The image
on top is the original image. The second image shows the hue values Ihue of the
pixels scaled to a gray value between 0 and 255 for illustration. The bottom
picture, the hue-filtered image shows only those pixels (as white pixels) which
are from the interval of skin colors. Altogether, the hue-filtered image Ihf with
interval borders lhue and uhue for skin colors is computed as follows:
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Ihf (x, y) =

1, if Ihue(x, y) ∈ [lhue, uhue]
0, otherwise

(2.1)

2.2 Color Ratio Analysis

Multiple hue filtered images of swimmers can be used to find regions inside a
video frame which are likely to contain a swimmer. A straightforward way to
do this is to simply compute the ratio of white pixels to black pixels in those
hue filtered images, as the white pixels represent the pixels of skin color in the
original images. Then, one searches regions inside the video frame with similar
ratios.
The first step is to compute a template ratio from multiple images of swimmers

which were collected manually and were ideally taken using the same camera
position and configuration which is used for the query video. All of these images
must have the same size w×h and the size of the swimmers in the video must be
at least roughly the same, otherwise the images must be scaled down in advance.
For each template image i, a hue filtered image Iihf is generated as described
above, and the skin color ratio ri is computed:

ri = 1
w · h

w−1∑
x=0

h−1∑
y=0

Iihf (x, y) (2.2)

Subsequently, a video frame which was also filtered using the proceeding de-
scribed above, can be searched for promising regions by computing the same
value for rectangular areas of the same size inside that frame.

2.2.1 Integral Image

Instead of moving a sliding window through the video frame in order to compute
the skin color ratio of all possible areas of size w × h according to equation 2.2,
a integral image is created. Thus, the computation of the sum at each possible
position of the sliding window can be replaced by a few simple lookups in a
precomputed image Iint.
The integral image Iint is an image containing the sum of the pixel values inside

the rectangle from (0, 0) to (x, y) at each pixel position (x, y):

Iint(x, y) =
x∑

x′=0

y∑
y′=0

Ihf (x′, y′) (2.3)

This sum can be computed efficiently (”scanning” the image only once from the
top left to the bottom right corner) using recursion:
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Iint(x, y) = Iint(x, y − 1) + Iint(x− 1, y) + Ihf (x, y)− Iint(x− 1, y − 1)

where Iint(x, y) = 0 if x = −1 or y = −1
(2.4)

The sum of pixel values inside a rectangle with (x, y) as the top left corner and
(x+w, y+h) as the bottom right corner, can then be replaced by looking up the
sum of the rectangle from (0, 0) to (x + w, y + h) from Iint and subtracting the
pixel value sums of the rectangles from (0, 0) to (x− 1, y + h) and (x+w, y − 1)
which equal Iint(x − 1, y + h) and Iint(x + w, y − 1) respectively. However, the
sum of the rectangle from (0, 0) to Iint(x − 1, y − 1) has been subtracted twice
that way and therefore Iint(x− 1, y − 1) has to be added once.

Figure 2.2: Computation of sum of pixel values of the rectangle from (x, y) to (x+w, y+
h) using four rectangles originating at (0, 0) whose sum of pixel values can therefore be
looked up in the integral image Iint

Figure 2.2 visualizes this insight which leads to the following formula for the
sum of pixel values SPV for an arbitrary rectangle defined by two pixel positions
(x, y) and (x+ w, y + h):

SPV(x,y),(x+w,y+h) = Isum(x− 1, y − 1) + Isum(x+ w, y + h)
−Isum(x− 1, y + h)− Isum(x+ w, y − 1) (2.5)

2.2.2 Ratio Matching

The skin color ratio of a rectangular area of the target image which has the same
size as the template, is computed analogous to equation 2.2:

ra = 1
w · h

x∑
x′=x−w

y∑
y′=y−h

Ihf (x′, y′) (2.6)
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The latter sum can be replaced by the four lookups in Iint stated in equation
2.5:

ra = 1
w · h

SPV(x−w,y−h)(x,y) (2.7)

Let rmin be the minimum and rmax be the maximum ratio of any of the template
images and ravg be the mean value of the skin color ratios of all templates obtained
using equation 2.2.
Using the integral image, the skin color ratio ra of every possible area of size
w×h of the target image is obtained. One way to determine whether this area is
likely to contain a swimmer or is excluded from further processing, is to check if

(rmin − ε) ≤ ra ≤ (rmax + ε) (2.8)

holds for a very small constant ε. In practice however, it yielded better results
to check if

(ravg − ε) ≤ ra ≤ (ravg + ε) (2.9)

holds, as the latter produces less false hits. For example, if the three images on
top of figure 2.3 are used as templates, the third one would account for a very
small rmin. Due to disadvantageous lighting, the hue value of the swimmer’s arm
is not inside the chosen skin color interval in this picture. So if decision rule 2.8
is applied, one should eliminate outliers like this before, which implicates that
one should have a reasonable number of template images.
To put equation 2.9 another way, the target ratio is modeled by a Gaussian

with mean ravg and standard deviation ε. That is, the farther away ra is from
the mean ravg, the less likely is the region to contain a swimmer.
The lower portion of figure 2.3 shows two examples of the color analysis. The

first image is the original query image. The second image shows the query image
after hue filtering as described in section 2.1. In the third image the promising
regions, which are the regions whose color ratio satisfy the value range 2.9, are
marked as filled white rectangles.
As a final step, overlapping promising regions are combined to one region con-

taining all of them. This is accomplished by simply using the bounding box of
all overlapping regions. This bounding box is then enlarged by some small fac-
tor, e.g. 30%. The resulting regions are the regions which are searched for the
swimmer during the detection phase explained in chapter 3. In figure 2.3, these
regions are indicated by green rectangles in the fourth image of each example.
Using the enlarged bounding box of overlapping regions instead of the regions

themselves has two reasons. One advantage is that enlarging the region takes
cases into account, where the swimmer is close to the border of a region. Due to
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noise in the surrounding area (caused by red ropes in the water for example), a
region may be declared promising where the swimmer is on the opposite side of
the region compared to the template and vice versa.

Figure 2.3: Three templates and their corresponding hue filtered images and two exam-
ple frames which were filtered as well and then searched for regions with a corresponding
skin color ratio which were combined to rectangular regions

The advantage of a rectangular region is that it is easier to handle than an
irregular shaped one like those in the third pictures of figure 2.3 as it has the
same shape as the template, so it can easier be scanned using a sliding window.
Furthermore, it covers the interesting regions of a whole area of the image al-
lowing a more general search in the upcoming detection, whereas using only the
immediate regions with appropriate color ratio is likely to be too specific to find
swimmers other than the ones in the templates, especially if the amount of noise
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is very different. Besides, an overall rectangular region makes it easier to use
different step sizes for the sliding window in the upcoming detection.
Figure 2.4 illustrates the ratio matching results for two videos, each featuring

one complete backstroke cycle which was normalized to thirty frames. A green
border around the frame indicates that the swimmer is inside the bounding box
while a red border means that he is not. The template images used to determine
the mean ratios are depicted above the frames respectively. An appropriate hue
interval for skin colors was determined manually for both sets of template images.
For the first video, the swimmer is always inside the bounding box while for

ths second, he is missed at 20% of the frames. These frames however, show a
different pose than the template images and cannot help us initialize the pose.
Rejecting them is thus correct.
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Figure 2.4: The bounding box resulting from ratio matching using the depicted template
images is shown for each frame of a cycle. The green and red borders indicate whether
the swimmer is inside the box.



Chapter 3

Detection of Swimmers

This chapter describes how the position of a swimmer can be determined in a
given video. This video has to show at least one swimmer whose swimming style
is known in advance and who takes some typical posture of this style at least
once (i.e. at least in one frame of the video). Some approaches to recognizing the
swimming style automatically exist (see [WHL04] for instance), however, those
are not generally applicable and beyond the scope of this thesis.
Knowing the swimming style allows creating a template consisting of pictures

of swimmers performing this style during a distinctive phase of one swim cycle.
This phase contains the typical posture mentioned above, e.g. the swimmers
rise their arms vertically during one period of backstroke. Thus, we search for
this distinct pose of the swimmer. He has to take this pose at least once during
the video. Figure 3.1 shows these key phases and typical postures for three
common swimming styles: freestyle, backstroke and butterfly. The upcoming
section discusses appropriate key phases for these styles.
Each frame of a video is searched for the reference templates using self-similarity

descriptors. For this purpose, the template descriptors are matched to the de-
scriptors of each frame computed at different locations (and scales) which are
inside the regions of interest which were found as described in chapter 2, and
have a fixed spatial distance to each other. The swimmer is then supposed to be
at the location which matches best.

3.1 Distinctive Swimming Poses

The key phases are selected for each swimming style by determining phases which
are distinctive and where all swimmers look as much alike as possible at the same
time. Figure 3.1 shows the poses which were selected for the swimming styles
backstroke, freestyle and butterfly.

13
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Figure 3.1: The key phases of backstroke, freestyle and butterfly. The center frames
featuring typical postures are indicated by a red frame.

For backstroke swimmers, the phase is chosen during which they raise their arm
vertically. This is the point in time where the direction of the arm is most different
from any horizontal patterns or textures of the background which are likely to
occur due to ropes, waves and splashes. The swimmer’s body also constitutes
a horizontal structure and while his arm is vertical it is most different from his
body. Furthermore, all swimmers look very similar during this phase.
Freestyle swimmers usually show a triangular arm pose once during one cycle

(as long as they perform the traditional freestyle technique), so normally this is
a characteristic posture which can be found in every swimmer’s freestyle cycle.
This pose is considered distinctive as the forearm and the upper arm both are as
non-horizontal as possible at the same time while both can clearly be seen. Before
this phase is reached, the arm is either under water or emerges from underwater
horizontally which is disadvantageous because of the reasons stated above. After
the triangular pose however, the arm is pulled to the front while occluding the
upper arm by the forearm before diving into the water horizontally again.
An appropriate key phase for the butterfly swimming style is hard to deter-

mine as different swimmers tend to carry out the visible movement phases (the
ones above the surface of the water) quite differently. Especially when their
arms are behind their bodies, which are the distinctive non-horizontal arm posi-
tions. Therefore, the distinctiveness of the pose from possibly similar background
structures has to be traded off against the similarity of different swimmers dur-
ing the chosen phase. So the phase of choice is when swimmers dive into the
water stretching their arms to the front pointing a little downwards which looks



3.2. SELF-SIMILARITY DESCRIPTORS 15

reasonably similar for all swimmers.

3.2 Self-Similarity Descriptors

The object detection approach considered in this thesis is an instance of descriptor
matching. The basic idea of descriptor matching is to compute some significant
features inside an image or a video frame, use them as is or transform them into
descriptors, and compare them to the appropriate descriptors of a given template.
One possible feature type is the degree of self-similarity of some or all pixel

locations of the image. This approach was first introduced by Irani and Shecht-
man in [ES07]. In principle, examining the self-similarity at an image location
means to compare a small area surrounding this location to its larger environ-
ment. For each pixel location in this environment a similarity value is computed
which results in a correlation surface. If the comparison, which is based upon
a simple statistical measurement, is not only performed inside one image but
throughout adjacent frames of a video, one obtains a correlation volume instead.
The upcoming section describes the computation of those correlation surfaces
and correlation volumes in detail.
The correlation volumes can subsequently be transformed into log-polar repre-

sentation in order to generalize, introduce some minor invariance, and reduce the
number of dimensions significantly. This transformation process and the proper-
ties of the log-polar representation and the self-similarity descriptors in general
will be described in 3.2.2 and 3.2.3.

3.2.1 Correlation Representation

As mentioned above, self-similarity is a measurement of the similarity between a
small image patch to patches in its surrounding neighborhood. The former patch
is called the center patch as it is centered at the pixel position for which the
self-similarity is computed. This center patch is compared to patches centered at
all pixel positions around its center pixel in a squared environment surrounding
it.
The comparison is carried out by computing some pixel-wise distance measure

which is transformed into a similarity measure. That way, the distance between
the center patch and the patches surrounding it is computed and stored in a
matrix according to the location of the patches. This matrix is the distance
surface of the neighborhood patches of the center patch. The distance surface
is then transformed into a correlation surface to represent the similarity of the
patches rather than their distance.
Figure 3.2 shows one correlation surface for a frame of a swimming video. The

correlation surface is computed for the area marked by the red square whose
center patch is indicated by the smaller white square. An enlarged version of



16 CHAPTER 3. DETECTION OF SWIMMERS

the region is shown next to the frame. The right portion of the figure shows the
resulting correlation surface for the region, whereas the colors of its pixels express
the similarity of the patch centered at the corresponding location of the image
region. The brighter the color, the higher is the degree of similarity between the
corresponding patch and the center patch. For illustration, one possible patch is
shown as a yellow square and the corresponding correlation value is marked by a
small yellow square inside the correlation surface.

Figure 3.2: The correlation surface for an image region

As stated above, a correlation volume is the temporal expansion of a correlation
surface, since adjacent frames represent consecutive points in time. By comparing
the center patch not only to patches from the same frame but also to patches from
adjacent frames before and after it, one obtains a three-dimensional correlation
volume instead of a two-dimensional correlation surface. The frame the center
patch is taken from, is referred to as the center frame. Figure 3.3 visualizes how
a correlation volume is generated.

Figure 3.3: The correlation volume for an image region in adjacent frames

The reason for using several adjacent frames is the assumption that a person
performing a certain predefined movement in a video looks similar to another
person performing the same movement not only in a single frame but throughout
several frames. Therefore the appearance of a person whose movement pattern
is known can be described more accurately by taking several adjacent frames
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into consideration. However, as the analysis in section 3.5 shows, this additional
accuracy is not appropriate for all kinds of videos and movements.

Correlation Surfaces

The distance surface is thus a two-dimensional matrix of fixed size, containing
the patch distance values between the center patch P(x,y) at image position (x, y)
and the patches P(x′,y′) at all positions (x′, y′) in the considered image region.
The distance values between these m×m-dimensional patches is computed using
a statistical patch distance function denoted by dist.
The values of a squared distance surface D of size n × n (where n > m) at

column i and row j for an image region of the same size centered at (x, y) are
therfore obtained as follows:

Di,j = dist(P(x,y), P(x′,y′)) where i, j ∈ [0...n− 1]

with x′ = x+ i− bn/2c
and y′ = y + j − bn/2c

(3.1)

A patch centered at an image position (x, y) can be written as a vector of the
m×m intensity values I (e.g. gray values) of its concatenated pixel rows:

P(x,y) = (I(x−m, y −m), ..., I(x, y), ..., I(x+m, y +m)) (3.2)

One adequate patch distance function is the sum of squared differences (SSD),
so in equation 3.1, one can assign

dist(P(x,y), P(x′,y′)) = SSD(P(x,y), P(x′,y′)) (3.3)

where the SSD is defined in the following way:

SSD(P(x,y), P(x′,y′)) =
m×m−1∑
i=0

(P i(x,y) − P
i
(x′,y′))2 (3.4)

where P i(x,y) is the ith intensity value of the patch vector defined in equation
3.2, for example P 0

(x,y) = I(x−m, y −m).
In order to obtain the correlation surface S from D a scaling factor αS is intro-

duced to equation 3.1 and the result is used as an argument of the exponential
function:

Si,j = exp(− 1
αS
Di,j)

with αS = (max(cnoise, varauto(x, y)))
(3.5)
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The factor αS scales the distance value by either some constant cnoise or the
variance varauto. Obviously, the constant only predefines a minimum scaling
factor. For the experiments described in section 5.1, its value was set to 0.1, as
values smaller than 0.1 occurred rarely and were therefore considered outliers.
The value of varauto is the maximum variance of the difference values (P i(x,y) −
P i(xn,yn)) of all patches P(xn,yn) which belong to a small neighborhood of the pixel
at the position inside the image which corresponds to the matrix entry of S at
(i, j). For the experiments described in section 5.1, the size of this neighborhood
was always chosen to be 3× 3 pixels.
Therefore, the value of varauto depends on how much the distance values vary

within a small neighborhood. So for neighborhoods with low contrast or little
structure, varauto turns out to be relatively small, while for neighborhoods con-
taining explicit structure, e.g. edges, the value increases. As varauto determines
the value of the denominator of − 1

αS
, it proportionally influences the result of the

exponential function in 3.5. As a result, the similarity value of areas with little
structure or low contrast is decreased by 1

αS
and therefore more likely to be ruled

out when the correlation volume is transformed into log-polar representation as
described in section 3.2.2.
The exponential function transforms the scaled distance value into a similarity

value. As the negative SSD is used, lower distances result in higher values and
the result of the exponential function is between 0 and 1.

Correlation Volumes

The two-dimensional correlation surface can easily be expanded to a three-dimensional
correlation volume consisting of k correlation surfaces. For this purpose, the cen-
ter patch of the image region is not only compared to patches in the same frame
t, but also to patches from the bk/2c frames before and after t as depicted in
figure 3.3 where k = 3.
In contrast to equations 3.3 and 3.6, the distance function is computed consid-

ering a third dimension l ∈ [t− bk/2c, ..., t+ bk/2c] representing the numbers of
the frames the patches are taken from:

dist(P i(x,y,t), P i(x′,y′,l)) = SSD(P i(x,y,t), P i(x′,y′,l)) =
(m×m)−1∑

i=0
(P i(x,y,t) − P i(x′,y′,l))2

(3.6)

Note that the pixel values of the center patch P(x,y,t) are always taken from the
same frame t. Analogous to equation 3.1, a three dimensional distance volume is
computed using the function dist(P i(x,y,t), P i(x′,y′,l)), which is transformed into a
correlation volume S in the same manner as the distance surface is transformed
into a correlation surface:
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Si,j,l = exp(− 1
αS
Di,j,l) (3.7)

where αS is defined as in equation 3.5 since it is still only computed for a two-
dimensional neighborhood inside one frame.

3.2.2 Log-Polar Representation

The correlation volumes can be transformed into log-polar representation, which
has some major advantages over using the raw similarity values.

Bin Mapping

All correlation surfaces of a correlation volume are transformed independently, so
there are no changes affecting the temporal dimension. The log-polar representa-
tion of a correlation surface consists of a fixed number of bins which are arranged
circularly and depend on their distance to the center of the correlation surface
and the angular orientation of the vector between the center of the underlying
image region and the pixel position corresponding to the value to be binned.
In other words, the correlation surfaces are regarded as images themselves and

the positions of the values in the matrix are considered their spatial locations
in these images (see the right portion of figures 3.2 and 3.3 for examples of
correlation surfaces as images). Now the correlation surface is divided by nC + 1
concentric circles, whose radii increase as they approach the edge of the image,
and by nA rays starting at the center with a fixed angular distance to each other.
Figure 3.4 shows the resulting bins for nC = 4 and nA = 20. Each bin (C,A)
represents a number of log-polar coordinates (d, φ) which are assigned to each
location of the correlation surface. In detail, the log-polar coordinate of the value
of the correlation surface at matrix position (i, j), and the corresponding bin can
be computed as follows.

Figure 3.4: A correlation surface and its log-polar representation

First, the angle φ between the x-axis and the vector from the center of the
correlation surface (iC , jC) to (i, j) is determined:

φ = arctan2 (j − jC , i− iC) (3.8)
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Furthermore, the distance d of (i, j) from (iC , jC) is needed being the second
log-polar coordinate.

d =
√

((i− iC)2 + (j − jC)2) (3.9)

The following mapping assigns the corresponding angular bin coordinate A to
the angular log-polar coordinate φ of the value at (i, j):

A = bnAφ2π c (3.10)

As the radii off the circular segments should increase with respect to its distance
from the center, the circular bin number C corresponding to the log-polar distance
coordinate d is mapped like this:

C = b(nC − 1) log(d/rmin)
log(r/rmin) c (3.11)

where r = bm/2c is the ”radius” of the underlying image patch as above, and
rmin is the radius of the innermost circle.
The value of each bin is then chosen to be simply the maximum value of the

values of the correlation surface whose log-polar coordinates are mapped to this
bin. Figure 3.4 shows an example of this mapping and the resulting bin values.
The transformation of a correlation volume, that is the transformation described
above applied to each temporal dimension, is shown in figure 3.5.

Figure 3.5: A correlation volume and its log-polar representation

Advantages of the Log-Polar Representation

The most obvious advantage of the log-polar representation of the correlation sur-
face is its low dimensionality. A correlation volume of (k×i×j) values is mapped
to a descriptor of (k × nA × nC) values where (nA × nC) is considerably smaller
than (i× j). This generalization of the correlation values, of course, constitutes
a significant reduction of accuracy, but for matching purposes as described in
section 3.4, overly accurate descriptors are not appropriate anyway.
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Furthermore, the log-polar representation introduces some invariance regarding
the size, rotation and underlying shape of the correlation surface. As the values
are taken from circular segments around the center, there are only nC different
distances, which means that values from different correlation surfaces which are
only roughly at the same distance from the center, will be mapped to the same
bin. The same holds for values whose angular distance to the x-axis is only similar
but which are still in between the same two rays. So especially values which are
far away from the center, where both the distance between two circles and the
distance between two rays gets relatively large, are likely to be mapped to the
same bin, resulting in similar descriptors for two correlation surfaces which are
similar but somewhat different in size and shape.
With the size of bins increasing as they approach the border of the correlation

surface, values which are far away from the center and their exact location are
considered less important by mapping them to the same bin as many other values,
which is another advantage of this representation. In other words, values which
are far away from the center may be at reasonably different distances and angular
positions inside different correlation surfaces and will still be representing the
same bin.
Values which are close to the center are much more likely to be considered (as

the value of the corresponding bin) than those at locations far away from the
center and are required to be at a much more similar location inside different
correlation surfaces in order to represent the same bin. Thus, values which are
very close to the exact location in the image, where the descriptor is computed,
have a higher influence on the resulting log-polar descriptor and therefore are
more decisive for the results of the upcoming matching.

3.2.3 Properties of Self-Similarity

Self-similarity descriptors model the local similarity of patches of the image to
the surrounding patches of the same image only. Therefore, the descriptors model
the intrinsic structure of the image rather than its actual appearance in terms of
pixel intensities. So, areas of different images are modeled by similar descriptors
although they have nothing in common but a similar arrangement of regularities
and irregularities. For example, the five images in figure 3.6 show a very similar
structure, however, comparing the pixel values (or descriptors computed relying
on pixel values only) would classify them as highly differently looking areas. The
self-similarity descriptors shown below the example images appear to be relatively
alike though.
As figure 3.6 also illustrates, the reason of the similarities between the image

regions does not matter. Not all of them share common edges, colors, textures,
gradients or repeating patterns. All of these features are treated the same way,
only their similarity to the center patch of the area contributes to the descriptor.
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Figure 3.6: Descriptors computed at the center of the images.

Thus, the self-similarity descriptor is capable of modeling areas in a similar way if
they share any of the above features as long as they appear in a similar underlying
internal geometric layout.
Another advantage of self-similarity descriptors is that small affine deformations

of the image area do not influence the resulting descriptor to a great extent. As
the rightmost example in figure 3.6 shows, the slightly deformed copy of the
leftmost image is still modeled quite similar to the original. As described in
section 3.2.2, the log-polar representation also contributes to this result.
Self-similarity descriptors can be computed using a relatively small number of

template images. As the results of the experiments at section 5.1 show, three
templates are sufficient if a fixed camera is assumed. If the background is less
noisy, even one single template may suffice for some tasks according to [ES07].
For all those reasons, self-similarity descriptors were chosen for the task of de-

tecting swimmers, because the background of images of swimmers tends to be
noisy and highly irregular and self-similarity descriptors are expected to model
the background as ”not similar to the swimmer” in a comparable way in different
images. Furthermore, due to splashes and lighting differences, swimmers’ body
parts often appear differently in different images, but their overall pose is still the
same, so the images still share some underlying geometric layout which can be
captured by self-similarity descriptors. Besides, the number of available example
images for the templates was quite limited.

3.3 The Template Model

This section describes how a template model is generated from example images
of swimmers. These example images are collected manually from videos which
were ideally recorded using the same camera configuration which is used to record
the query videos. In most cases, the number of available examples meeting this
requirement is quite limited. However, example images like this are very similar
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to each other and to the target object, so a low number of examples is sufficient.

3.3.1 Template Volumes

As the descriptors are computed from correlation volumes of several adjacent
frames in the video, the template images have to be from adjacent frames as well
and of course contain the swimmer during the key phase of his swimming style.
The result is a template volume. For some tasks, a single volume may suffice,
but in practice it proved too specific, so multiple template volumes of various
swimmers and of the same size are collected. Figure 3.7 shows three backstroke
template volumes. These volumes were used for the experiments described in
chapter 5.1, however, as a result of the analysis described in section 3.5, only the
center frames (marked by red borders) of the templates were used for detection
so the template volumes were reduced to the template images shown in figure
5.1.

Figure 3.7: Three backstroke template volumes

3.3.2 Gaussian Descriptor Model

Since the detection incorporates probabilistic matching using a Gaussian func-
tion, the template model consists of the mean values and covariance matrices of
the descriptors of the template volumes. Thus, the template model is a vector of n
descriptors computed at n different locations in the template volumes. The ith of
the descriptors di = (vi,Σi) is described by the vector of mean descriptor values
vi and the covariance matrix Σi of the corresponding descriptors of all template
volumes. Therefore, the index i constitutes the number of the descriptor which
is determined by its position inside the template.
So, for m template volumes with vectors of descriptor values dij at position i

where j ∈ [0, ...,m],
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vi = 1
m

m∑
j=1

dij (3.12)

and

Σi
k,l = Σi

l,k = 1
m− 1

m∑
j=1

(dik
j − vik)(dil

j − vil) (3.13)

where k and l are the indices of the row and column of the covariance matrix
Σi and the index of the value of the descriptor vector dij of the jth template
volume and the value of the mean vector vi respectively.
In other words, the ith template descriptor consists of the mean vector of the

altogether m descriptors from each of the m templates at the corresponding
position i and their covariance matrix. Figure 3.8 illustrates the computation of
one template descriptor.

Figure 3.8: Computation of one template descriptor: The correlation surfaces (or vol-
umes) are computed at the same position whithin each template image and transformed
into log-polar representation. The mean values of these descriptors constitute one tem-
plate descriptor vector.

To obtain a meaningful covariance matrix Σi for each descriptor, however, a
sufficiently large number of templates is required (in general, at least n + 1 in-
stances for n dimensions). If the number is rather small, one can simply use some
constant diagonal matrix as Σi

c as well. As only three templates were used for
the experiments described in 5.1, a constant value σ2 was used as variance for all
descriptor values, resulting in the following diagonal matrix:

Σi
ck,l

=

σ2, if k = l

0, otherwise
(3.14)

Overall, the template model of n descriptors can be written as a vector DT of
descriptors:
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DT = (d0, d1, ..., dn−1) (3.15)

If the descriptors are computed in a horizontal distance of xstep pixels and a
vertical distance of ystep pixels for template volumes of size w× h, the number n
of resulting descriptors is

n = b w

xstep
cb h

ystep
c (3.16)

As the analysis in section 3.5 suggests, small steps should be used for the un-
derlying task of this thesis.

3.4 Detection

In order to find a swimmer in a target video, a sliding window of the same size as
the template is moved through the interesting regions of frame t inside the frames
with indices t−bk2c, ..., t+b

k
2c (k being the number of frames the template consists

of) simultaneously for some given step size.

Figure 3.9: The sliding window inside consecutive frames and the target volume at one
possible position for k = 5

The regions inside the sliding window of these frames altogether constitute the
target volume (see figure 3.9) (which is not to be confused with an correlation
volume which is a descriptor computed over several frames). At each position
of the sliding window, descriptors are computed in the same distance they were
computed for the template model, so for each descriptor in the template, there
is a corresponding descriptor in the target volume at the same position of the
region. Probabilistic matching is employed to find the frame and the location
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within this frame, where the target volume is most similar to the template. The
matching process is described in the upcoming section.

3.4.1 Descriptor Matching in General

To match two descriptors di and diT taken from a target frame and the template
respectively, their matching probability is computed which can be formulated as
the conditional probability P (di|diT ). This probability describes the likelihood of
finding descriptor di given the template descriptor diT . In other words, P (di|diT )
is the probability that di matches diT .
As di and diT are multidimensional vectors, P (di|diT ) is considered a multivariate

normal distribution and therefore computed by the Gaussian function

P (di|diT ) = det(2πΣi)−
1
2 exp

(
−1

2(vi − vi)TΣi−1(vi − vi)
)

(3.17)

where vi is the vector of values of di and vi and Σi are the mean value vector
and covariance matrix of the template descriptor diT respectively, which were
computed as described in section 3.3.2. The first portion of this equation namely
det(2πΣi)− 1

2 , is a mere normalization constant η which does not need to be
computed for each target descriptor as it only depends on the template. If the
same constant variance value σ2 is used for all template descriptors it remains
constant as well. Furthermore, equation 3.17 is reduced to:

P (di|diT ) = η

(
−1

2
‖vi − vi‖

σ2

)
(3.18)

3.4.2 Matching Target Volumes to Templates

The detection of the swimmer can be done by applying the simple probabilistic
matching described above to all descriptors of a target volume and a template.
Given the vector containing all template descriptors DT , for each possible target
volume Vx,y,t of the same size as the template inside an interesting region (estab-
lished as described in chapter 2), the vector of descriptors DVx,y,t is computed.
This vector contains as many descriptors as DT and can therefore be written
analogous to equation 3.15:

DVx,y,t = (d0
Vx,y,t , d

1
Vx,y,t , ..., d

n−1
Vx,y,t

) (3.19)

The parameters denoted by the indices x, y, t describe the spatial location (x, y)
of the volume with center frame t.
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The indices of the descriptors thereby are consistent with the template descrip-
tors’ indices, therefore the ith target descriptor is located at the same relative
position as the ith template descriptor.
The probability of Vx,y,t being similar to the template volume is to be calculated.

This probability is given by the conditional likelihood P (DVx,y,t |DT ).
Put formally, the detection task stated above can be described as finding the

configuration (xhit, yhit, thit) of these parameters which maximizes the probability
P (DVx,y,t |DT ):

(xhit, yhit, thit) = argmax
x,y,t

P (DVx,y,t |DT ) (3.20)

To obtain the probability P (DVx,y,t |DT ), the matching probabilities of all de-
scriptors of the target volume Vx,y,t, which are given by the conditional probability
P (diVx,y,t |d

i
T ) for the ith descriptor, are assumed to be independent and therefore

multiplied:

P (DVx,y,t |DT ) =
∏
i

P (diVx,y,t |d
i
T ) (3.21)

where P (diVx,y,t |d
i
T ) is computed according to equation 3.17.

Of course, due to their overlapping and because they describe an image area
including a swimmer who may take different poses, the descriptor values are not
independent in reality.
Since maximizing a distribution equals maximizing its logarithm,

argmax
x,y,t

P (DVx,y,t |DT ) = argmax
x,y,t

log
(
P (DVx,y,t |DT )

)
(3.22)

Thus, one can compute the probability P (DVx,y,t |DT ) as log-likelihood as well
which can be transformed into a sum:

log
(
P (DVx,y,t |DT )

)
= log

(∏
i

P (diVx,y,t |d
i
T )
)

=
∑
i

log
(
P (diVx,y,t |d

i
T )
)

(3.23)

The log-likelihood is computationally more convenient due to the sum instead
of the product of a large number of values.
As mentioned above, for each frame t the configuration of x, y is determined

for which P (DVx,y,t |DT ) (or its logarithm respectively) is maximized and in the
end the global maximum value of P (DVx,y,t |DT ) is determined over all frames
delivering (xhit, yhit, thit).

3.4.3 Probability Maps

Another way to match descriptors and to visualize matching probabilities, is to
generate a probability map for each frame. A probability map is a matrix Mt
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of the same size as the video frame (or the pool area taken from a video frame
respectively) whose entry positions (i, j) map each pixel position (x, y) of frame
t to the corresponding row i and column j.
A matching probability P (diVx,y |d

j
T ) is computed according to 3.17 for each pair

of descriptors (diVx,y , d
j
T ) of the frame and the map respectively. For each template

descriptor djT , the location (xmatch, ymatch) of the highest matching probability is
determined:

(xmatch, ymatch) = argmax
x,y

P (diVx,y |d
j
T ) (3.24)

Then, a two-dimensional Gaussian which is cropped at some constant maximum
radius rmax, is added to the probability map with its peak at (xmatch, ymatch):

Mti,j = Mti,j + det(2πΣ)−
1
2 exp

−1
2

(
i− xmatch
j − ymatch

)T
Σ−1

(
i− xmatch
j − ymatch

)

where
√

(i− xmatch)2 + (j − ymatch)2 ≤ rmax
(3.25)

with a constant variance value

Σ =

c, if k = l

0, otherwise
(3.26)

Thus, the probability map contains the highest values at positions mapping
locations of the image where the descriptors matched best. As the Gaussians
add to each other, all positions of a whole region around many matches gain a
relatively high value. Therefore, regions of the frame where many descriptors were
found which match a template descriptor, can be identified inside the probability
map. Figure 3.10 shows two frames and their corresponding probability map for
the freestyle template shown at figure 5.1.
The brighter the yellow tone, the higher is the value of the probability map at

the corresponding position. Grayscale versions of the original frames were added
as backgrounds of the probability maps for illustration. Positions of the map
with zero or low values were skipped.
After computing the probability maps, and cropping its values using a threshold,

the concentration of high values can be determined, for example by adding the
values of the map inside a rectangle of the same size as the template analogous
to 2.2.1. Then, finding the rectangle with the highest sum considering all frames
yields (xhit, yhit, thit).
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Figure 3.10: Probability maps for two frames

3.4.4 Multi-Scale Search

A standard approach to gain scale invariance in object detection is called multi-
scale search. For example, Irani and Shechtman use it in their self-similarity
approach to object detection [ES07]. Multi-scale search basically means to search
the target image or video in different scales for the same template. This is done
by resizing the image or each video frame after having searched it completely or
its interesting regions only. Usually, the picture is scaled down (or enlarged) by
some constant factor, using a Gaussian resizing method.
However, an increase of computational effort arises from using multi-scale search.

Each frame has to be searched at multiple sizes, so the complete detection process
has to be performed multiple times on the same frame, which at least gets smaller
during each iteration. The detection task described by equation 3.20 obtains
another dimension s constituting the possible sizes the frames are searched at:

(xhit, yhit, thit, shit) = argmax
x,y,t,s

P (DVx,y,t,s , DT ) (3.27)

Figure 3.11 shows a schematical example for multi-scale search. The frame on
the left is scaled down and searched using a sliding window of the fixed size of
the template which is shown on the right of the figure. Each region of this size
is matched to the template for each scale of the frame.
For this thesis, a fixed camera is assumed for the target video, so all swimmers

are supposed to have roughly the same size which is also the size of the swimmers
the template is composed of. As mentioned in 3.2.2, the log-polar representation
of the descriptors provides scale invariance to some small extend anyway. How-
ever, of course, swimmers can still vary in size due to their physique and because
their distance from the camera is hardly exactly equal. Therefore, multi-scale
search was performed, even though the frames were only resized a few times
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Figure 3.11: Principle of multi-scale search

and to small extends (actually two times - to 80% and 60% of the original size
respectively for the experiments, so figure 3.11 shows one complete iteration).

3.5 Temporal Dimension of Descriptors

There are many parameters contributing to the descriptors’ overall appearance.
The most crucial one is the number of frames a correlation volume and the re-
sulting descriptor consists of, since the number of dimensions of the descriptors
is multiplied by the number of frames, increasing the computational effort to
compute the descriptors as well as their accuracy to a great extent. The opti-
mal number of frames of the descriptors for the task of finding a swimmer using
templates like the ones depicted in figure 5.1 was determined by analyzing the
empirical quality of each descriptor. Thus, the degree of local and global saliency
of descriptors was evaluated.

3.5.1 Global Saliency

A descriptor is considered globally salient if it has a high matching probability for
a relatively low number of descriptors from a large set of descriptors computed at
random locations in random frames of a swimming video which has been recorded
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using the same camera configuration. The matching probabilities were computed
according to equation 3.17, summed up for each descriptor and finally normalized.
In the ideal case of course, globally salient descriptors model the portions of the

underlying image which describe the object’s distinguishing parts, while descrip-
tors modeling image regions which are unimportant to the objects appearance
should be less unique. For example, descriptors which model the swimmer’s arm
should be globally salient and descriptors located in the regions of the templates
showing nothing but water, should not. Thereby, descriptors modeling the im-
portant parts of the swimmer have a higher influence on the matching process,
as they are rare to find, while descriptors modeling unimportant parts like water
in the background are rather interchangeable.
Hence the goal is to find configurations of the descriptors for which the above

holds. Figure 3.12 visualizes the global saliency of the descriptors computed from
the templates in the upper left corner of the figure. Next to them is an enlarged
template image, where the pixel positions can be seen. Since the descriptors are
mainly the mean vectors of the descriptors of all three templates (see 3.3), the
enlarged template image is the mean template image. Descriptors were computed
at all possible pixel locations which are the locations covered by the red and green
rectangles in the three images below, so these pixels are the center pixels of the
corresponding descriptors. A radius of 10 pixels was used for the correlation
surfaces hence the stripe with no descriptors at the border.
The color of the pixels in those three images indicates the saliency of the de-

scriptor centered there: A green pixel indicates that the corresponding descriptor
is globally salient, which means it did not match many of the random descriptors,
while descriptors centered at red pixels are less salient as they matched random
descriptors from the swimming video very often.
The number of frames used for the computation of the descriptors is depicted

on the left of the figure. Obviously, if descriptors are computed from five frames,
almost every single descriptor is salient, so all of them are very unlikely to be
matched. As a consequence, this template will not match image regions which
have similar descriptors at the representative locations like the swimmers arm,
unless they also have very similar descriptors modeling the irregular splashes and
background water. The latter descriptors however, are required to be interchange-
able as they are very unlikely to be similar for different pictures of swimmers. So
clearly, this configuration makes matching very difficult. The image below shows
a similar situation for descriptors computed from three frames.
Thereby the pixels’ colors are only set relative to the matching frequency of

descriptors of the same configuration. So a descriptor whose center pixel is colored
green in the result image for five frames might have matched even far more
often than a ”green” descriptor in the image showing the matching frequency for
descriptors consisting of one frame.
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Figure 3.12: The global saliency of template descriptors for different numbers of frames
(highly salient descriptors are colored green)

The image at the bottom of figure 3.12 illustrates the global saliency of descrip-
tors computed from one single frame. In this case, the descriptors modeling the
background are much less salient. Descriptors containing information about the
region around the swimmer’s arm are the only ones which are salient besides
some descriptors in the upper right corner of the template which model a region
where a relatively regular splash can be seen in the template images and is quite
unique.
As the descriptors were computed for a region of size 21 × 21, the salient de-

scriptors are located at some distance of the representative locations like the
arm. Furthermore, if a descriptor is centered next to the swimmer’s arm, it is
computed from a region, where the self-similarity is low for some regions of the
correlation surface resulting in very distinctive descriptor values. See the correla-
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tion surface of figure 3.2 and the resulting descriptor in figure 3.4 for an example
of this situation.
Overall, it can be concluded that descriptors are best computed for one frame

only considering the given task.

3.5.2 Local Saliency

Another way to determine the quality of a descriptor is to find out how unique
it is compared to the descriptors of its immediate neighborhood. Descriptors
which differ explicitly from their neighbors are considered locally salient. For
reasons analogous to the ones mentioned above for global saliency, descriptors
modeling important parts of the swimmer should also be more locally salient
then others. Descriptors located in the background should not differ too much
from their neighbors, so small shifts of their positions will not influence their
matching probabilities too much.
To determine the local saliency of a descriptor, it was matched to its four im-

mediately neighboring descriptors as described in section 3.4.1. The larger the
minimum resulting matching probability of these four matchings, the less locally
salient the descriptor is considered.
Figure 3.13 visualizes the local saliency of the template descriptors in the same

manner as figure 3.12 illustrated global saliency.
Obviously, the descriptors consisting of one frame appear most suitable, as one

can clearly see that the locally salient descriptors are in the region where the
swimmer’s arm is located, while the descriptors inside the background portion of
the image are not very salient.
However this insight not only confirms the result of the analysis of global

saliency, it more importantly delivers a good lead for the choice of the distance
the descriptors should be computed at. As figure 3.13 shows, the salient de-
scriptors modeling the arm of the swimmer have their center pixels very close to
each other. So a very small step size would allow the computation of many of
these important template descriptors in the first place. However, as the analysis
in section 5.1.2 shows, not many of these descriptors are needed, especially for
templates without large background regions like freestyle templates, unless none
of the important descriptors is computed.

Conclusions of Saliency Analysis

The main reason for these results is that swimming videos in particular normally
feature a highly noisy background due to movements of and reflections on the
water surface and splashes the swimmer causes. Of course, these irregularities
are usually not consistent throughout adjacent frames of a video for different
swimmers or even the same swimmers at different points in time. However,
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Figure 3.13: The local saliency of template descriptors for different numbers of frames
(highly salient descriptors are colored green)

computing the descriptors for several frames, explicitly models these irregularities
and takes them into account when matching the template descriptors to the target
descriptors, leading to inferior detection results.
Section 7.1.2 discusses some approaches to filter out supposedly less useful de-

scriptors.
For all the reasons stated above, two-dimensional correlation surfaces were used

for the experiments described in section 5.1.
The remaining descriptor parameters, namely the number of both of the log-

polar dimensions and the radii of the underlying regions of the descriptors were
mainly set to suit the size of the template images. Section 5.1.1 describes in
detail how the experimental configuration was determined.



Chapter 4

Pose Assignment

This chapter deals with the estimation of the swimmer’s pose after he was de-
tected in a video frame as described in the previous chapter. Thus, it is assumed
that the swimmer takes a known pose and is at a known position in this frame.
The pose of the swimmer is defined by the position of his main joints. The main

joints thereby are the fourteen joints marked by dots in figure 4.1, namely the
wrists, the elbows, the shoulders, the neck, the hip, the thigh joints, the knees
and the ankles. Throughout the remainder of this thesis the labels in the figure
will be used. In particular, ”hip” will only refer to the connection between the
spine and the pelvis.
The swimmer’s visible body parts which all three swimming styles have in com-

mon, are basically his upper arm, his forearm, his shoulder and a part of his head,
however the latter is ignored as it doesn’t contribute to the overall pose. The
position of the arm which contributes the three joints shoulder, elbow and wrist,
is assumed to be known from the template images, as well as the position of the
swimmer’s neck. Figure 4.2 shows the three template images constituting the
backstroke template. The relative position of the joints which were determined
manually in advance, are shown as yellow and white dots in the template images.
The joint positions in the image below are the average joint positions of all three
templates and are referred to as template joint positions denoted by pti for joint
i.
The swimmer’s neck is annotated as it will be used as a reference point by the

upcoming estimation, while the arm joints are needed to determine the template
swimmer’s relative size.

35
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Figure 4.1: The fourteen joints representing a human body

Figure 4.2: The template positions for the joints shoulder, elbow and wrist (yellow dots)
and neck (white dot)
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4.1 Annotated Joint Postions

After obtaining the position of the swimmer’s neck in the template, the relative
positions of the remaining main joints of the swimmer are estimated based on
annotated movement data obtained from underwater swimming videos. Figure
4.3 shows some frames from an underwater video where the main joints were
annotated for the front side of the body which accounts for eight of the main
joints, using an annotation tool.

Figure 4.3: The annotation tool for joint positions

These eight main joints, namely the hip, the neck and the thigh joint, the knee,
the ankle, the wrist, the elbow and the shoulder of one side of the swimmer
were annotated in each video frame of several complete swimming cycles. The
key frame containing the template pose which was detected in the target video,
can be either determined manually or chosen automatically by comparing the
position of the arm joints of each frame to the corresponding joint positions inside
the template. For this thesis, the frame containing the key pose was known in
advance.
The mean relative position of the eight annotated joints can be computed di-

rectly for the key frame. The remaining joints’ positions can be obtained from
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the frame where the opposite side of the swimmer takes the position featured in
the key frame as the swimming cycle is assumed to be symmetric.
For example, let the front side of the swimmer in the video be his left side. The

key frame for backstroke videos was chosen to be the frame where the swimmer
raises his left arm vertically, so the eight joints mentioned above are taken directly
from the annotated frames where the swimmers take that pose. The remaining
six joints which belong to the opposite right leg and arm, can then be taken from
the frame where the swimmer raises his right arm. This frame can be found at
half the cycle length from the key pose. Of course, the joints in this frame were
actually annotated on the swimmer’s left side as well, however this is not relevant
due to the symmetry of the swimming cycle, as long as all positions are computed
relatively to a joint both sides of the swimmer have in common, such as the neck.
Altogether, the relative positions of all fourteen joints inside the key frame can

be determined that way using the annotated videos. After collecting these posi-
tions for several swimming cycles of different swimmers, a mean relative position
of the main joints can be computed from them. Figure 4.4 shows the mean joint
positions of the fourteen main joints computed from key poses from 23 backstroke
cycles performed by seven different swimmers (male and female).

Figure 4.4: The mean joint positions for the key phase of the backstroke swimming
style. Yellow dots indicate joints on the swimmer’s front side (from the camera’s point
of view), while red dots represent the joints of the opposite side. The white dots show
the mean positions of the neck and the hip respectively.

As the mean position of the neck is known from the templates, the mean po-
sitions of the remaining joints have to be computed in relation to it in order to
enable the reconstruction of their positions for the detection results.

4.2 Joint Position Estimation

According to the explanations above, the estimated position p̂i = (x̂i, ŷi) of joint
i inside the detection result at position (xhit, yhit, thit) is the mean position of
joint i of all annotated frames where the swimmers take the key pose, relative to
the position of the neck pneck which serves as the reference point. It therefore is
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computed as follows:

p̂i =

αjn−1∑
j

(pji − pjneck)

+ v (4.1)

where n is the number of annotated examples and pji is the position of joint i
from the jth annotated example. The vector v translates the joints’ positions of
this example to their absolute positions inside frame thit:

v = (xhit, yhit) + ptneck (4.2)

where ptneck is the annotated template position of the neck.
The factor αj is the scaling factor which is simply the ratio of the arm length

of the template to the arm length of the example. The arm length is the sum
of the Euclidean distance D between the elbow and the wrist and the Euclidean
distance between the shoulder and the elbow. The scaling factor is therefore
computed like this:

αj = D(ptelbow,ptwrist) +D(ptshoulder,ptelbow)
D(pjelbow,p

j
wrist) +D(pjshoulder,p

j
elbow)

(4.3)

where the index t refers to the template joints again. This only holds for the
arm being seen from the same perspective in the template and in the annotated
videos which is presumed.

4.3 Estimating Three-Dimensional Coordinates

Camillo J. Taylor proposes a method to reconstruct three-dimensional coordinates
from two-dimensional joint positions in [Tay00]. This method is used to estimate
a third world coordinate z′i representing the ”depth” given an appropriate scaling
factor s for the position of each joint i whose two-dimensional position p̂i =
(x̂i, ŷi) in the detection result was estimated as described in the previous section.

4.3.1 Depth Computation

The underlying assumption of Taylor’s approach is that the two-dimensional
position (x̂i, ŷi) represents a scaled orthographic projection of the true three-
dimensional position (x′i, y′i, z′i) in world coordinates. This yields the following
projection equation:

(
x̂i
ŷi

)
= s

(
1 0 0
0 1 0

)x
′
i

y′i
z′i

 (4.4)
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Assuming an orthographic projection is appropriate for side view videos of swim-
mers where perspective effects are not very significant.
Let (x′1, y′1, z′1) and (x′2, y′2, z′2) be the world coordinates of two connected joints

whose image positions are (x̂1, ŷ1) and (x̂2, ŷ2). Assuming scaled orthographic
projection, the x and y portions of the world coordinates are merely the scaled
image coordinates of the joints on a reference plane. Figure 4.5 illustrates this
situation. The reference plane is a scaled version of the image plane which was
obtained using the correct scaling factor s for transforming two-dimensional world
coordinates into two-dimensional image coordinates. The world coordinates of
the joints are projected orthographically onto this reference plane.

Figure 4.5: Scaled orthographic projection of two connected joints (x′1, y′1, z′1) and
(x′2, y′2, z′2)

To estimate z′1, one needs to determine a reasonable distance dz1 between the
actual joint position (x′1, y′1, z′1) and its projection in the reference plane. The
distance dz1 is also depicted in figure 4.5. Assuming the situation in figure 4.5,
dz1 can be computed by a function of s. First, let (l′1,2)2 be the squared distance
between the two points:

(l′1,2)2 = (x′1 − x′2)2 + (y′1 − y′1)2 + (z′1 − z′1)2 (4.5)

As mentioned above, the x and y portions of the world coordinates are scaled
image coordinates, so the following equations hold:

(x1 − x2) = s(x′1 − x′2)
(y1 − y2) = s(y′1 − y′2) (4.6)

Combining equations 4.5 and 4.6 and solving for (z′1 − z′1) yields
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(l′1,2)2 =
(
x1 − x2

s

)2
+
(
y1 − y2
s

)2
+ (z′1 − z′1)2 (4.7)

⇒ (z′1 − z′1)2 = (l′1,2)2 −
(
x1 − x2

s

)2
+
(
y1 − y2
s

)2
(4.8)

As dz1 = (z′1 − z′1), one can finally assign

dz1 = ±

√
(l′1,2)2 − (x1 − x2)2 + (y1 − y2)2

s2 (4.9)

Because of dz1 being quadratic in equation 4.8, two distinct solutions of equation
4.9 differing in their sign are possible. The choice of a solution depends on which
of the points is supposed to have the smaller z coordinate.
Since the argument of the square root must be positive (as dz1 has to be a real

number), there is a lower bound for the scaling factor:

(l′1,2)2 − (x1 − x2)2 + (y1 − y2)2

s2 ≥ 0 (4.10)

⇒ s ≥

√
(x1 − x2)2 + (y1 − y2)2

l′1,2
(4.11)

⇒ s ≥ l1,2
l′1,2

(4.12)

where l1,2 is the distance of the image coordinates of the joint positions. Note
that l1,2 is a two-dimensional distance, while l′1,2 is three-dimensional. Obviously,
the scaling factor must at least be the ratio of the two-dimensional joint distance
in the image to the three-dimensional joint distance in world coordinates.
To obtain the z coordinate of each joint of an kinematic chain like an arm or a

leg, dzi is computed for each joint following the chain, using the previous joint as
reference point. In the above example, the reference point is (x′2, y′2, z′2). Thus,
to obtain z′i (the z world coordinate of joint i), the relative distance dzi just has
to be added to the z coordinate of the previous joint in the chain starting at the
first reference point whose z coordinate was fixed previously.
For a swimmer, the first reference points are his neck and his hip, as these joints

are the central joints of his body and are assumed to be in-plane inside a side
view image. For convenience, their z coordinate is set to zero.

4.3.2 Previous Knowledge and Constraints

This section discusses how to deal with the degrees of freedom inherent in the
above method and the assignment of the remaining variables of equation 4.9.
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Lengths of Body Segments

The relative length of the limbs which is denoted by l′i,j in the above equations,
can be roughly determined from annotated data. For each of the three swimming
styles examined in this thesis, the swimmer’s legs are always seen from a side
view perspective, so their length can be computed rescaling the distance of the
corresponding joints inside the image.
However, due to inaccuracies and perspective effects and since the side-view

assumption hardly holds perfectly, the annotated data may suggest that the legs
have different two-dimensional lengths. Therefore, the ”longer” leg is used to
compute the rescaled length since otherwise the argument of the square-root of
equation 4.9 would become negative as condition 4.12 would be violated. The z
coordinates of the longer leg’s joints are assumed to be equal, so the longer leg
is supposed to be in-plane.
Put formally, let li,j denote the distance between two annotated joints i and
j inside the image again. Also, let i and j be known to be in-plane in world
coordinates, then

l′i,j = s−1li,j (4.13)

Of course, this equation holds only if side-view is assumed and the world coor-
dinates of the joints i and j are in-plane. Inserting equation 4.13 into equation
4.9 yields

dzj = ±

√
(s−1li,j)2 − (s−1li,j)2

s2 = 0 (4.14)

which reflects the assumption of the joints being in-plane and i and j therefore
having the same z coordinate. Using equation 4.13, the length of the thigh and
the lower leg are computed.
In a similar way, the length of the arm limbs are obtained. At least one of the

swimmer’s arms is also seen from the side in the key frame of each swimming
style, so this arm’s joints are also assumed to be in-plane and the distance of the
world coordinates are computed using equation 4.13.
To summarize, equations 4.13 and 4.14 are assumed to be true for i and j being

the thigh joint and knee or the knee and ankle respectively of the longer leg or
the shoulder and the elbow or the elbow and the wrist of the swimmer’s arm
which is seen from a side-view perspective. For the opposite arm and leg, the
limb lengths of the in-plane arm and leg are eventually assigned respectively due
to body symmetry 2.

2The mean positions of the annotated data suggested that the opposite upper arm was
actually longer for backstroke key poses, so the length of this arm had to be used, as (like for
the legs) l′i,j ≥ s−1li,j must hold to obtain reasonable results. That way, the upper arm of the
opposite arm was assumed to be in-plane and used to compute the upper arm length.
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Finally, the only distances missing are the distance between the neck and a
shoulder and the distance between the hip and a thigh joint which are needed
to obtain the z coordinates for the shoulders and thigh joints. Fortunately, the
relative length of human limbs is roughly the same for each individual, so the
missing distances can be inferred from known limb lengths. Table 4.1 states
relative joint distances for an ”average” human body.

Segment Length
Forearm 14
Upper Arm 15
Shoulder Girdle 18
Foreleg 20
Thigh 19
Pelvic Girdle 14
Spine 24
Height 70

Table 4.1: Relative lengths of human body segments. Table taken from [Tay00]

According to this table, the missing distances between neck and shoulder and
between hip and thigh joint which are denoted by l′n,s and l′h,t and can be ex-
pressed as half the shoulder girdle and half the pelvic girdle respectively, are:

l′n,s = 18
2
l′t,k
19 (4.15)

l′h,t = 14
2
l′t,k
19 (4.16)

where l′t,k is the distance between thigh joint and knee being the length of the
thigh, which was chosen as the side-view assumption is supposed to hold best for
it accounting for a low approximation error.

Determining a Distinct Pose Using Constraints

Still, the value of dzi is ambiguous for each joint as mentioned above, except the
ones which are considered to have dzi = 0. Therefore, there are 28 remaining dif-
ferent three-dimensional body configurations consistent with the two-dimensional
image data assuming a fixed position of the neck and the hip. However, obviously
many of these configurations can be dismissed due to anatomical implausibility.
Additionally, some configurations can be excluded due to knowledge about the
swimming style and its key pose and the camera position in the annotated videos.
These anatomical facts and previous knowledge are formulated by the following
constraints:
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1. The joints of the left arm and left leg are in front of the reference points
(neck and hip) and therefore have smaller z coordinates than these points
while the opposite holds for the right arm and leg

2. The left arm on the swimmer’s front side is in-plane and seen from a side-
view perspective

3. For the right arm

a) the elbow is farther away from the neck than the shoulder, and the
wrist is the outermost joint (backstroke)

b) the elbow is the outermost joint (freestyle, butterfly)

4. The leg which appears longer according to the annotated data is in-plane
and seen from a side-view perspective

5. For the other leg, the knee is farther away from from the hip than the thigh
joint and the ankle is the outermost joint

These constraints were formulated for the case where the left arm is the arm on
the swimmer’s side which is in front from the camera’s point of view. Otherwise,
all constraints have to be flipped.
Constraints 2 and 4 have already been used above when determining the length

of the body segments, and are somewhat coarse. They can be replaced if ground
truth data about the real limb lengths is available, so that the length l′i,j doesn’t
have to be computed by equation 4.13. Especially for butterfly, ground truth
data should be used, since constraint 2 is obviously a bad approximation of the
key pose.
However, these constraints only allow one distinct consistent configuration.

Thus, all information needed to devise a unique three-dimensional pose for a
fixed scaling factor is available.
The depth value dzi is a function of this scaling factor s, so the final unknown

variable which has to be assigned to compute actual coordinates is s. It can be
obtained trivially using the ground truth limb length of an in-plane limb and
solving equation 4.13 for s. If one is only interested in the relative z coordinates
of the joints, an arbitrary scaling factor can be used, unless it violates inequation
4.12.
Figure 4.6 shows a three-dimensional version of figure 4.4 where the z coordi-

nates were determined using this approach. In the bottom right image showing
the top view, the left leg appears to point ”outwards” because the right leg is
clearly longer in the two-dimensional depiction of the average annotated joint
positions in figure 4.4 which is compensated by a larger z coordinate.
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Figure 4.6: Three-dimensional joint positions obtained from the two-dimensional mean
joint coordinates shown in figure 4.4.





Chapter 5

Experiments and Results

This chapter describes the experiments conducted for this thesis testing the ap-
proaches discussed before. The first part of this chapter shows results of the
detection of swimmers in videos using self-similarity descriptors. The remainder
of the chapter deals with the estimation of the swimmers pose.

5.1 Detection Experiments

The videos in which the swimmers were detected were recorded using a fixed
camera installed at the edge of a swimming pool. All swimmers which were
filmed (and whose clips were used) swam in the same lane and therefore had the
same distance from the camera.

Figure 5.1: Template images for backstroke, freestyle and butterfly

The template images depicted in figure 5.1 were also taken off recordings of the
same camera. Figure 5.2 shows a few frames of the recordings. The area above
the pool was removed manually as mentioned in the introduction to chapter 2.
The target videos showed a swimmer other than the template swimmers per-

forming one complete cycle of the according swimming style.

47
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Figure 5.2: Frames from the target videos for backstroke, freestyle and butterfly

5.1.1 Descriptor Configuration

The appearance of the descriptors is mainly determined by four parameters: The
side length of the correlation volume (which is also rmax×2+1, where rmax is the
outer radius of the log-polar representation), the number of radial and angular
segments nC and nA and the number of frames the correlation volume consists of.
The latter was always set to one during the experiments due to reasons explained
at section 3.5. The analysis of the influence of the remaining parameters on some
matching samples is the subject of the following two sections.

Maximum Radius

The maximum outer radius of a descriptor is limited by the size of the tem-
plate image. Of course, to enable larger descriptors one could increase the size of
the template images by taking larger rectangles from the example videos, how-
ever, that way the descriptors would cover large irrelevant areas surrounding the
swimmer. Besides, overly large descriptors are not appropriate for small tem-



5.1. DETECTION EXPERIMENTS 49

plate images like the ones used for these experiments because they would cover
too much of the template at once and generalize too much due to large log-polar
bins.
Three different radius sizes were tested: eight, twelve and sixteen pixels. In

order to analyze their suitability, a probability map was created as explained
in section 3.4.3 for two frames. One of the frames shows the swimmer taking
a pose which resembles the template while the other one shows a significantly
different pose from the same swimming style. Figure 5.3 shows the resulting
probability maps for frames from the freestyle video. The template which was
used is shown in the middle of figure 5.1. The more concentrated the bright areas
of the probability maps are around the locations of the swimmers taking on the
poses similar to the templates, and the less concentrated they are in the other
frame at the same time, the better the matching result.

Figure 5.3: Probability maps for two frames resulting from three different descriptor
radii; zero and very low values were removed from the probability maps for illustration

As mentioned above, due to the limited size of the template, the number of
descriptors which can be computed at reasonable template locations decreases as
the descriptor radius increases. Therefore, the number of descriptors computed
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for each radius size is different which means that only the location of the bright
regions of the probability maps can be compared while their overall brightness
and number is not a comparable quality measure. Considering this, the frame in
which the swimmer’s pose is different from the template is treated comparably
by descriptors with all of the three radii.
In the frame where the swimmer resembles the template however, the smallest

radius of eight pixels enables the corresponding descriptors to accurately model
and match the swimmer’s head, while descriptors with a larger radius cover too
much of the surrounding area at the same time and mostly model the swimmer’s
arms only. While the smallest descriptors show five maxima at the region of the
correct location in the corresponding probability map, the largest ones only create
two of them. Still, all descriptor radii appear applicable to find the location of the
swimmer as the highest descriptor concentration is at the appropriate location.
The results for the right image even suggest that larger radii produce less noise,
however, this is mainly due to their smaller number. Besides, less dispersion at
negative examples raises the likelihood for false alarms, as the single maximum
in the second image for descriptors with a radius of sixteen pixels makes the
resulting maps look very alike for the positive and the negative example.
Because of the larger number of reasonable possible descriptor locations and the

presumably higher accuracy at the given task, the smallest radius of eight pixels
was chosen for the upcoming experiments. These properties should also account
for a more discriminative matching capability.

Log-Polar Segments

A useful number of log-polar segments was determined in the same way explained
in the previous section. Probability maps were computed and compared to each
other. Figure 5.4 shows the results for different numbers of angular segments
nA and radial segments nR. From top to bottom, the values were set as follows:
nA = 5 and nR = 2, nA = 10 and nR = 2, nA = 15 and nR = 3, nA = 20
and nR = 4 which produces descriptors with 10, 20, 45 and 80 bins respectively.
For higher values of nC and nR, the mapping in explained in section 3.2.2 would
not deliver useful bin values for each bin as there are not enough pixels to get
distinct values for the segments, due to the small size of the correlation surfaces.
Especially the inner bins share the same pixel positions which are mapped to
them.
As the radius was chosen to be relatively small, the impact of the number of

segments is quite small for the latter three configurations. As stated in section
3.2.2, the maximum value of each bin is chosen as representative value, so these
values are conserved in one of the bins in any case, so the highest self-similarity
values merely get mapped to another bin by changing the number of segments.
Adding additional bins does not capture any more important self-similarity val-
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ues, as because of the small size of the correlation surface, it is not very likely
that dividing a segment which is very small anyway introduces any more relevant
information. The inner segments are overlapping regarding the mapped discrete
coordinates and therefore are represented by the same pixel value anyway.

Figure 5.4: Probability maps for two frames resulting from four different descriptor
configurations; zero and very low values were removed from the probability maps for
illustration

However, as the results in figure 5.4 show, there is slightly more dispersion
in the probability maps of the positive example for descriptors with 20 and 45
bins, even though the values of the map are not very high at these locations.
Furthermore, there are more concentrated areas of relatively high values for the
negative examples. Therefore, the descriptors with 80 bins seem to perform
slightly better.
If the number of segments is set too low, the resulting descriptors get too coarse
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to model all relevant information of the underlying correlation surface. Many
values are mapped to the same bin and only their maximum value is conserved
as representative bin value, because the segments become relatively large and
cover too many different values. This situation is illustrated by the top example
in figure 5.4.
Thus, increasing the number of segments from 20 or 45 to 80 appears not to

contribute too much to the success of matching. To reduce the computational
costs of matching however, fewer segments are preferable, as the number of seg-
ments is the number of dimensions of each descriptor, so one has to trade off
additional accuracy against computational feasibility. For the upcoming tests,
descriptors with 80 bins were used anyway as additional accuracy was preferred
over computational efficency.

5.1.2 Step Width

For the detection process explained at section 3.4.1, the descriptors are computed
at a fixed distance inside the target frames and inside the template. If matched
as described at section 3.4.2, the distance of the descriptors in the template and
in the target frames should be the same. This section examines the impact of the
step width between locations where descriptors are computed. The step width is
set equally in horizontal and vertical direction.
Figure 5.6 shows ten frames taken from the freestyle swimming video consti-

tuting a test video after reducing them to the relevant pool area manually. The
matching process of section 3.4.2 was applied to this video and the best hit
(xhit, yhit, thit) was determined. It is marked by a white rectangle in the result
images in figure 5.6. For comparison, the second best hits and the third best hits
are shown too.
Surprisingly, the two best hits are identical for the first four distances, they are

only swapped when descriptors are computed at every fifth pixel. The reason is
mainly the position of the swimmer. If the descriptors are computed at a large
distance they may still happen to capture the swimmer at relative positions close
to those of the template descriptors if he is at a convenient location.
However, if descriptors are computed at a distance of zero or two pixels, the

third best hit still captures the location of the swimmer which is not the case
for larger distances. The third best hit of the descriptors at a two pixel distance
even appears to be more similar to the template than the third best hit of the
pixel-wise adjacent descriptors.
The reason for the good results of descriptors at larger distances is that the

descriptors modeling the important parts of the swimmer are relatively salient
(see section 3.5) but nevertheless obviously still match descriptors from similar
locations rather than descriptors computed in image regions containing only wa-
ter. Additionally, the test video features nothing which is similar to the swimmer
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Figure 5.5: Test video

taking on the key pose, so there are no candidates for false alarms as a similar
structure in the water is possible but very rare.
As expected, detecting the swimmer when the descriptors are computed at every

20th pixel fails, because it is very unlikely to encounter similar relative descriptor
positions in the template and the target images of the swimmer. Besides, the
number of descriptors is insufficient in this case since the templates are relatively
small. For example, a template of 100× 60 pixels only allows the computation of
8 descriptors3.

5.1.3 Detection Results

After determining a good configuration for all parameters as described above,
some detection experiments were carried out for the target videos mentioned
above. Example frames of those videos are depicted in figure 5.2. Each of the
figures 5.7, 5.8 and 5.9 shows the template and the six best matches found using
the probability matching described in section 3.4.2.

3Even less descriptors can be computed in practice unless some pixel values surrounding
the template images are known, since in order to compute the correlation surfaces, patches of a
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Figure 5.6: Pixels between two descriptor locations (both horizontally and vertically)
and the corresponding three best hits
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Figure 5.7: Detection results for the freestyle video using the template depicted on top

Figure 5.8: Detection results for the butterfly video using the template depicted on top
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Figure 5.9: Detection results for the backstroke video using the template depicted on
top

The results for the freestyle video are the best results out of the three swimming
styles. This is due to the very significant key phase of this swimming style and
the lack of background in the template images. Swimmers performing backstroke
or butterfly are harder to detect.
The key phase chosen for the butterfly templates are quite unspecific since they

only feature a horizontal arm which is easily confused with waves or the rope
in the background. There might be better key phases for butterfly swimmers,
however, in the recordings used for these experiments, all other poses during a
butterfly cycle looked too different for different swimmers to obtain a meaningful
template from them.
The backstroke templates in contrast show an upright arm which is more char-

acteristic than a horizontal one in front of the given background, however, the
remainder of the backstroke template is not very specific as well, as the ropes in
the background can be mistaken for the visible part of the swimmer’s body.
Figure 5.10 shows the results of a multi-scale search where the swimmer in the

target video was considerably larger than the swimmers of the template images.
So each frame of the video was searched for the best match at their original
sizes and at 80% and 60% size respectively. The four best results were found at

certain size are needed at the border of the underlying image region
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Figure 5.10: Multi-scale search results for a backstroke video where the swimmer is
larger than the swimmers in the template images.

80% size. For illustration, the respective original frames are shown next to the
detection results.
Finally, figure 5.11 shows the results of using the same template images to

detect a swimmer inside a video which was recorded under different lighting
conditions. Obviously this makes the target images look considerably different
than the template images and the background contains much more clutter due
to reflections on the water surface. Therefore, the detection result (considering
two different scales) is worse than the ones before. The swimmer’s location is
still detected at the appropriate size but the detected pose does not match the
template pose. As expected, one may conclude from this that the template
images may not differ too much from the target images and therefore should
be obtained from recordings by the same camera at the same pool in the ideal
case and obviously a noisy background has a negative impact on the detection
performance.
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Figure 5.11: Multi-scale search results for a backstroke video with lighting conditions
different from the template’s and much background clutter. Only the third best hit can
be considered a correct detection.

5.1.4 Matching Different Poses

This section shows the results of matching template images featuring different
poses to each frame of a complete swimming cycle (which was reduced to thirty
equidistant frames). The purpose of this process is to examine which poses can be
matched reliably and which poses are likely to be confused with others. The fol-
lowing figures show the template images used and all thirty frames or the frames
with high likelihoods from the cycle respectively next to a diagram representing
their normalized matching log-likelihoods. The matching was performed using
descriptors computed at a three pixels distance.
Figure 5.12 shows the log-likelihoods of the key pose used throughout the pre-

vious experiments. The correct pose has the highest matching likelihood while
the second highest likelihood is obtained matching the templates to the frame
where the swimmer raises his opposite arm vertically. However, the arm is not
totally vertical in this frame. Otherwise, the poses are hardly distinguished by
the detector. In general, the right arm cannot be distinguished from the left arm
which is also suggested by the results shown by figure 5.13.
Chart (a) of this figure shows the matching likelihood of template images where

the swimmer points his left arm at an angle of 45◦ forward while chart (e) shows
the likelihood for the same position of the right arm. Both charts are almost
identical and prefer the target image where the right arm is shown over the one
featuring the left arm. Additionally, there are more high matching likelihoods
altogether compared to figure 5.12, and the highest likelihood of (e) is achieved
for a target image which does not feature the arm at all but a somewhat similar
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Figure 5.12: Normalized matching log-likelihood for the template images on top and
each of the frames on the left.
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splash. Therefore, these poses seem not particularly useful for the detection task.
The pose where the swimmer does not clearly show one of his arms, which is rep-

resented by chart (b) yields a relatively indifferent result as expected. However,
poses where an arm is shown gain an appropriate low matching likelihood.
Surprisingly, the poses where the arms are pointed backwards at an angle of 45◦,

which are represented by charts (c) and (f), can be more clearly distinguished
from other poses than the poses featuring the arm pointing forward at the same
angle (charts (a) and (e)). Even the right arm is distinguished from the left
arm correctly. According to these results, these poses might be appropriate for
detection as well.
Using templates where the right arm is raised vertically as shown above chart

(d) yields inferior results compared to the templates of 5.12 where the left arm
is shown in the same way. However, the templates for this pose are much worse,
as the position of the arm in the template images deviate considerably from an
upright position due to automatic cycle normalization and pose selection4.
Interchanging one of the template images and the target image from figures 5.12

and 5.13 yielded comparable results.
Figure 5.14 shows a comparison of matching different templates to each pose of

a swimming cycle. The swimming cycle was recorded at a pool where lighting
conditions clearly vary from those of the template images used before which are
shown inside the blue box. The matching likelihood obtained using these images
is represented by the blue bars. Still, the correct pose has the highest matching
likelihood. However, the matching likelihoods represented by the yellow bars
appear to distinguish the different poses arguably better by assigning higher
probabilities to the poses where an arm is raised vertically which are the poses at
the beginning, in the middle and at the end of the cycle though some of the wrong
poses achieve high results as well. The likelihoods represented by the yellow bars
were computed using the template images inside the yellow box which were shot
at the same pool under the same lighting conditions.

5.2 Pose Estimation Results

Figure 5.15 shows the frame of the best backstroke detection result and the
estimated pose which is an estimation consistent to the mean pose of annotated
frames featuring the key pose as described in section 4.2. For comparison, some
ground truth images are shown below the result. The rightmost of these images
shows the swimmer’s opposite side where the position of the right arm can be
seen.

4The first frame showing the left arm being raised vertically was selected manually and all
following poses were selected automatically by choosing frames at normalized distances, e.g. the
pose where the opposite arm is raised vertically was considered to be in the middle frame of the
cycle.
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Figure 5.13: Normalized matching log-likelihood for the template images on top and
each of the frames.
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Figure 5.14: Normalized matching log-likelihood for two different sets of template im-
ages. The blue and yellow bars represent the log-likelihood of matching templates created
using the images in the blue or yellow box respectively.
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Figure 5.15: Result of pose estimation; the yellow dots indicate the position of joints
of the swimmers front side (relative to the camera position) while the red dots represent
the joints of the opposite side. The neck and hip are marked by white dots. The three
images on the bottom show some underwater photos of the key pose.

According to section 4.3 a three-dimensional pose was reconstructed from the es-
timated two-dimensional pose. Figure 5.16 shows the result. The three-dimensional
pose was only computed for the scale of the image, so the scaling factor was cho-
sen arbitrary to be 0.1 and the positions were scaled back to the result image
size afterwards. Knowing some ground truth limb lengths, one can easily state a
reasonable scaling factor and therefore the image coordinates can be transformed
to world coordinates relative to fixed neck and hip coordinates by the method
described in section 4.3.
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Figure 5.16: Result of pose estimation and two visualizations of the three-dimensional
joint positions.



Chapter 6

Related Work and Alternatives

This chapter presents alternative methods to address the problems of object de-
tection and pose estimation and some related work. It provides a short and in
no way exhaustive overview of existing approaches to tasks which are similar to
the subject of this thesis.

6.1 Object Detection

Object detection is one of the most thoroughly explored subjects in the computer
vision domain. Many approaches exist to find a certain object inside a previously
unknown target image. Besides descriptor matching which was applied for the
task of this thesis, there are different approaches.

Machine Learning on Raw Pixel Data

One way to detect objects in images is to apply some instance of machine learning
to raw pixel data of an image. As described by Henry A. Rowley, Shumeet Baluja
and Takeo Kanade in [HARK98] for example, one can collect a large set of positive
and negative example images (showing faces or no faces respectively in their case)
and use them to train an artificial neural network (ANN) with vectors of their
serialized pixel values. An artificial neural network is basically a multidimensional
connected network of weighted functions whose output is determined by some
threshold or step function, eventually outputting a decision whether the input
vector matches the learned target concept. Training the network means to tweak
the weights of those functions according to their classification error at a large set
of negative and positive example vectors.
As proposed in [HARK98] as well, introducing scale invariance to this approach

can be achieved by applying multi-scale search in the same manner as explained
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in section 3.4.4. This means a window of the same size as the positive example
images is moved iteratively through resized versions of the target image delivering
regions of interest. Additionally, the regions of interest from the target image are
normalized by correcting their lighting and equalizing their color histograms.

Figure 6.1: The face detection framework of [HARK98]. On the left, the multi-scale
search pyramid is shown. the middle portion shows the image processing steps while an
illustration of the ANN is depicted on the right. Figure taken from [HARK98].

Rowley, Baluja and Kanade also propose some post-processing steps to eliminate
incorrect detections or merge overlapping detections respectively.
Among numerous other possibilities to extend this basic approach is reducing its

computational complexity by using principal component analysis (PCA) which
means to determine the eigenvectors of the covariance matrix of all examples
which are then used to train the ANN. This process is similar to the efficiency
improvement for a large set of templates explained in the upcoming outlook
chapter.

Boosted cascades of Simple Features

Another approach to object detection which is based on a different method of
machine learning, was introduced by Paul Viola and Michael Jones in [PV01].
They utilize very simple rectangular features which are depicted in figure 6.2.
They are computed by summing up the pixel values inside the white rectangular
feature parts and subtracting the pixel values inside the grey rectangles. This
computation can be done rapidly for each position of an image using a sum image
as described in section 2.2.1.
After computing the features for a set of positive and negative training examples

(in [PV01] faces and non-faces), a variant of the AdaBoost learning algorithm is
applied. AdaBoost is an algorithm designed to enhance the performance of so-
called weak classifiers such as simple binary decision functions, during several
boosting iterations. The weak classifiers only have to be at least slightly better
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Figure 6.2: Examples for the rectangle features used in [PV01], relative to the enclosing
detection window. Figure taken from [PV01].

than chance.
After weighting each training example uniformly at startup, each of the weak

classifiers simply checks if the value of one single rectangular feature is above a
threshold value for one single region of the target image. During each boosting
iteration, the classifier with the lowest error rate is identified, and its error rate
is used to update the example’s weights whereas incorrectly classified examples
gain higher weights. That way, the classifier selection of the upcoming iteration
will depend on the previously incorrectly classified examples to a greater extent.
After a reasonable number of iterations, a strong classifier is formed using the
combined output of all selected classifiers.
As most target images will be negative examples when using the framework

in real life, Viola and Jones attempt to early dismiss negative input images in
order to reduce the computational effort. Therefore they use a cascade of strong
classifiers which were obtained as described above. Thereby, an input image has
to go through all classifiers of the cascade one after another, however, as soon
as one classifier classifies it negatively it is dismissed and not passed to the next
stage. The strong classifiers at the beginning of the cascade consist of fewer weak
classifier in order to keep the computational effort low for early stages which are
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reached by more input images than later stages. Figure 6.3 shows an illustration
of a cascade of classifiers.

Figure 6.3: Visualized cascade of classifiers. Figure taken from [PV01].

In [RLP02] an extended set of features is introduced which contains rotated
versions of the original features (by 45◦), and an empirical analysis of the perfor-
mance of different boosting algorithms is provided given the cascade framework
described above. The additional features are a significant enrichment of the orig-
inal set and can be computed very efficiently as well in a similar manner.
Using a cascade of classifiers which dismisses negative examples before they

reach the more complex classifiers achieves fast average detection times. The
accuracy of the detection results has to be traded-off against the tolerated number
of false positives however.

6.2 Alternative Descriptors

Besides self-similarity descriptors many other kinds of descriptors exist. This
section shortly presents two established alternatives: SIFT features and geometric
blur descriptors.

SIFT Features

Among the best-known descriptors are the features developed by David G. Lowe
for his scale invariant feature transform (SIFT) described in [Low04].
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Figure 6.4: On the left side, an illustration of pyramids of images and DOG images
is shown. Maxima are located relatively to the neighboring DOG images of the DOG
pyramid as visualized on the right side. Figures taken from [Low04].

These features are computed at locations of scale-space extrema, which are
detected by repeatedly smoothing the target image using a Gaussian filter to
obtain octaves of smoothed images. This is an alternate way of scaling down the
images as the smoothing factor of the final image of one octave is thereby 2 which
is equivalent to scaling down the original image by 0.5. So, a pyramid of octaves
of images is produced whereas the images correspond to different scales.
For each neighboring pair of images of this pyramid, the difference-of-Gaussian

(DOG) function is computed resulting in a second pyramid of images. Eventu-
ally, those extrema of the DOG images are determined which are also extrema
considering the next and the previous image of the DOG image pyramid. The
locations of these extrema are feature point candidates of the corresponding scale.
In a second step, the candidates are filtered further to rule out non-salient

locations. For that purpose, candidates at image locations of low contrast or
showing straight lines are eliminated. The remaining candidates are the SIFT
key points used for descriptor computation.
Next, a fixed consistent orientation is assigned to each key point based on the

gradient magnitudes and orientations of sample points within a small neighbor-
hood. That way, rotational invariance is obtained as the descriptors are computed
relatively to this orientation.
Finally, the descriptor is computed by determining the orientations and weighted

magnitudes of the gradients of all image points of the key points within a sur-
rounding region of 16×16 pixels. For each sub region of 4×4 pixels, an orientation
histogram is computed, resulting in sixteen histograms which constitute the final
descriptor.
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Figure 6.5: The gradient histograms constituting a SIFT descriptor are obtained from
the gradients of 4× 4-pixel neighborhoods (the actual descriptors consist of sixteen his-
tograms instead of four). Figure taken from [Low04].

The resulting descriptors are computed at very distinctive locations due to the
elaborate identification of key points, so corresponding key points of the same
object inside different images can be matched very well and also be used for
object recognition. Even occluded objects can be recognized using the descriptors
as only a few characteristic key points are needed to recognize an object. Besides,
the descriptors are invariant in terms of rotation and scale.

Geometric Blur

Geometric blur is used in the field of shape matching. It is applied in order to
get descriptors which model underlying shapes inside images introducing some
invariance towards slight geometric deformations. Instead of computing various
possible geometric deformations of shapes explicitly for matching, which is not
feasible of course, the shapes are blurred. Blurring shapes which only differ in
some geometric deformations is supposed to converge their pixel values.
Using an ordinary Gaussian filter for blurring however, introduces uncertainty

of pixel positions which is not desired for the center of the region to be matched
as these are the wanted corresponding positions. Thus, using geometric blur, the
amount of blurring of pixel positions of the template image region depends on
their distances from its center, so the blurring is spatially varying.
Based on this proceeding first introduced by Alexander C. Berg and Jitendra

Malik in [ACB01], a descriptor was devised by Alexander C. Berg in [Ber05].
As geometric blur works best on sparse images and is targeted to shapes, the

descriptors are computed from the oriented edge channels of an image. The center
pixels of the descriptors are thereby chosen from the edge pixels.
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Figure 6.6: Visualization of the computation of geometric blur descriptors. Figure taken
from [Ber05].

The geometric blur descriptors are computed by blurring the region surround-
ing the center pixel as described above and extracting pixel values of points at
different distances from the center and different angular orientations, compara-
ble to the log polar representation of the self-similarity descriptors. Computing
descriptors at the same position for each edge channel results in sub-descriptors
which are then concatenated to form the final geometric blur descriptor. Figure
6.6 visualizes the computation process.
As mentioned above, geometric blur descriptors are especially useful for match-

ing shapes which are different regarding geometric deformations.

6.3 Pose Estimation

In this thesis, pose estimation is reduced to fitting a known pose obtained man-
ually from annotated data to the detection result. Other approaches to human
pose estimation do not depend on any previous detection. This section presents
two such approaches.

Pairwise Constraints Between Body Parts

Xiaofeng Ren, Alexander C. Berg and Jitendra Mailk propose recovering poses
from pair wise constraints between body parts in [XR05]. In their approach, first



72 CHAPTER 6. RELATED WORK AND ALTERNATIVES

an edge detector is applied to the target image. The resulting contours are then
split into pieces recursively until each of these pieces is an approximately straight
line yielding a discrete graph of straight contours whose gaps are completed using
triangulation.
This graph is then searched for pairs of parallel line segments, as parallel lines are

considered candidates for body parts. To find appropriate candidates, constraints
are applied to line pairs such as orientation consistency, length consistency and
a reasonable distance between the lines’ centers.
After finding candidate pairs, further constraints are used to assign matching

body parts. Among others, their aspect ratio, scale consistency and orientation
consistency are checked. Furthermore, the connectivity of all parts has to be
plausible considering a human body, which is determined using the graph com-
puted beforehand. For example, the distance between two adjacent body parts
and the angle between them must be consistent to possible human poses which
were learned from manually labeled images. Figure 6.7 shows the main steps of
the framework.

Figure 6.7: The image (a) is scanned for edges (b) which are used to compute a graph of
lines(c). Checking parallelism of lines yields candidate line pairs (d) to which matching
body parts are assigned using constraints (e). Finally, the region represented by these
parts is segmented from the input image (f). Figure taken from [XR05].

Apparently this approach works well for sports images where the complete body
of the athlete is depicted. Swimmers however normally only expose their arms,
so the set of applicable constraints would be somewhat limited as the positions
of the remaining limbs would have to be estimated. Still, constraints on parallel
lines could be utilized to validate detection results as discussed in the upcoming
outlook.

Shape Contexts

Another approach to recognizing a human body configuration was proposed by
Greg Mori and Jitendra Malik in [MM06]. This approach is based on transforming
example query shapes into a shape found inside a target image and evaluating a
cost function for these transformations.
Thus, again the contours inside the target image are detected using an edge

filter. Afterwards, a fixed number of sample points is sampled from the edge
pixels which can be pixels from internal and external contours alike, as the edge
detector doesn’t distinguish between them of course.
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During the next step correspondences are determined by finding the best match-
ing point of the manually annotated query shape for each sampled edge pixel.
The matching is done using so-called generalized shape context descriptors which
are histograms of unit length tangent vectors of the surrounding edge pixels of a
sampled pixel. The histogram bins are arranged in log-polar layout in an equiv-
alent manner as described in section 3.2.2. Finding corresponding points is then
interpreted as an assignment problem for a bipartite graph which is constructed
between the points of the query shape and the sampled points by evaluating
its edge weights which are the matching costs of the sample points. Figure 6.8
illustrates this step.

Figure 6.8: The bottom row shows the example set of points which is deformed itera-
tively in (b) and (c). In the upper row, the target set of sampled edge pixels is depicted
together with the bipartite graph between the sampled pixels and the example points in
(b) and (c) obtained by shape context matching. Figure taken from [MM06].

All points of the query shape are divided into nine groups representing segments
of the human body: the upper arms, the forearms, the thighs, the lower legs
and the torso as depicted in figure 6.9. The connected segments constitute a
kinematic chain. The sample points are then deformed according to the kinematic
chain considering the segment they belong to, which means torso points may
be translated while limb points are translated accordingly and may be rotated
in-plane around the joints (the connecting points of adjacent limb segments).
The goal of the deformation process is to minimize the matching costs of the
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correspondence analysis described in the previous step so a few iterations of
shape context matching and deformation are carried out.

Figure 6.9: The nine body segments (a) all sampled pixels are assigned to (b), where each
symbol represents one segment. A deformed version of (b) according to the kinematic
chain is shown in (c). Figure taken from [MM06].

By repeating these steps for various manually annotated examples with known
configurations, the best matching configuration is determined. Filtering out un-
promising candidate examples using an efficient pruning algorithm allows using
a large set of example configurations.
After finding the best matching example body configuration and estimating the

position of the fourteen key points depicted in figure 4.1, the depth-coordinate is
estimated using Taylor’s method which is explained in detail in section 4.3.
Like the approach presented in the previous section, this method requires a set

of manually annotated bodies which are completely visible.



Chapter 7

Outlook and Summary

This chapter introduces some possible enhancements of the procedures described
in this thesis and used for the experiments in chapter 5. A summary of this thesis
is given in the second section of this chapter.

7.1 Possible Enhancements

This section describes some possibilities to improve the results of the approaches
presented in this thesis and to adjust them to other tasks.

7.1.1 Incorporating Spatial Deviation of Descriptors

Obviously, probability maps as explained in section 3.4.3 allow some dislocations
of the descriptors as each template descriptor is matched to each target descriptor
and the actual relative position of the descriptor in the template is not considered.
The matching process of section 3.4.2 in contrast, requires the descriptors to
match at the same relative positions which is a somewhat demanding constraint.
For some tasks it might be advantageous to allow some deviation of the rela-

tive position of the descriptors when matching them according to section 3.4.2.
This can be achieved by expanding the computation of the matching probability
P (DVx,y,t |DT ) (equation 3.21) by a spatial deviation component P (liVx,y,t |l

i
T ) mod-

eling the difference between the template descriptor’s position liT in the template
image and the target descriptor’s relative position liVx,y,t which is

liVx,y,t =
(
xdi − x
ydi − y

)
(7.1)

where (xdi , ydi) is the absolute position of the target descriptor. The Gaussian
spatial deviation probability can then be computed in the following way:
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P (liVx,y,t |l
i
T ) = det(2πΣi)−

1
2 exp

(
−1

2(liVx,y,t − li)TΣl−1(liVx,y,t − li)
)

(7.2)

with a constant diagonal 2× 2-matrix Σl−1.
The overall matching probability is then computed by incorporating P (liVx,y,t |l

i
T )

at equation 3.21:

P (DVx,y,t , DT ) =
∏
i,j

P (diVx,y,t |d
j
T )P (liVx,y,t |l

j
T ) (7.3)

Equation 7.3 requires matching each template descriptor to each target descrip-
tor though as is indicated by the indices i and j. This can be extensive for large
templates, however, the matching procedure can be carried out in a more sophis-
ticated manner by using a viterbi algorithm on a graph structure for the template
descriptors which exceeds the subject of this thesis. An example of an inference
algorithm like this can be found in [OB05].

7.1.2 Descriptor Filtering

As mentioned in section 3.5, some descriptors are not as useful as others for
the detection of a swimmer, especially when he is performing backstroke as the
backstroke templates always show a considerable area of water (see figure 5.1).
Besides, the large number of high matching likelihoods of different poses which
were determined during the experiment described in section 5.1.4 might also
partially be caused by similar background descriptors.
Filtering out descriptors modeling the background in general might cause a loss

of information about the appearance of the template. As long as the background
descriptors are not very salient and can therefore be matched to most other
background descriptors, which is the case for descriptors consisting of a single
frame, they carry the information that the area they are modeling is not very
significant which is something all pictures of swimmers in the same pose have in
common as their background descriptors are at corresponding locations.
To overcome this problem, one could rule out descriptors in the background

which appear to be overly salient only.However, this would still mean to in-
corporate more prior knowledge by manually marking descriptor locations as
”background” or ”foreground” respectively or using the results of a segmentation
process like the one described in chapter 2.1 to do so, which might need to be
improved or supervised as well since the segmentation is quite coarse as the re-
sults of the template segmentations on top of figure 2.3 show. Additionally, it is
not obvious whether a single descriptor is overly salient and therefore having a
bad impact on detection.
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For the butterfly and freestyle swimming style there are not many pure back-
ground descriptors anyway as the descriptors are computed with a certain radius
and therefore include parts of the swimmer in most cases.
Another way of filtering descriptors is to introduce other measurements of infor-

mativeness. For example if descriptors consist of very low values only, they model
an area of the image with a very small degree of self-similarity and can therefore
be considered salient as well. The problem of salient descriptors especially when
located in the background, is discussed in section 3.5.

Figure 7.1: A descriptor modeling a salient image region with almost no self-similarity
and a descriptor computed from an homogenous image region showing almost only rela-
tively high self-similarity values.

On the other hand, a particularly high degree of self-similarity indicates that a
descriptor models a homogeneous area of the image. For most detection tasks, de-
scriptors like this do not carry any relevant information of course. Therefore, the
sparseness of a descriptor is an indicator of non-informativeness as well. However,
filtering out descriptors like this might rule out some useful descriptors which is a
major disadvantage when small templates are used which deliver few descriptors
anyway like the ones used for this thesis.
Figure 7.1 shows examples of a descriptor capturing almost no self-similarity at

all and a descriptor which models a homogenous region. As the former has to be
filtered before normalizing the self-similarity values to the interval [0, 1] to enable
applying a threshold to all bin values, the respective depicted descriptor is not
normalized. The descriptor on the right is normalized, hence the black bin.

7.1.3 Using a Larger Set of Templates

As stated above, for the experiments described in section 5.1, three templates were
used for each swimming style as the number of available examples was somewhat
limited and a fixed camera configuration was assumed. For some detection tasks,
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the target’s appearance is expected to vary to some extent which means that
a larger number of templates may be required to cover these variations. Given
a sufficient number of example videos, one can collect a larger set of templates
which allows the computation of more general template descriptors.
Besides, if a statistically significant number of templates is available (at least
n+ 1 for n-dimensional descriptors), the covariance matrix in equation 3.15 can
actually be computed instead of using constant variance values. This covariance
matrix can then be used for matching as stated in equation 3.25. Unfortunately,
this computation includes the inversion of the covariance matrix which is com-
putationally extensive for high dimensional matrices like this.
In [MP97] however, a procedure is suggested to facilitate the crucial part of the

equation. As stated above, this crucial part is the portion including the inverse
covariance matrix, namely the Mahalanobis distance (from here, the descriptor
index i is omitted and vVx,y,t is written as v for readability):

(v− v)TΣ−1(v− v) (7.4)

Let Φ be the matrix of eigenvectors of the covariance matrix Σ and Λ be a
matrix containing the corresponding eigenvalues on its diagonal, which means
that Λ = ΦTΣΦ. Then the inverse of Σ can be computed as follows:

Σ−1 = ΦΛ−1ΦT (7.5)

The inverse is diagonalized since it is replaced by the product of the eigenvectors
and the inverted diagonal matrix of eigenvalues of the original covariance matrix.
The inversion of a diagonal matrix is much less complex than the inversion of a
dense matrix like Σ.
Applying equation 7.5 to equation 7.4 yields

(v− v)TΣ−1(v− v) = (v− v)TΦΛ−1ΦT (v− v) (7.6)

Carrying out the multiplication results in a sum term:

(v− v)TΦΛ−1ΦT (v− v) =
N∑
i=1

(ΦT (v− v))2
i

λi
(7.7)

where λi = Λi,i is the ith eigenvalue of the covariance matrix and N is the
number of eigenvalues. The index i in the denominator indicates the number of
the eigenvector corresponding to λi.
Computing this sum is already more feasible than inverting the covariance ma-

trix. However, the complexity can be reduced further. First, the sum can be
separated into two sums:
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N∑
i=1

(ΦT (v− v))2
i

λi
=

M∑
i=1

(ΦT (v− v))2
i

λi
+

N∑
i=M+1

(ΦT (v− v))2
i

λi
(7.8)

The first sum computes the Mahalanobis distance for the first M principal
components of the covariance matrix. The second sum considers the remaining
dimensions which have low eigenvalues. There is a way to estimate this second
sum efficiently which is described in [MP97]. However, for most detection tasks,
this second part can be simply discarded. Of course, the normalization factor of
the Gaussian equation has to be adjusted, so the result of equation 3.17 can be
estimated in the following way:

P (d|dT ) ≈ 1

(2π)M2 ∏M
i=1 λ

1
2
i

exp
(
−1

2

M∑
i=1

(ΦT (v− v))2
i

λi

)
(7.9)

Thus, a large set of templates can be used for matching without making the
computation of the template descriptors too expensive, as the inverse of the
covariance matrix has not to be computed explicitly since the computation of the
matching probability does not require Σ−1.

7.1.4 Pose Estimation

The pose estimation described in section 4.2 presumes that the exact position of
the swimmer is determined and that the best detection result corresponds to the
template pose. The template pose is then simply assigned to the target frame at
the position of the detection result. The major drawback of this proceeding is
obvious: it only works if the detector provides very accurate results which might
not be the case if the templates and the target video are somewhat different.
To tackle this problem, an intermediate stage could be added to the framework

after detection and before pose estimation. For example one could determine the
quality of a detection result by comparing it to the second best detection result
presuming a minimum difference in order to prefer clear matching results over
uncertain ones.
However, one remaining problem is the fact that the poses of the swimmer inside

two adjacent video frames are supposedly very similar and therefore might yield
similar detection probabilities which always introduces uncertainty. This is also
confirmed by the results of the pose matching experiments described in section
5.1.4 where the charts often show high likelihoods for frame around the correct
target frame.
Another possibility to refine pose estimation results is to attempt to find the

swimmer’s arm inside the detection results using edge detection as it was done in
[XR05], which is presented in section 6.3. After finding the contours inside the
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detection result, one can apply various constraints to determine the swimmer’s
pose and its resemblance to the pose of the template. For example, parallel
contours can be considered an arm and its angular orientation can be compared
to the orientation of the swimmer’s arm in the template. That way, the position
of the joints can be determined more accurately and the similarity of the pose of
the detected swimmer to the pose of the template can be evaluated.

7.2 Summary

This thesis deals with the problem of automatic pose initialization of swimmers
in videos. Initializing the pose of a swimmer means finding the location of the
swimmer inside one frame of the video where he takes a certain pose, and esti-
mating the position of the swimmers body parts. An approach based on three
stages was proposed.
The first stage filters each frame of the given video in order to reduce the area to

be searched by the subsequent detection. For this purpose, the frame is scanned
for regions which feature a reasonable number of pixels featuring skin-like colors.
This is done using the HSV color space as it conveniently expresses the color tone
by one single value only (as opposed to the three values of RGB for example).
To speed up scanning the picture for relevant regions, a sum image is employed
reducing the computational cost of the summation of appropriate pixels.
The following stage is the main stage of the approach presented in this thesis.

The swimmer is detected inside the frame’s relevant regions using self-similarity
descriptors. A self-similarity descriptor is obtained by computing the similarity
of a small image patch to patches around each pixel position of a surrounding
region of fixed size. These similarity values constitute a matrix named correlation
surface (or correlation volume if computed throughout several adjacent frames)
which is then transformed into log-polar representation. This transformation is
carried out quantizing the matrix values to circularly and angularly arranged
bins.
To detect a swimmer, template descriptors are computed and then matched

to descriptors in the target video frames. So first, template images of swimmers
taking on a typical pose of the given swimming style are collected. Afterwards, at
each pixel location (or at locations of a certain distance) self-similarity descriptors
are computed. The mean descriptors over all template images constitute the final
template descriptors.
The template descriptors are subsequently matched to descriptors from regions

of the same size as the template inside each target frame. The latter descrip-
tors are computed at locations relative to the locations of the descriptors inside
the template images and a Gaussian matching probability is computed for each
corresponding pair of descriptors. An overall probability is computed for each
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location inside the target frame and the location with the highest resulting prob-
ability throughout all frames is considered the location of the swimmer taking on
the pose of the template swimmers.
To gain scale invariance for the matching process, the frames are searched at

different sizes which is called multi-scale search.
The third and final stage assigns a pose to the detected swimmer who takes the

same pose as the template swimmers assuming a correct detection. The estimated
positions of the swimmers main joints for this pose are obtained by computing
their average positions from annotated swimming videos. Assuming scaled ortho-
graphic projection of the detected swimmer and using previous knowledge about
his pose, a three-dimensional position of the swimmer’s joints can be estimated.
Experiments showed that the approach presented in this thesis can be used to

detect swimmers if template images are available which were shot using a suffi-
ciently similar camera configuration and presuming fairly similar environmental
conditions, especially similar lighting as the surface of water is highly reflective.
If these conditions are met, the detector delivers satisfying results, however differ-
ent poses of swimmers are not distinguished sufficiently clearly (preferably even
the right arm and the left arm should not be confused) which may lead to false
detections when applied to harder tasks. As the previous section suggests, there
are numerous starting points for possible improvements of the different stages of
the presented approach to be explored in future work.
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Appendix A

Test Program

To conduct the experiments described in chapter 5, the approaches described in
chapters 2 to 4 were implemented in C++ using Intel’s Open Computer Vision
Library (OpenCV). The test program was created by the MSVC 9.0 compiler. It
is a mere testing program for experimental purposes meeting the requirements to
carry out the trials and creating the figures and statistics featured by this thesis.
The program therefore does not claim to have been implemented as efficiently or
maintainably as possible.

Running a Test

To run the test program, the folder test should be copied from the attached
DVD to a hard drive first where writing access is granted in order to save the
result images (otherwise, the results will only be displayed but not be saved as
images).
A batch file named self-sim.bat can be found in the test directory start-

ing the program passing several parameters. It can be run as is and performs
all three stages (preprocessing, detection and pose estimation) on a backstroke
video featuring a partial swimming cycle. The batch files self-sim-back.bat,
self-sim-free.bat and self-sim-butter.bat perform preprocessing and de-
tetction only on one complete cycle of the respective swimming style (back-
stroke, freestyle, butterfly). The program will save the results to the directory
test/result (overwriting its content) by default if possible.

Program Flow

At startup, the program needs some user input to select the pool area of the
swimming video or to assign some parameters if the preprocessing step or the
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pose estimation are activated (see the final section of this appendix on how to
disable or enable preprocessing and pose estimation).
The user will be shown the first frame of the target video where he must select

the pool area by dragging a rectangle around it using the mouse. Clicking the left
mouse button determines the first corner of the pool while releasing the button
sets the opposite corner.
In case the hue filtering has been activated (by not passing -1 to one of the hue

value variables), hue filtered versions of the templates will be displayed. This
window can be closed by pressing Esc. However, the user can first adjust the hue
values manually if the values defined in the batch file produce bad results. So if
the hue filtered templates do not feature the swimmers’ arms as white areas or
show too much white pixels belonging to the background, the user may correct
this by adjusting the lower hue value bound by pressing a or s and the upper
bound by pressing + or - respectively.
If a directory contaning annotated data is passed in the batch file, the user

will be asked to specify some points inside the template images next. For this
purpose, a mean image of all templates is shown where the user must sucessively
click on the wirst, the elbow, the shoulder and the neck of the swimmer. After
each click, the window is refreshed and the selected position is shown by a red
or white dot. After all four points were selected, the user must press any key
to proceed. Afterwards, the annotated data will be read and the resulting mean
joint positions will be displayed in a new window which has to be closed by
pressing any key.
The program will then determine the frame and locations with the highest like-

lihoods of containing a swimmer resembling the given templates. The results will
be saved as images to the results directory. If pose estimation was not enabled,
the results will only contain bounding boxes. Otherwise, the swimmer’s esti-
mated joint and limb positions will be drawn to the result images. An estimation
of three-dimensional joint-coordinates will also be saved to the result directory
which can be used for visualizing these coordinates as described below.

Visualization of Three-Dimensional Coordinates

After running the program including pose estimation, the estimated three-dimensional
coordinates of the swimmer’s joints can be visualized using the batch file 3D test.bat.
This batch file executes Java code, so Java has to be installed on the machine
running the program. The visualization program uses files created after de-
tection so the results directory of a successful detection (the RESULTS DIR of
the self-sim.bat file) has to be set inside the batch file if it is different from
test/result. The directory must contain the files joint.txt, image.txt and
imres.jpg.
A window will be opened showing the three-dimensional joint positions and the
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frame they were detected in. The view point can be changed using the keys 4 to
9 on the numeric pad.

Batch File and Configuration

To use different videos, templates or configurations, parameters can be changed
by simply editing one of the batch files or creating a new one according to listing
A.1 which shows the required content.

1 @echo off
2 cls
3

4 rem template index file
5 set TEMPLATE_INDEX = templates-back .idx
6

7 rem target video
8 set TARGET_VID =" videos/one_cycle_backstroke .avi"
9

10 rem start frame and video length
11 set VID_START =20
12 set VID_LENGTH =20
13

14 rem hue values of skin color (-1 to disable hue-filtering )
15 set HUE_LOW =20
16 set HUE_HIGH =190
17

18 rem self-similarity configuration
19 set SELF_SIM_CONFIG = self_sim .cfg
20

21 rem results directory
22 set RESULTS_DIR =" results/ "
23

24 rem number of results
25 set N_BEST =10
26

27 rem directory containing annotated data (. marker and .vec),
28 rem set to 0 to skip pose estimation
29 set DATA_DIR =" annotations/ "
30

31 rem 1: flip annotated data , 0: don ’t flip
32 set FLIP =1
33

34 bin“ master .exe %TEMPLATE_INDEX% %TARGET_VID% %VID_START%
%VID_LENGTH% %HUE_LOW% %HUE_HIGH% %SELF_SIM_CONFIG%
%RESULTS_DIR% %N_BEST% %DATA_DIR% %FLIP%



90 APPENDIX A. TEST PROGRAM

Listing A.1: Batch file for starting the program

The different variables are used for setting the parameters as follows:

• TEMPLATE INDEX - Path to the template index file (see listing A.2).

• TARGET VID - Path to the video to be searched for the swimmer.

• VID START, VID LENGTH - The frame where the search begins and the num-
ber of frames to be searched.

• HUE LOW, HUE HIGH - The borders of the interval of hue values for skin colors;
may be adjusted manually after starting the program. If -1 is assigned to
one of these variables, the preprocessing will be skipped and each frame
will be searched completely.

• SELF SIM CONFIG - Path to the configuration file containing the self-similarity
parameters (see listing A.3).

• RESULTS DIR - Directory to save result images. It must exist.

• N BEST - Number of result images saved. The results will be saved to
RESULTS DIR and named 00.jpg to <N BEST-1>.jpg whereas 00.jpg is the
best hit.

• DATA DIR - The path to the annotated data. Annotated data for backstroke
swimmers is included in the DVD directory test/annotations. If "" is
passed here, no pose estimation will be carried out and the results will only
contain bounding boxes around the detected locations.

• FLIP - In order to assign a pose after detection, the program must know
whether the annotated data showed swimmers swimming in the same direc-
tion as the swimmers of the target video. If so, 0 has to be assigned here,
otherwise 1 has to be assigned to flip the annotated joint positions.

Listing A.2 shows an example of a template index file. It can also be found in
the test/bin directory.

1 # template index file
2 # number of templates
3 3
4 # number of images per template
5 1
6 # image(s) for template 0:
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7 templates / templates_backstroke /1. jpg
8 # image(s) for template 1:
9 templates / templates_backstroke /2. jpg

10 # image(s) for template 2:
11 templates / templates_backstroke /3. jpg

Listing A.2: Template index file

All lines starting with # are considered comments and therefore ignored by the
program. The lower portion of the file has to conatin the paths to the template
images to be used. Each template can consist of one or more images (representing
the temporal dimension of the template). It is recommended to use only one
image per template. Above the paths, the number of templates and the number
of images per template has to be specified.
Finally, a configuration file is needed to tell the program the values of the self-

similarity parameters. The example file included in the test/bin directory is
self sim.cfg whose content is shown at listing A.3.

1 # ################ DESCRIPTORS ###################
2 #patch " radius "
3 2
4 # number of angular bins
5 20
6 # number of radial segments
7 4
8 #inner radius of descriptors
9 2

10 #outer radius of descriptors and " radius " of region around
center patch

11 10
12 # radius of neighborhood for var_auto
13 1
14 #step width in x- direction
15 5
16 #step width in y- direction
17 5
18 # ################ MULTI -SCALE SEARCH ###################
19 # maximum size of frames
20 1.0
21 # minimum size of frames
22 1.0
23 #step between sizes (may not be less than or equal 0)
24 1
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Listing A.3: Self-similarity configuration file

Again, lines starting with # are ignored while the numbers from top to bottom
define the values of the following parameters:

• The ”radius” of the center patch and the other patches used to compute
the correlation surfaces. The patches are squared, therefore the patch side
length will be radius× 2 + 1

• The number of angular segments of the log-polar representation.

• The number of radial segments of the log-polar representation.

• The radius of the inner radial segment of the log-polar descriptors deter-
mining the minimum distance of correlation values from the center of the
correlation surface.

• Radius of the neighborhood of patches used to compute the scaling factor
for correlation values.

• The step sizes in x- and y-direction between locations where self-similarity
descriptors are computed.

• Multi-scale search parameters: The maximum and minimum size of the
frames as a decimal number and the factor by which the frame is scaled
down each iteration.

A detailed explanation of these parameters can be found at chapter 3.
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DVD Content

The DVD attached to this thesis contains the following directories:

• source - The C++ source code files of the test program and the complete
Visual Studio 2008 project inside the subfolder vsproject.

• test - Test programs as batch files and the following subdirectories:

– annotations - Annotated joint positions of backstroke swimmers in
.vec and .marker files. The former contain the pure data while the
latter are XML-files contaning additional information.

– videos - Videos featuring complete cycles of the three swimming styles
backstroke, freestyle and butterfly and half a cycle of a backstroke
swimmer who is slightly larger than the template swimmers.

– results - Empty directory for result images.

– templates - Template images for three swimming styles.

– bin - Compiled exe and dll files (MSVC 9.0 was used).

• data - Various data used for experiments:

– cycles - Images of complete backstroke swimming cycles and the same
cycles after normalizing them to thirty or six frames respectively.

– templates - More templates and some template images from adjacent
frames.

– video - The main video which most of the data used for the experi-
ments was taken from.

– results - Some sample results.
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• thesis - This document as a LED LATEXproject inside the subdirectory
ledproject and as PDF document.
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