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Summary

The purpose of this study is to detect all swimmers inside the pool by a moving
camera video race. The camera is free to move in any direction and rotation.
Swimmer tracking and estimation of its position will follow by applying detection
algorithms.

The problem of swimmer detection is the same as distinguishing foreground
and background. Refer to the video race, all background objects will move in the
swimmers’ opposite direction. Regarding this view, the optical dense flow method
has been used to form a mask of swimmers and background items. In some frames,
swimmer detection fails when the relative speed between the camera and swimmer is
zero. To deal with this problem, Lucas- Kanade method is used to follow important
Shi-Tomasi feature points linked to the swimmers. By approaching the watershed
method, swimmers will be followed in almost all video frames.

By having the position of swimmers at each video frame, a transformation has
been carried out to show their explicit positions. This transformation has been
implemented in two steps; first, a panorama view of the pool has been used to
determine the 3D geometry transformation from video frames to panorama view.
The panorama view has been constructed from the video file using RANSAC
algorithm applied to features between different frames. Then, the transformation
from the panorama view to the top view of the pool has been computed using
fixed features of the pool. The Kalman filtering approach is used to eliminate noise
and extend the truthfulness of the results. Implementation of all concepts has
been done in Python, with a combination of computer vision and machine learning
libraries.
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Chapter 1

Introduction

In the �eld of computer vision, human pose estimation is a long running activity.
A broad research group exists that continuously seeks to create stronger and more
e�ective techniques. The calculation of the position of an athlete in video recordings
allows athletic skill evaluation to be automated, motion kinematics and dynamics to
be projected in sports videos and technology-assisted, and direct training guidance
to be available. Despite impressive improvement in the estimation of the human
position aided by deep learning, the e�ciency of such systems decreases when noise
and errors increase with the scene's complexity. Almost all athletes' achievements
(both preparation and competitive) are documented using video at the highest level
of competitive sport.

The most signi�cant sensory organ in human beings is the visual system. Any of
the external data that human beings receive comes through vision. Through human
beings' constant discovery of the outside world people often expect to realize the
role of human experience through any arti�cial computer and learn the outside
world's knowledge automatically. The signi�cant area of Computer Vision is the
monitoring of the moving object in the video stream. Intelligent communication
control, medicine, military, and defense are several signi�cant research subjects
that have been commonly used in electronic surveillance systems. In recent years,
at home and abroad many researchers have done a lot of research in objective
tracking area, and many of them have been raised various tracking methods to
address the shortcomings in the current schemes.

The motions carried out by athletes to be used in kinematic research are analyzed
by sports bio-mechanics. Motion analysis in swimming is especially useful for en-
hancing athletic gestures, reducing water pressure, and reducing time. Traditionally,
in motion analysis, video sequences are paired with gyroscopes and accelerometers.
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Introduction

However because they require electronic interfaces and use intrusive elements for
swimmers, these approaches have portability-related limitations. Furthermore most
state-of-the-art motion analysis methods are not based on water sports, or rely
on swimmers executing motions out of the water. In addition, the waves and
turbulence generated by swimmers have not been handled by standard algorithms,
and the predominance of blue and green hues makes the problem more complicated.

For the past few decades, owing to the unobtrusive quality of video, a lofty
aim of vision researchers has been to deploy fully automatic devices that have
the intelligence to comprehend and interpret human actions. However, robust
solutions to these challenges remains unclear due to the complexity and amount of
variables at play in these unconstrained conditions. By comparison, vision-based
systems have also been developed and commonly applied in restricted settings
where the number of variables, such as athletics, are limited. Since awkward or
disruptive sensor instruments are used in the aforementioned systems, systems
based on video cameras tend to be bene�cial. One of the key bene�ts of using
surveillance cameras is that lifeguards have access to the video details involved
with a potential drowning in order to examine the state of the swimmer instantly.
This is especially important for this question, as lifeguards are supposed to make a
stronger decision about whether a drowning event has happened than the existing
state-of-the-art automated systems.

In professional swimming, for human performance measurement, certain swim-
ming channels may be used. They consist of a pool that �ows in a set direction,
with an adjustable arti�cial water current. In competitive swimming, it can be very
helpful to be able to measure and evaluate the movements of a swimmer during
training to detect �aws and to assess improvement. In swimming, stroke rate and
timing are critical performance metrics and are manually digitized by a person
beforehand. This is troublesome, since it can be expensive and time intensive to
annotate vast quantities of footage. Furthermore, since the position of the swimmer
at each frame is di�cult to reliably determine, measurements such as stroke rate
are normally aggregated over an entire swimming lap. Vision-based approaches
that can monitor the swimmer automatically, objectively and accurately and their
position can theoretically overcome these problems and allow a swimmer to be
evaluated on a wide scale over several images. However because of �uctuations in
the scene due to splashes, re�ections and because swimmers are often underwater
at multiple points in a race, the water setting is daunting.

A key step in automated swimmer assessment from video sequences is robust
monitoring. Since the swimmers in the pool also in�uence the context, it is
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important to �nd the best way to distinguish players prior to monitoring in pre-
processing. It has not been extensively studied to identify individuals in water sports,
as well as to detect and tag individuals and objects in the pool. For this purpose,
as a context for players in image pre-processing, there is no optimal approach.
The best segmentation strategy must be sought for monitoring participants in
water team sports. In order to select the right method, it is important to evaluate
and compare alternative proven methods with the suggested method. Background
initialization and player identi�cation are achieved in the pre-processing stage.
This is one of the important processes for speeding up the monitoring mechanism
when static cameras are used.

Sha and Long de�ned a multi-camera device built both above and below the
surface of a pool to catch and monitor swimmers. They correctly adjusted the
cameras to be able to assess the swimmer's location. Practical methods are proposed
for intrinsic and extrinsic calibration of two sets of cameras, optically separated
by the surface of the water, and for stitching panoramas that enable the swimmer
to take synthetic panning images [1]. Haner and Sebastian temporarily divided
races into independent and sequential states and suggests a multimodal solution
using individual detectors tuned to each state of the race. Despite a wide set of
limitations, their approach allows the swimmer to be located and tracked seamlessly
in each frame [2]. Reyes and Carlos introduced an algorithm that in combination
with compression sensing principles, processes underwater video sequences for
swimmers' detection and monitoring using light absorption. Using two video
sequences with separate elements, they checked the proposed algorithm [3]. Using
a multi-related-target approach, Benarab and Djamel established a comprehensive
swimmer monitoring method. they �rst implement the two-dimensional direct
linear transformation technique that used to calibrate the images. Then, focused on
dynamic fusion, they propose the classical tracking approach. Last, they illustrate
the key contribution of our work, which is the monitoring approach to multi-
related targets [4]. Benarab and Djamel implemented an all-automatic, streamlined
swimmer monitoring system based on JTC. Using the DLT algorithm (Direct
Linear Transformation), they calibrated the swimming pool. Then, When the
swimming pool is calibrated, the lanes are eliminated. In order to locate the
swimmer globally in this lane, they apply a motion recognition approach. The
optimized Scaled Composite JTC, which consists of constructing an adapted input
plane that includes the projected area and the reference image of the head, is then
added [5].

Coletta and francescamaria concentrated speci�cally on high-performance swim-
ming workouts, during which the background is incredibly complex and water
activity in the pool is random. They began with the system developed for face
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detection. The recognition is rendered by a cascading classi�er in which each
step uses a boosting technique for fast selection of features, previously developed
with a training phase. Inside the entire recording, the classi�er searches for frame
pieces whose features are close to those of the swimmer and names them until
they are identi�ed. As for the monitoring, a correctly calibrated Kalman �lter
was used [6]. With CamShift, Hayat and Muhammad Aftab suggested a simple
and autonomous swimmer monitoring algorithm based on the Kalman �lter. To
segment the whole area of the moving swimmer, they use the Canny edge detection
and inter-frame discrepancy approach and then use the extracted target region
to initialize the CamShift algorithm. The updated search window supports the
swimmer's automatic monitoring. An improved algorithm integrates the Kalman
�lter with the CamShift algorithm to reliably monitor the target where there is
similar color disturbance in the background, or the swimmer is seriously impeded
[7]. Ple²tina and Vladimir recommend a system for feature identi�cation based on
pixel classi�cation. They evaluate traditional color models for various classes of
problems related to the identi�cation of objects in water and suggest YCbCr as the
best color model to explain object individuality. They detach the luminance from
the color model of YCbCr and examine the relationship between the components
of Cb and Cr for various target object groups [8]. Zecha and Dan concentrated
on aquatic training scenarios where many forms of orthogonal errors, including
joint swaps and prediction outliers, are generated even by novel pose estimators.
They suggested a graph partitioning problem that ties pose projections over time
to enhance the calculation of an athlete's position in swimming and speci�cally
allows joints to swap marks if their position matches the trajectory of each other
better. Using integer linear programming, which partitions the graph into the most
probable joint trajectories, they optimized the issue [9].

Tsumita and Takayuki suggest a modern way of determining the location of the
swimmer in the swimming pool footage. The video of swimming games in the
audience seat area is taken from a higher seat row. They converted the footage of
the swimming pool so that each lane could be evaluated along with the direction
of the lane. By adaptive history simulation and setting the mask region to deal
with the e�ect of the non-planner water surface, they extracted the foreground
region that contains both the swimmer and their water splash. Then, based on
the color examination of the water splash, the swimmer area has been successfully
removed. Then, they measured the location as the center of the swimmer region's
Gaussian distribution [10]. After research on popular moving object detection
techniques, Wang and Jian introduce the method of moving object detection from
video sequences based on temporal-spatial knowledge fusion. This approach blends
single-frame spatial domain features with multi-frame time domain features and
by spatial recognition, acquires moving reference positions in video sequences [11].
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Ple²tina and Vladimir propose new approaches for segmentation of swimming pools.
The YCbCr colour space extract approach is presented and Cb and Cr components
are evaluated for context extraction. This paper discusses two approaches for
segmentation of the context [12]. Einfalt and Moritz considered swimming channels
with a single �xed camera above and below the surface of the water. They used
the de�nition of CNNs to infer automatically the details needed for the position.
They developed extensions to exploit operation knowledge and the continuous
existence of the video recordings, beginning with an o�-the-shelf architecture [13].
At the earliest possible point, Lu and Wenmiao proposed a vision-based approach to
identifying drowning accidents in swimming pools. The suggested solution consists
of two key components: a vision component that, considering broad scene di�erences
of tracked pool environments, can accurately identify and track swimmers, and
an event-inference module that analyzes swimmer feature observation sequences
for potential drowning behavioral signals [14]. Chan and Kwok Leung proposed a
method of swimmer identi�cation that incorporates information estimated from
the picture series of both local motion and strength. Local motion data is obtained
by dense optical �ow and periodogram calculation. To create a motion map that
characterizes the local movements of image pixels over a short time, they followed
a heuristic approach. Finally, swimmers in each video frame are observed using
the motion map and the Gaussian models [15].

In this work, the desire target is the position estimate calculation of each swimmer
within the competition. As an example, a single active camera recorded race would
be used for this. In this case, an approach that takes into account the nonlinear
behavior of the camera needs to be implemented. Swimmer monitoring will be
studied in chapter 2. It is important to �rst locate them inside the pool area
in order to monitor the swimmers. It is di�cult to use a pre-trained algorithm
since the motion is mixed with water noise, and the algorithm should operate
e�ectively and online. It consists of two stages, �rst separating background and
foreground, then using technique to use past data for better swimmer tracking. A
recursive technique can be used after �nding the swimmers to follow the swimmers
and to locate the body of the swimmers. The transformation of geometry will
be discussed in chapter 3. A panorama view will �rst be generated based on the
available video race, then the top view will be corrected based on the pool's �xed
features. Knowing the transition of geometry from each frame to the panorama
after recti�cation of top view would follow in the place of swimmers in real world
coordination. Finally, the mathematical procedure at the available location can
be used in chapter 4 to smooth the swimmer position track, and converting the
position back to the view of the camera.

5



Chapter 2

Swimmer Tracking

Tracking Object is essential step for image and video processing research area
and in computer vision technology, and gains lots of interest for active research
in applications such as Sport, vehicle navigation, video compression etc. The
performance of any object tracking system depends on its accuracy and its ability
to deal with various sizes of objects, for better results the tracking should happen
at a high speed. Object tracking can be de�ned as the process of segmenting
the region of interest from the video sequence and keeping track of the motion in
order to extract useful information. Di�erent techniques are developed for object
tracking purpose but that su�ers from degradation in performance due to occlusions,
complex shapes, and illuminations.

Swimmer tracking in swimming pools is a challenging vision task due to its
varying complex background. Most moving object detection methods are developed
for static or partial static backgrounds, and thus cannot be applied in swimmer
detection problems. In other side, moving object detection under a moving camera
has a very challenging task as the movements of the moving objects and motion
caused by the camera are merged in the image sequence. To adapt for camera
motion, it is necessary to estimate the relation between consecutive frames in
background subtraction. Foreground regions can be easily detected by background
subtraction; however, the foreground regions have some noise and do not contain a
regional di�usion of depth values. Therefore, simple background subtraction using
the relation between consecutive frames results in many false detection.

Here, this problem will be dealt with establishing the matching features across the
image frames, and by inferring optical �ows. However, both matching features and
calculating optical �ows are ill-posed problems in computer vision. The dense optical
�ow will be used to distinguish between the foreground and background. Later,
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employing these two masks, the initial swimmer detection will be implemented
following by a customized feature tracking algorithm. The combination of these
two methods gives a desirable result in swimmer tracking.

2.1 Detection

Real-time motion object detection is the research focus in the domain of machine
vision, intelligent monitoring and control system and video tracking [16]. Mov-
ing target detection will change the image from a sequence of images from the
background region extracted. The e�ective segmentation of motion region is very
important for target classi�cation, tracking, and behavior understanding. The pro-
cess only after consideration is the image pixel corresponding to the movement area.
However, due to the complex background monitoring environment makes motion
detection become a very di�cult job. Currently, methods used in moving object
detection are mainly the frame subtraction method, the background subtraction
method, and the optical �ow method [17].

Frame subtraction method [18], also known as the time di�erence method, which
is adjacent frames through pixel-based time di�erence threshold to extract the
image movement area, the less sensitive to light changes, background updating
fast, adaptive capacity is good, but it can not detect, such as a larger size, internal
changes in the color consistency. Its calculation is simple and easy to implement.
For a variety of dynamic environments, it has strong adaptability, but it is generally
di�cult to obtain a complete outline of moving object, and as a result the detection
of moving object is not accurate.

Optical �ow method [19] is a moving target change with time using light �ow
features for motion detection, it does not require any prior knowledge to be able
to achieve the detection and tracking of moving objects. Optical �ow method is
to calculate the image optical �ow �eld, and do clustering processing according
to the optical �ow distribution characteristics of image. This method can get the
complete movement information and detect the moving object from the background
better, however, a large quantity of calculation, sensitivity to noise, poor anti-noise
performance, so it must use special hardware device, which it will be applied to
real-time processing.

The background subtraction [20] is currently the most common and simplest
motion segmentation of a kind of method, it is through the video frame on each
input compared with background image to detect moving target. This method is
to use the di�erence method of the current image and background image to detect
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moving objects, with simple algorithm, but very sensitive to the changes in the
external environment and has poor anti-interference ability. The background image
building is the key in this method. But there are all kinds of interference under
complex environment. for example, the state change from stationary state into a
movement or from motion into stationary should cause the mutations conversion
between background and target in the background images. So the real-time
background update is the key in background subtraction method. This method has
overcome the shortcomings of the time di�erence, a�ected by illumination changes,
background changes in a greater impact, but they can get more precise movement
of the target area. Its disadvantage is that empty hole and Ghosting phenomenon
can be found in the state of the motion object speed too fast or too slow [21].
However, it can provide the most complete object information in the case of the
background is known. The use of the background subtraction is more suitable for a
static background. For the dynamic background, the result of a subtraction of the
background is not good because of intensity a change in the background is detected
as an object.

Lijing Zhang and Yingli LiangIn [22], combined dynamic background modeling
with dynamic threshold selection method in a single static camera condition based
on the background subtraction, and then updated background on the basis of
accurate detection of object. they show e�ective method to enhance the e�ect
of moving object detection. Because of the uncertainty of feature extraction and
distinguish between near targets, based on the �nite di�erence method, Lu Bin.
Liu Huanxia and Zhang Qiang [23] put forward a method based on Gaussian
mixture model for background subtraction combined with edge detection. they
used Gaussian model for adaptive background model updating algorithm, in the
process of video image processing to re�ect the background of the dynamic changes
in time and take advantage of constraints and objectives for the noise �ll the empty
area. Zixiao Pan and Mei Wang [24] used background subtraction motion object
detection method based on real-time background update. They �rstly calculated
the color images distance between the current frame and background. And de�ned
the state variable to describe the objects motion change state in the current frame
image in order to update the real-time background image. Then, they completed
the motion object detection by the di�erence result between background and the
current frame image. At last, they used mathematical morphology operation to
eliminate the isolated noise to detect motion objects.

In our problem, the camera and swimmers are moving during the video race and
it makes it challenging to apply a prede�ned algorithm to detect swimmers' bodies.
To deal with this issue, it is needed to �rst �nd an area in which the swimmer is
and implementing the tracking approach to swimmers' feature points in order to
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follow the swimmer when the detection algorithm fails. Hopefully, it is possible to
distinguish between swimmers and the background by holding they are moving in
the contrary direction. This movement o�ers the ability to utilize the dense optical
�ow method, in order to detect swimmers inside the pool.

2.1.1 Dense Optical Flow

In this section the framework for Farneback dense optical �ow calculation, will
be discussed [25]. This is a novel two-frame motion estimation algorithm. The �rst
step is to approximate each neighborhood of both frames by quadratic polynomials,
which can be done e�ciently using the polynomial expansion transform. From
observing how an exact polynomial transforms under translation a method to
estimate displacement �elds from the polynomial expansion coe�cients is derived
and after a series of re�nements leads to a robust algorithm.

FARNEBACK ALGORITHM

This algorithm presents a novel method to estimate displacement. It is related to
orientation tensor methods [26] in that the �rst processing step, a signal transform
called polynomial expansion, is common. Naturally this is only done spatially now,
instead of spatiotemporally. Another common theme is the inclusion of parametric
motion models in the algorithms.

The idea of polynomial expansion is to approximate some neighborhood of each
pixel with a polynomial. Here we are only interested in quadratic polynomials,
giving us the local signal model, expressed in a local coordinate system

f (x) = xT Ax + bT x + c (2.1)

where A is a symmetric matrix, b a vector and c a scalar. The coe�cients are
estimated from a weighted least squares �t to the signal values in the neighborhood.
The weighting has two components called certainty and applicability. The certainty
is coupled to the signal values in the neighborhood. For example it is generally a
good idea to set the certainty to zero outside the image. Then neighborhood points
outside the image have no impact on the coe�cient estimation. The applicability
determines the relative weight of points in the neighborhood based on their position
in the neighborhood. The width of the applicability determines the scale of
the structures which will be captured by the expansion coe�cients. It can be
implemented e�ciently by a hierarchical scheme of separable convolutions [27].

Since the result of polynomial expansion is that each neighborhood is approx-
imated by a polynomial, we start by analyzing what happens if a polynomial
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undergoes an ideal translation. Consider the exact quadratic polynomial

f 1(x) = xT A1x + bT
1 x + c1 (2.2)

and construct a new signalf 2 by a global displacement byd,

f 2(x) = f 1(x + d) = [ x + d]T A1[x + d] + bT
1 [x + d] + c1

= xT A1x + [ b1 + 2A1d]T x + dT A1d + bT
1 d + c1

= xT A2x + bT
2 x + c2

(2.3)

Equating the coe�cients in the quadratic polynomials yields

d =
1
2

A � 1
1 (b2 � b1) (2.4)

Obviously the assumptions about an entire signal being a single polynomial and
a global translation relating the two signals are quite unrealistic. Still the basic
relation 2.4 can be used for real signals, although errors are introduced when the
assumptions are relaxed. The question is whether these errors can be kept small
enough to give a useful algorithm.

To begin with let replace the global polynomial in equation 2.2 with local
polynomial approximations. Thus this method starts with doing a polynomial
expansion of both images, giving us expansion coe�cientsA1(x); b1(x), and c1(x)
for the �rst image and A2(x), b2(x), and c2(x) for the second image. Ideally this
should giveA1 = A2 according to equation 2.3 but in practice, it is needed to be
settled for the approximation

A(x) =
A2(x) + A1(x)

2

� b(x) =
b2(x) � b1(x)

2

(2.5)

And using d(x), a spatially varying displacement �eld, it yields

A(x)d(x) = � b(x) (2.6)

In principle equation 2.6 can be solved point-wise, but the results turn out to
be too noisy. Instead we make the assumption that the displacement �eld is only
slowly varying, so that we can integrate information over a neighborhood of each
pixel. Thus we try to �nd d(x) satisfying 2.6 as well as possible over a neighborhood
I of x, or more formally minimizing

X

� x2 I

! (� x)kA(x + � x)d(x); � b(x + � x)k2 (2.7)
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where we let! (� x) be a weight function for the points in the neighborhood. The
minimum is obtained for

d(x) = (
X

!A T A)� 1
X

!A T � b (2.8)

where we have dropped some indexing to make the expression more readable. The
minimum value is given by

e(x) = (
X

! � bT � b)d(x)T
X

!A T � b (2.9)

In practical terms this means that we computeAT A, AT � b, and � bT � b point wise
and average these with! before we solve for the displacement. The minimum value
e(x) can be used as a reversed con�dence value, with small numbers indicating
high con�dence. The solution given by 2.8 exists and is unique unless the whole
neighborhood is exposed to the aperture problem.

We can improve robustness if the displacement �eld can be parameterized
according to some motion model. This is straightforward for motion models which
are linear in their parameters, like the a�ne motion model or the eight parameter
model. We derive this for the eight parameter model in 2D,

dx (x; y) = a1 + a2x + a3y + a7x2 + a8xy

dy(x; y) = a4 + a5x + a6y + a7xy + a8y2 (2.10)

We can rewrite this as

d = Sp

S =

"
1 x y 0 0 0 x2 xy
0 0 0 1 x y xy y2

#

b=
h
a1 a2 a3 a4 a5 a6 a7 a7

i T

(2.11)

The solution is

p = (
X

i

! i ST
i AT

i A i Si )� 1
X

i

! i ST
i AT

i � bi (2.12)

where we usei to index the coordinates in a neighborhood.

We notice that like before we can computeST AT AS and ST AT � b pointwise and
then average these with! .
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Algorithm 1 Farneback method
1: procedure
2: . Read �rst frame in gray-scale
3: . Initialize HSV mask with all saturation values equal to 255
4: . Execution
5: while There is available framedo
6: . Read new frame in gray scale
7: . Compute dense optical �ow in Cartesian coordinate
8: . Convert data from Cartesian to angular coordinate
9: . Update HSV mask

10: end while
11: end procedure

APPLICATION IN SWIMMING RACE

After realizing how the FARNERBACK algorithm could be applied to the video
race, we can �nd moving objects from �xed objects. In the problem of this study,
it is possible to distinguish between background and foreground by considering
active camera. When the camera view goes to the left, �xed objects will go to the
right except swimmers that move to the left. When the camera view goes to the
right, �xed objects will move to the left except swimmers that move to the right.
Note, this holds when all swimmers are moving in same direction.

(a) Raw frame (b) Dense optical �ow

Figure 2.1: Optical dense �ow when camera is turning from right to left

By considering the 1st two frames of video race, we can use FARNEBACK
method to study their dense optical �ow. For the second iteration and go on, we
must consider the last frame of the previous step, and a new frame for inputs. Note,
frames should be converted to gray-scale. Because we study the optical change and
not the color change.
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