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Abstract

As cameras and especially 3D cameras got affordable within recent years they
can be used by a wider range of people. Human action recognition based on 3D
coordinates recorded with such devices including a depth camera made it possible
to compute video data easier. Many already published papers ignore the difference
of speed within the execution of the same action. This paper suggests and evaluates
multiple algorithms handling that problem based on Dynamic Time Warping and
compares them with regard to runtime and accuracy. An additional algorithm from
Softwerk AB is analyzed, adjusted and compared. An approach for a fast and robust
algorithm able to compute a massive amount of stored sequences is proposed within
this paper. The new algorithm depends on further research as not all prerequisites
are met yet.
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1 Introduction

This chapter will give an overview of this paper and needed background knowledge.

1.1 Background

Within the project at Softwerk AB movements of athletes are analyzed. A camera taking
videos of movements of athletes is used, these get compared to an optimal movement.

To compare the different videos and to calculate the difference of two performed exer-
cises a limb structure of the body of the athletes is calculated for each frame of the video.
Currently key frames1 are chosen from each optimal video of a movement, indicating the
most important positions within a movement. Those key frames will be compared with
the video of an athlete. The limb structure of the athlete is represented by quaternions of
distinctive points of the athletes’ skeleton.

Dynamic Time Warping (DTW) is an algorithm used to measure the difference be-
tween two time-based sequences which might differ in speed. It origins from speech
recognition and is now used in many fields with temporal sequences. DTW finds the best
match of two given sequences while respecting the time-related order of the items (in this
case: video frames) of each sequence.

Figure 1.1: Two out of phase sequences are aligned and cost matrix is created[1].

The algorithm warps the time axis of the two given sequences to an optimal match.
The calculation of the optimal match can be adjusted to the specific input; the easiest way
is the absolute distance between the two items. The result of DTW is a matrix showing

1Key frame: Within this paper the term ’key frame’ is used to describe one frame of a video which was
chosen manually to be an important frame for identifying the movement. The algorithms do not use the
video frames itself but coordinate -or angle representations of the body within that frame. These coordinates
or angles of a frame are called ’key frame’ as well. Videos recorded for this paper have three to nine key
frames, chosen by the author.
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the cost to go from the initial items of the sequences to either the following item of both
sequences or just one future item. It is called cost matrix.

To find the best alignment of two temporal sequences, the cheapest path through the
cost matrix needs to be found: Starting in the corner with the two initial items, the cost
of each step towards the opposite corner of the matrix is added up. With each step either
just one sequence takes the next item or both do, depending on which cost is lower. The
cost for a step is calculated by the difference between the previous item and the current
one plus the cost of the previous item[2].

Weka (Waikato Environment for Knowledge Analysis) is a program holding many
tools and algorithms for data analysis and machine learning developed by the Univer-
sity of Waikato, New Zealand. It is possible to pre-process, classificate and cluster data
besides many other functionalities.2

1.2 Previous research

Human action recognition has been subject to vast research. Getting accurate 3D coor-
dinates/ quaternions by using multiple cameras including a depth sensor is a more recent
approach. It got affordable and broadly usable with the release of the Microsoft KINECT
camera [3]. Publications have already shown that with similar project settings recogni-
tion of human movement is possible and accurate [4, 5, 6]. However, the work done was
based on very limited sets of recordings of human interaction. It is therefore questionable
whether the approaches presented there would perform reasonably on datasets orders of
magnitude larger.

Another problem the cited papers do not concern is the possible time invariance be-
tween two videos which might include the same human action: An athlete might have
performed a specific action faster than in the video it gets compared to but it is also pos-
sible that the time invariance is more complicated: It’s imaginable that the first part of
an action was performed faster than in the relating master-video and the later part was
slower. Simple comparisons just considering the order of the frames but not possible time
invariance might fail identifying the correct human action.

Lu and Cheng proposed a robust technique to align temporal video sequences with
Dynamic Time Warping[7], Wang and Zheng used DTW on 2D human action videos for
recognition[8].

1.3 Problem formulation

Currently the optimal movement which should be compared to the captured video has to
be picked manually. There is no technique yet to automatically identify a certain exercise
within a large set of stored videos based on the body joint quaternions given for every
frame of the video. Using a limb structure of a body instead of an image (per frame of the
video) needs less data storage and skips the step of identifying the body within a picture.

This thesis will examine options to identify the exercise done by a user automatically
by comparing it to the stored, optimal movement videos even within a very large set of
data.

Subject to research will be the comparison of different kinds of algorithms and their
detection accuracy. One algorithm has been developed by Softwerk AB. It compares
every frame of an exercise with the provided key frames of the master sequence to make a

2Weka 3: Data Mining Software http://www.cs.waikato.ac.nz/ml/weka/
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match. Although delivering profound results within a small experiment, the performance
is low. An approach at improving this procedure shall be taken.

Based on knowledge gained from these exercises, a classifier using appropriate fea-
tures of human movement shall be defined and compared.

This research will show if a human action recognition with a large base of stored
videos is feasible by comparing the exercise video (or its key frames) to every stored
video’s key frames.

1.4 Motivation

While it has been proven that human action recognition is possible and usable with a small
set of stored human actions the technique becomes a lot more relevant if it is applicable
for a large data set: Human movements are very various, they cannot always be narrowed
down to just a few types. Not only a few certain movements related to one specific field
can be recognized but any previously stored movement.

Using coordinates of the human body for each frame instead of the video itself lowers
the amount of required disk space and can increase the speed as less data needs to be read
and processed.

Knowing if the recognition of human actions is possible for a certain size of data sets
by using key frames and comparing the video of the unknown movement to all known
movements will help to decide whether or not other approaches have to be examined.

1.5 Research Question

RQ1 What is a suitable algorithm to compare the movements with the
given input?

RQ2 How well can the algorithm from RQ1 perform that compares an un-
known movement video to all known videos?

RQ3 What is the cost and performance of the algorithms compared?
RQ4 How accurate are the different algorithms on action recognition?

The thesis will evaluate the already existing algorithm from Softwerk AB and multiple
new ones on accuracy and runtime. Different from the existing solution another approach
to align two compared sequences temporal will be used. A method to compare a great set
of stored videos shall be proposed, improving in accuracy and execution time in compar-
ison to the already existing solution.

1.6 Scope/Limitation

There are methods for Dynamic Time Warping improving execution time and making it
possible to set weights for items like Generalized canonical time warping[9], FastDTW[10]
(both improving execution time), weighted DTW[11] (allowing to give inputs different
weight in calculation when using a multi-dimensional matrix) or a mix of both, Weighted
Fast Dynamic Time Warping[12]. For complexity reasons the basic DTW algorithm is
used for the implementation of all algorithms. As it is the same for every algorithm the
times are still relatively comparable.

For the experiments employees of the company Softwerk AB where the thesis was
written at performed sports exercises. Those do not represent an average of the population,
movements were still performed slightly different from different persons. Details about
the recording and previous instructions can be found at 2.2.
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1.7 Target group

Results will be interesting to researchers and developers in the field of video comparison
methods based on 3D coordinates from the human body for each frame.

Ten different approaches to compare human action within two videos are presented,
described and, if possible, evaluated on time and accuracy on a dataset of 102 recorded
videos. A proposal for a robust and fast algorithm is given in the end.

1.8 Outline

Section 2 Method explains the research methods and considerations. The following sec-
tion 3 Implementation includes multiple implementations of algorithms to compare two
videos. One previous existing comparison method from Softwerk AB is described as well
as own implementations.

All algorithms are evaluated concerning runtime and accuracy of identifying the cor-
rect movement. The evaluation and the results are presented within chapter 4 Results,
they are further analyzed at section 5 Analysis and section 6 Discussion. A conclusion is
given at chapter 7 and future research options presented.
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2 Method

The scientific methods to evaluate the thesis problem is explained within the following
section.

2.1 Scientific approach

This paper is an inductive, empirical research. Software was implemented and videos
recorded to evaluate the implementations quantitatively.

2.2 Method description

Videos of human action were recorded from 16 different persons. Each person performed
four to seven simple athletic movements:

• Push-up

• Two push-ups with arm raise after each push-up

• Shoulder abduction

• Shoulder elevation

• Single leg stand

• Sitting body rotation

• Standing body rotation

The direction of movement or the arm/ leg (left, right) was predefined and the same for all
persons performing. The camera was placed in about one meter height and three meters
from the performers. While all subjects performed the last five exercises, some chose to
not do push-ups. Only the body’s coordinates of each frame were saved, the image data
was ignored. A total of 102 videos were recorded.

Multiple algorithms comparing two sequences of body coordinates were implemented.
To evaluate the accuracy of them, one subject performing all seven movements was chosen
as master, indicating the correct execution of the movements. The master sequences are
the ones of the author, knowing the exercises well. The algorithms then compared every
video of the other subjects against all master videos. Each exercise video got compared
against the seven master videos: If the best match of those seven comparisons was the
same movement, the algorithm got marked as correct for this exercise video. Otherwise it
got marked as wrong. The percentage of correct identified movements was evaluated for
all algorithms.

Additionally the algorithms’ running time for the comparison is measured. The time
for ten, one hundred and all comparisons is measured and compared. The same computer
is used for all comparisons and all algorithms are implemented in Java. An Acer Aspire
V5 with Intel Core i5-4200U, 8GB memory and a SSD are running the calculations.
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2.3 Reliability and Validity

All evaluations of algorithm runtime are done on the same computer to guarantee com-
parability. The times depend on the machine used but can be compared relatively. The
evaluations are repeated and averaged, compare table 4.1 for details.

All algorithm procedures include reading files containing the coordinate data. For
some algorithms the data needs to be transformed into a different representation. The
recorded times include reading the necessary files holding the coordinates as that will
always be part of the algorithms. The time to convert files (if necessary) is not included
as it only needs to be done once. Time is recorded programatically.

The recorded movements were performed by employees of Softwerk AB. The partici-
pants did get a basic description of how to perform the exercise (compare 2.2). There were
15 male and one female participant, the master videos are the exercises of the movements
of the author.

2.4 Ethical considerations

Only the coordinate data was saved and used within this thesis, the images of each frame
were deleted for privacy reasons. The coordinate sequences are anonymised as they do
not hold any name.
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3 Implementation

Within this research project multiple algorithms were implemented to compare two time
sequences of single human movements. Sequences consist of 25 coordinates of the human
body per frame. To identify a movement in a new sequence, the new one is compared to
all existing master sequences. In the following context new movements are identified as
"exercise" and stored sequences, which they are tested again, are called "master".

The already existing algorithm from Softwerk AB was adjusted and slightly improved
to allow the identification of new given movements. Two very simple approaches were
implemented as base comparison. Furthermore comparisons were realized and tested
based on Dynamic Time Warping. Two algorithms are based on Clustering.

3.1 First algorithm already implemented by Softwerk AB

Key frames, representing the important positions within a movement, need to be picked
for the master sequence manually prior the comparison and are given to the algorithm as
additional input.

The key frames are compared to every frame of the exercise frame: The skeletons of
both frames are aligned to match the spine to eliminate rotation- and distance invariance.
For every bone of the skeleton the angle between the bone of the master sequence and it’s
corresponding bone in the exercise is calculated and averaged per frame. Additionally the
angles between all bones of each skeleton is calculated and corresponding angles of the
two frames skeletons compared.

The frames of the exercise sequence matching best to the key frames (with respect to
the sequential order) are picked. The result of the algorithm shows the difference between
those key frames and its counterparts in the exercise sequence.

3.2 Simple equidistant key frame picker algorithm

As a base comparison this approach is using the same key frames as the original algo-
rithm from Softwerk AB and the same comparison methods. Instead of finding the best
matching frames within the second video, they are given as equidistant chosen frames.
It makes use of as much code as possible from the Softwerk AB implementation but not
more then needed.

3.3 Simple percentage-wise key frame picker algorithm

The second basic algorithm only differs slightly from the previous one: Key frames from
the second video are not taken equidistant but relatively in the same positions as they are
taken in the original, master sequence. To work with different lengths, the positions are
taken relatively.

3.4 Transforming coordinates to angles and additional normalization

To be rotation-, size-, and distance from camera-independent, the angles between neigh-
boring bones and the angles between a bone and its parent bones’ plane are used instead
of the original coordinates. 18 bones are used from the given 25 coordinates per frame:
The lower spine is the root of a tree structure expanding to the feet and hands. Only one
coordinate per hand is used as multiple coordinates of the hands would have a too big
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impact on the final result even though the finger position is not relevant for the movement
comparison.

The angles are normalized to values between -0,9 and 0,9 to be compatible with a to-
built classifier using Weka. Classifiers often use sigmoidal activation functions working
best within that range[13].

3.5 Clustering data with Weka

Motivation of clustering the given data of two sequences is the assumption that similar
movements will have the same parts of the sequence grouped together as they have the
same sub-sequences of movement. Usual data classifier will collect similar data based on
the coordinates given but ignore the time component. While the time information is one
important factor within sequence comparison, it will be ignored due to the restrictions
of data clustering. The input data is transformed into angle representation as explained
above to be independent from fixed coordinates.

Using the XMeans clusterer within Weka the first video is auto-clustered, giving the
algorithm a range of five to twenty clusters to use. Afterwards the second video is clus-
tered with the same algorithm, using the exact amount of clusters as the first one produced.
As the cluster do not have a distinct identification and might be in a different order, the
cluster of the first sequence and the ones of the second are matched using Multi Layer
Perception or Naive Bayes classifier as part of Weka. If the error is low, the sequences are
assumed to be similar.

3.6 Approaches based on Dynamic Time Warping (DTW)

The simple DTW (see section 1.1 for detailed explanation of Dynamic Time Warping)
works on one dimension, for the representation of the body we have 34 angles per frame,
34 dimensions a cost matrix can be calculated for.

As the values are all normalized the algorithm calculates all 34 cost-matrices and
creates an average of it.

The following subsections are different algorithms helping to or calculating the simi-
larity of two given sequences of coordinates. They make use of Dynamic Time Warping
and the from coordinates to angles transformed representation of movement (see section
3.4).

3.6.1 Make two sequences the same length

By finding the cheapest path the DTW calculates which frames of the two sequences
match the best with respect to the time dimension. The algorithm to make two sequences
the same length interpolates and inserts new frames.

Starting from the first frames the algorithm iterates through the cost matrix following
the cheapest path. Whenever the cheapest path does not include going one frame further
on both sequences, an interpolated frame based on the previous and next one is inserted
in the sequence the cheapest path did not continue to take the next frame.

To make sure the interpolated frames have an equal distance in case of multiple to
inserted frames after each other, the amount of frames to insert is counted first and all of
them inserted in equal distance afterwards.
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3.6.2 Comparison based on path cost per path length

Two sequences get compared by evaluating the average cost divided by the length of the
cheapest path. The algorithm calculates the cost matrix and the cheapest path through
it for all 34 given angles. For each of the paths the cost is evaluated by adding up all
steps through the matrix. The total cost of a path is divided by the number of steps it
takes to get through the matrix, making it independent from the actual length of the video
sequences. The average of the costs per path length of the 34 different angles is taken as
an comparison to other videos.

The result is independent from the length of the given sequences but it does not have
a limited range of result. The higher the cost of going through the matrix (difference
between the given sequences), the higher the value gets. Taking the average of the 34
angles makes the algorithm independent from the amount of given angles.

3.6.3 Comparison based on total cost per matrix size

For each angle the cost matrix is calculated and the total cost evaluated by summing up
the cost of every step the cheapest path takes through the matrix. The sum of all path
costs is taken and divided by the size of the matrix: The number of rows multiplied by the
number of columns.

The result is independent from the length of the given sequences but it does not have
a limited range of result. The number gets higher if the path gets longer which means
that there are many time differences in the two sequences. The more angles the sequences
have, the higher the comparison result gets. To compare with other results all sequences
must have the same amount of angles.

3.6.4 Comparison based on average distance between angles

First the cost matrices for all 34 angles are calculated. Following the cheapest path in
every cost matrix the difference between the single steps of the path is summed up and
averaged by dividing by the length of the path. As the cost in every field of the matrix
represents the difference between the two sequence frames at the specific point, it is lower
if the sequences are similar. An average of the 34 result values is calculated and used as
comparison value.

Taking only the difference between two steps into account instead of the total sum the
final result is independent from the length of the sequences. It also limits the result to a
range between -0.9 and 0.9 making it easier to compare it properly.

3.6.5 Comparison based on average distance between angles of sequences with the
same length

Both sequences get adjusted to have the same amount of frames by the algorithm de-
scribed in section 3.6.1. The algorithm then evaluates the difference between all 34 angles
of the first sequence and the representative angle in the other sequence. The average of
all 34 angles is calculated and the same procedure repeated for all frames. The average
of these values is the comparison used to compare the difference between the two given
videos and other video comparisons.

The maximum difference between two angles is 1.8 due to the normalization in the
algorithm to make the sequences having the same amount of frames. Therefore the result
is within a range between 0 and 1.8, making comparison of the algorithm results easier.
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A value of 0 indicates no differences between the sequences. It is independent from the
amount of angles used.

3.6.6 Comparison based on path length reduction before and after making them
the same length

The input sequences are edited with the algorithm to make two given sequences the same
length stated in section 3.6.1. The number of steps the cheapest path takes going through
the cost matrix is saved before applying the same length algorithm and calculated after-
wards. Assuming that sequences with similar content will have a very direct, short path
when being the same length (and so time differences are eliminated), a high reduction of
the path length before and after adjusting to have the same amount of frames will indicate
a similarity.

To get a comparable result within a set range not the total amount of steps through
the cheapest cost matrix is used but the percentage of how many steps more it takes
compared to the shortest possible path through the cost matrix. The reduction of path
length is measured total and relative. The total amount can be between -1.0 and 1.0 while
the relative difference will be between −∞ and 1.0. For both results 1.0 is the optimal
result, everything above 0 indicates a reduction of path length.

3.6.7 Sequential clustering with variable number of clusters

Learning from the first approach clustering the data with Weka in section 3.5, some
needed improvements were identified. Standard clustering cannot be used as it ignores
the temporal information and the movements chronology (compare with 5.3).

There are new approaches and ideas showing temporal clustering which respect the
sequence order. Several implementations were evaluated:

The package dtwclust[14, 15] for R allows to cluster data with many different options
for clustering methods, distance measurement, preprocessing and more. It is limited to
work with a predefined number of clusters though. Different movements do not have
the same amount of sub-movements which should be clustered, therefore an approach to
generate a variable amount of clusters is needed.

In 2012 Hoai and De la Torre suggest a different approach, Maximum Margin Tem-
poral Clustering (MMTC)[16] which works in the needed area. But as the authors state in
the conclusion, "several open research problems that need to be addressed in future work",
one of them the number of clusters again. Currently the amount must be predefined which
is not practicable.

2008 De la Torre, Zhou and Hodgins pubished "Aligned Cluster Analysis (ACA) for
Temporal Segmentation of Human Motion"[17], proposing ACA as temporal clustering
algorithm. The method is also limited to a predefined amount of clusters and has a very
high processing time. Besides the problem with variable clusters the time is an important
factor as a new video always needs to be compared to all master sequences.

They continued their work and proposed HACA in 2013 in their paper "Hierarchi-
cal Aligned Cluster Analysis for Temporal Clustering of Human Motion"[18]. While it
shows great improvements on processing time and accuracy, it is still "not computation-
ally practical to run HACA on large amounts of motion capture data". The problem of
variable numbers of clusters remains future work, as well.

Using temporal clustering as suggested in the above papers, the master video could
be clustered and the resulting model saved. Each frame of the exercise video will be
processed with the same model, assigning each frame one of the clusters of the previous
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step. If the sequential order of assigned clusters matches the actual frame order, the videos
are similar. As the amount of frames per cluster is not evaluated, differences in speed are
ignored.

Another approach would be to cluster both master and exercise video and compare if
the sub-movements within corresponding clusters match. It would require to generate the
same amount of clusters for both sequences. That would make the comparison invariant
from speed-differences.
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4 Results

All implemented algorithms to compare videos were run on the collected dataset with
seven different movements. They were performed and recorded from 16 persons. One
person represents the master sequences while the other 15 persons’ movements are ex-
ercise sequences which are compared against all master videos. Each exercise video is
matched with all seven master videos, if the correct movement has the highest similarity,
it gets marked as correct.

Algorithm Accuracy Time (in ms)
3.1 52.13% 259,003,705

3.1, less key frames 55,32% 9,935,747
3.2 73.40% 1,110,664
3.3 72.34% 1,102,625

3.6.2 69.47% 210,711
3.6.3 92.63% 211,190
3.6.4 89.47% 208,525
3.6.5 82.10% 229,870

3.6.6 absolute 4.21% 267,035
3.6.6 relative 5.26% 269,517

Table 4.1: Accuracy and execution time for all implemented algorithms. They were run
three times and averaged, except the first algorithm 3.1. See table 1.6 and 1.3 for more
detailed results.

Notes: 3.5 is not stated as during the evaluation it became clear that it is not suitable,
compare 5.3. 3.6.7 Sequential clustering is not stated as implementations are not available
yet, compare 5.5. The running time of 3.1 heavily relies on the amount of key frames,
compare 5.1. Therefore two different settings were used: The first entry was run with
reasonable chosen key frames for all videos: Six master videos had six or less key frames,
one video had nine (see table 1.9 to compare number of key frames per exercise for both
settings). Four comparisons were aborted as they took more than 12 hours. A total of
94 videos came into calculation for the accuracy, the three aborted ones are count as fail.
The four times 12 hours are included in the runtime. Another run was performed with no
sequence holding more than 6 key frames ("less key frames").

Most algorithms were run on different amounts of video comparisons: Once with just
ten comparisons, with one hundred and finally all 95 exercise against seven master each
(665 total). Running times for more comparisons were estimated with linear regression.
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Execution time in sec per x comparisons
Algorithm 10 100 665 1,000* 10,000* 100,000*

3.2 15 148 1,111 1,671 16,769 167,753
3.3 15 146 1,103 1,659 16,651 166,573

3.6.2 5 45 211 315 3,080 30,728
3.6.3 5 44 211 315 3,085 30,787
3.6.4 5 44 209 312 3,053 30,467
3.6.5 5 48 230 343 3,367 33,598

3.6.6 absolute 6 58 267 398 3,893 38,840
3.6.6 relative 6 58 270 403 3,942 39,330

Table 4.2: Execution time for algorithms on different amount of comparisons. Algorithm
3.1 is not listed as the runtime heavily depends on the key frames and videos itself. Times
for 1,000, 10,000 and 100,000 comparisons are estimated with linear regression based on
the previous values.

5 Analysis

Within this section the results of each algorithm’s evaluation in the previous chapter are
analyzed and compared to the other algorithms.

5.1 First algorithm already implemented by Softwerk AB

The amount of correctly identified movements is just above half. The algorithm’s running
time highly depends on the amount of picked key frames on the master sequence. While
running the algorithm with videos including six or less key frames the running time is not
much higher than the time of algorithms with comparable results.

When choosing eight or more key frames the time for a single comparison can need
several hours. The running time does not only depend on such simple to identify identities
like the amount on key frames or the total number of frames though. Runtime for each
sequence comparison can be seen in the appendix, table 1.3, 1.4, 1.5.

Picking the key frames manually adds some complexity to the algorithm as it needs
additional input and effort from the user for every new recorded master video. Therefore
an automatic key frame picker could be implemented. Concepts already exist but it would
not solve the problem of possibly long running time.

5.2 Simple equidistant and percentage-wise key frame picker algorithms

The accuracy of both algorithms is higher than the previous algorithm from Softwerk AB
even though the implementation is way simpler. Both make use of the body representation
of the Softwerk AB algorithm but do not do any heavy calculations about best matching
frames with the key frames but pick them equidistant or relatively.

The run time is nine times lower than the first algorithm but still notably longer than
the following implemented algorithms. The accuracy of both of them is still about 20
percent lower than the best algorithm.

Softwerk AB’s algorithms have a different and more complex base software which
might make them slower. As the accuracy is clearly lower, it does not change the result.
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5.3 Clustering data with Weka

While the idea of clustering data might have been good (compare 5.5), standard cluster-
ing methods like SimpleKMeans are not applicable for sequential data. Similar frames
(meaning similar positions of the person recorded) were grouped in one cluster but the
time information was lost. The data did not have any further value to the comparison:
Having the same position of the body at a random point within two videos does not mean
they are similar.

The first video was clustered without a predefined number of clusters while the second
video had to have the same amount. As the clustering is dynamically and not done on
preset definitions, which movements should be clustered together, it is also difficult to
match the cluster of two automatically clustered video sequences.

5.4 Comparison of DTW-based approaches

The accuracy of the algorithm deciding based on the cost per path length (3.6.2) is almost
as good as the two simple algorithms implemented on top of the base of the Softwerk AB
algorithm, while the run time is less than 20 percent of theirs. It is the fastest algorithm
together with the comparison based on total cost per matrix size (3.6.3) and the one using
the average distance between angles (3.6.4) but has a lower accuracy then it.

Within the test of 102 videos the total cost algorithm performed best: It has the highest
accuracy with 92.63% (three percentage units better than the second best) and almost the
best run time, taking about 1.3% more time than the algorithm based on the average
distance between the angles. The comparison lacks of a fixed range for the result of a
comparison of two videos.

Average distance between angles delivers the best result from all algorithms which
have an output within a fixed range. It is the fastest algorithm and has about three per-
centage units lower accuracy than the best comparison.

Due to the additional calculation of making the videos the same length, the algorithm
based on the distance between the angles of same length sequences (3.6.5) takes slightly
longer than the three implementations discussed above. The accuracy is similar but lower
than the two best performing algorithms.

The expectation that after adjusting the time difference the path through the cost ma-
trix would be very direct (and therefore short) did not come true. The accuracy of the
algorithm relying on the path length reduction (3.6.6) is even lower than randomly guess-
ing, both for relative and total results. This might be due to the implementation of the
algorithm making two videos the same length (compare 3.6.1), although it worked quite
well for the average distance between angles.

5.5 Sequential clustering with variable number of clusters

As this algorithm is just proposed but not implemented within this paper (compare 3.6.7),
running time and accuracy can not be evaluated.

The algorithm makes use of Dynamic Time Warping, just like most of the above
implemented algorithms. The cited papers state that the run time is not optimal for mass
comparisons yet but they have high accuracies.

Implementation of a sequential clustering algorithm remains future work and is ex-
plained at 7.1 Future Research.
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6 Discussion

The running times for single video comparisons of the original implemented algorithm
by Softwerk AB (see 3.1) with too many key frames makes the algorithm impractical to
use. The unpredictability of running time makes the algorithm unsafe to use. Limiting the
number of key frames to an amount with acceptable runtime restricts the input sequences
to a certain and quite low length and complexity which is not feasible.

Other algorithms suggested in this paper should be preferred, even if an automatic key
frame picker would be implemented to remove the additional step of picking key frames
for all master videos. Both accuracy and execution time are not competitive.

Even though the needed time and the accuracy improve significantly by using the
simple algorithms based on Softwerk ABs implementation (compare 3.2, 3.3), they are
still not as good as the following implementations.

The two algorithms with best accuracy differ only slightly in runtime and accuracy.
While the algorithm based on the cost per matrix size (compare 3.6.3) is about 3% more
accurate, the one measuring the average distance between all angles (3.6.4) has a fixed
range of similarity as output and is therefore more predictable. Both algorithms show
a very good accuracy with 89.47% and 92.63% but will probably be still too slow on
mass comparisons including hundreds of thousands of videos. Linear regression on the
executed comparisons calculates a runtime of a bit more than eight hours to compare one
video against 100,000 stored videos (see table 4.2).

The seven exercises include sequences which are quite similar (sitting and standing
rotation, shoulder elevation and shoulder abduction) as well as push up with arm raise
which has the same start as the push up, differing just slightly. While the algorithms cope
quite well with the two similar pairs, many struggle identifying the push up with arm
raise videos correctly. Softwerk ABs algorithm 3.1 does not identify one of them, the two
simple key frame picking algorithms (3.2, 3.3) only two out of ten each. The two best
algorithms concerning accuracy (3.6.3, 3.6.4) only miss two out of ten, 3.6.2 identifies
zero, just like 3.6.5.

The suggested algorithm based on temporal clustering (which makes use of DTW as well)
requires more research to be done before it can be implemented. Already published papers
suggest good results (compare 7.1) and multiple approaches have been done to improve
the already existing solutions.

At the time of writing this paper the newest publication from Sardá-Espinosa on the
DTW package[14] is just a few days old and in development. Both Zhou and De la
Torre, proposing the mentioned temporal clustering approaches also continue their work
on human action recognition and temporal alignment and published articles recently [19,
9], progress in that field of research can be expected.
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7 Conclusion

This report shows that even with comparison algorithms not using supervised/ unsuper-
vised learning robust results can be achieved for human action recognition based on 3D
coordinate representation of the human body. Different comparison methods can handle
similar videos very differently well. The proposed approach for an unsupervised temporal
clustering algorithm can lead to fast comparisons even with a massive amount of stored
data.

The suggested algorithms performing best in time and accuracy do not rely on key
frames but take all frames into consideration and are still faster than the previously exist-
ing algorithm provided by Softwerk AB.

The algorithms have been tested on sports movements but should be applicable for all
kind of movements recorded with a 3D camera providing the same coordinate represen-
tation: The algorithms are general in a way that they are not specified to any certain type
of movement but recognize all parts of the body equally.

All research questions have been answered as multiple algorithms performing well
on accuracy were found and complete calculations clearly faster than the initial approach.
The algorithm based on sequential clustering was proposed but not implemented, as future
research is needed. Therefore it couldn’t been evaluated.

7.1 Future research

While the accuracy results from both algorithms comparing the path length reduction
before and after making the sequences the same length is really low and might indicate
it is not an applicable algorithm, there is still the possibility the implementation to adjust
two sequences lengths’ is not perfect. Therefore widely known methods like the one
stated in the R package dtwclust[14] could be tried.

Research can be continued on the temporal clustering of frames. As suggested in 3.6.7
Sequential clustering with variable number of clusters, previous works like [16, 17, 18]
show promising accuracy rates. Temporal clusters will allow to divide the movement
sequences in comparable parts and two ideas should be evaluated:

With the temporal clustering all master videos will get divided into clusters and the
model for each master video saved. When comparing a new video with a certain master
sequence, the model is applied on the new video, assigning each frame one of the pre-
viously defined clusters. If the frames of the new video are now sequentially clustered,
the videos match as similar sub-movements (one cluster represents one sub-movement)
follow each other in the same order as in the master video.

A second approach worth researching would be to cluster both the master video and
the new one to be compared with the same amount of clusters. Therefore the master video
needs to be clustered first with a variable number of clusters and the new one clustered
with the same amount of clusters afterwards. The sub-movements per cluster can then be
compared, i.e. with in this paper proposed algorithms.

As sequences of human movement of different length can content different numbers
of sub-movements it is important to have a temporal clustering algorithm that supports a
variable number of clusters instead of a preset amount. The papers [16, 17, 18] as well as
the package dtwclust[14, 15] lack of that, future research is needed to provide the option
for variable numbers of clusters.
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A Appendix 1

Algorithm 3.1 from Softwerk AB was executed one more time, with all key frames and
with reduced (see deviation at table 1.9). Additionally the runtime for every single com-
parison was logged because they differ strongly from sequence to sequence. The compar-
isons identifying the correct video are marked.

Subject/ exercise 3.1 runtime (sec) correct? 3.1 less key frames runtime (sec) correct?
subject 01

pushUpArmRaise 22.826 89
pushUp 11 X 10 X

shoulderAbduction 597 X 14 X
shoulderElevation 17 12

singleLegStand 12 11
sittingRotation 689 X 39 X

standingRotation 787 X 13 X
subject 02

shoulderAbduction 2.629 X 30 X
shoulderElevation 14 12

sittingRotation 16 X 13 X
standingRotation 13 X 12 X

subject 03
pushUpArmRaise 1.574 40

shoulderAbduction 11 X 12 X
shoulderElevation 11 10

singleLegStand 10 11
sittingRotation 12 X 11 X

standingRotation 11 X 11 X
subject 04

pushUpArmRaise 4.690 35
pushUp 10 X 11 X

shoulderAbduction 12 12
shoulderElevation 44 12

singleLegStand 16 11
sittingRotation 10 X 14 X

standingRotation 12 12

Table 1.3: Part 1: Execution time for Softwerk AB algorithm (3.1) per exercise of subject.
For each exercise all seven master videos were compared, the one with lowest deviation
chosen as correct one. Comparisons taking longer than 12 hours were aborted and were
not included in the accuracy calculation. See table 1.9 for number of key frames.
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Subject/ exercise 3.1 runtime (sec) correct? 3.1 less key frames runtime (sec) correct?
subject 05

pushUpArmRaise 112 15
pushUp 11 X 15 X

shoulderAbduction 19 X 13 X
shoulderElevation 11 11

singleLegStand 11 11
sittingRotation 5.540 X 55 X

standingRotation 113 X 19 X
subject 06

pushUpArmRaise 350 773
pushUp 14 12

shoulderAbduction 112 X 32 X
shoulderElevation 14 X 14 X

singleLegStand 92 16
sittingRotation 2.110 X 2.585 X

standingRotation 575 X 22 X
subject 07

pushUpArmRaise 31.766 83
pushUp 10 11

shoulderAbduction 13 X 14 X
shoulderElevation 22 17

singleLegStand 12 12
sittingRotation 19 X 19 X

standingRotation 18 X 12 X
subject 09

shoulderAbduction 46 X 14 X
shoulderElevation 11 10

singleLegStand 10 11
sittingRotation 3.163 X 17 X

standingRotation 16 12
subject 10
pushUp 13 X 11 X

shoulderAbduction >43.200 aborted 654 X
shoulderElevation 59 X 24 X

singleLegStand 6.385 16
sittingRotation 44 X 13 X

standingRotation 26.756 X 3.674 X
subject 11

shoulderAbduction 11 X 12 X
shoulderElevation 12 10

singleLegStand 10 X 10 X
sittingRotation 13 X 12 X

standingRotation 13 X 12 X

Table 1.4: Part 2: Execution time for Softwerk AB algorithm (3.1) per exercise of subject.
For each exercise all seven master videos were compared, the one with lowest deviation
chosen as correct one. Comparisons taking longer than 12 hours were aborted and were
not included in the accuracy calculation. See table 1.9 for number of key frames.
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Subject/ exercise 3.1 runtime (sec) correct? 3.1 less key frames runtime (sec) correct?
subject 12

pushUpArmRaise 15.922 33
pushUp 10 X 11 X

shoulderAbduction 11 X 11 X
shoulderElevation 11 11

singleLegStand 10 10
sittingRotation 12 X 12 X

standingRotation 14 12
subject 13

pushUpArmRaise 630 16
pushUp error error

shoulderAbduction 14 X 14 X
shoulderElevation 13 12

singleLegStand 10 10
sittingRotation 535 X 16 X

standingRotation 44 12
subject 14
pushUp 10 X 11 X

shoulderAbduction >43.200 aborted 15 X
shoulderElevation 12 12

singleLegStand 36 12
sittingRotation 250 X 21 X

standingRotation 109 X 19 X
subject 15

pushUpArmRaise >43.200 aborted 638
pushUp 11 X 11 X

shoulderAbduction 13 X 13 X
shoulderElevation 11 10

singleLegStand 12 X 11 X
sittingRotation 13 X 13 X

standingRotation 47 X 18 X
subject 16

pushUpArmRaise 13 13
pushUp 10 11

shoulderAbduction 13 X 11 X
shoulderElevation 10 X 11 X

singleLegStand 12 12
sittingRotation 13 X 14 X

standingRotation 34 X 13 X

Table 1.5: Part 3: Execution time for Softwerk AB algorithm (3.1) per exercise of subject.
For each exercise all seven master videos were compared, the one with lowest deviation
chosen as correct one.Comparisons taking longer than 12 hours were aborted and were
not included in the accuracy calculation. See table 1.9 for number of key frames. pushUp
of subject 13 threw an error and was ignored for accuracy and time calculation.
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The remaining algorithms with accuracy rate above 50% (all except 3.6.6) are listed with
their correctly identified exercises. To log them, the algorithms were executed once again
with additional output.

Subject/ exercise 3.2 3.3 3.6.2 3.6.3 3.6.4 3.6.5
subject 01

pushUpArmRaise X X
pushUp X X X X X

shoulderAbduction X X X X X
shoulderElevation X X X X

singleLegStand X X X X
sittingRotation X X X X X X

standingRotation X X X X X X
subject 02

shoulderAbduction X X X X X
shoulderElevation X X X X X X

sittingRotation X X X X X X
standingRotation X X X X X X

subject 03
pushUpArmRaise X X

shoulderAbduction X X X X X
shoulderElevation X X X X X X

singleLegStand X X X X
sittingRotation X X X X X X

standingRotation X X X X X X
subject 04

pushUpArmRaise X X
pushUp X X X X X X

shoulderAbduction X X X X X
shoulderElevation X X X

singleLegStand X X X X
sittingRotation X

standingRotation X X X X X X

Table 1.6: Part 1: Correctly identified exercises per algorithm, subject and exercise. Each
algorithm compares all seven master sequences against every subjects’ exercise videos
and chooses the one with lowest deviation as correct. If that choice was right, it is marked
with an X.
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Subject/ exercise 3.2 3.3 3.6.2 3.6.3 3.6.4 3.6.5
subject 05

pushUpArmRaise X X X
pushUp X X X X X X

shoulderAbduction X X X X X
shoulderElevation X X X X X X

singleLegStand X X X X
sittingRotation X X X X X X

standingRotation X X X X X X
subject 06

pushUpArmRaise X X X
pushUp X X X X X X

shoulderAbduction X X X X X X
shoulderElevation X X X X X X

singleLegStand X X X X X
sittingRotation X X X X X X

standingRotation X X X X X X
subject 07

pushUpArmRaise X X
pushUp X X X X X X

shoulderAbduction X X X X X
shoulderElevation X X X X

singleLegStand X X X X X X
sittingRotation X X X X X X

standingRotation X X X X X X
subject 09

shoulderAbduction X X X X X X
shoulderElevation X X X X

singleLegStand X X X
sittingRotation X X X X X X

standingRotation X X X X X X
subject 10
pushUp X X X X X

shoulderAbduction X X X X X X
shoulderElevation X X X X X

singleLegStand X X
sittingRotation X X X X X X

standingRotation X X X X X X
subject 11

shoulderAbduction X X X X X
shoulderElevation X X X X X

singleLegStand X X X X X X
sittingRotation X X X X X X

standingRotation X X X X X

Table 1.7: Part 2:Correctly identified exercises per algorithm, subject and exercise. Each
algorithm compares all seven master sequences against every subjects’ exercise videos
and chooses the one with lowest deviation as correct. If that choice was right, it is marked
with an X.
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Subject/ exercise 3.2 3.3 3.6.2 3.6.3 3.6.4 3.6.5
subject 12

pushUpArmRaise
pushUp X X X X X X

shoulderAbduction X X X X
shoulderElevation X X

singleLegStand X X X X
sittingRotation X X X X X X

standingRotation X X X X X X
subject 13

pushUpArmRaise X X
pushUp error error X X

shoulderAbduction X X X X X X
shoulderElevation X X X X X X

singleLegStand X
sittingRotation X X X X X X

standingRotation X X X X X X
subject 14
pushUp X X X X X

shoulderAbduction X X X X X
shoulderElevation X X X

singleLegStand X X X X
sittingRotation X X X X X X

standingRotation X X X X X X
subject 15

pushUpArmRaise X X X
pushUp X X X X X

shoulderAbduction X X X X X X
shoulderElevation X X X X X

singleLegStand X X X X X X
sittingRotation X X X X X X

standingRotation X X X X X X
subject 16

pushUpArmRaise X
pushUp X X X X X X

shoulderAbduction X X X X
shoulderElevation X X X X X X

singleLegStand X X
sittingRotation X X X X X X

standingRotation X X X X

Table 1.8: Part 3: Correctly identified exercises per algorithm, subject and exercise. Each
algorithm compares all seven master sequences against every subjects’ exercise videos
and chooses the one with lowest deviation as correct. If that choice was right, it is marked
with an X.
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Subject/ exercise 3.1 key frames 3.1 with less key frames key frames
subject 08

pushUpArmRaise 9 6
pushUp 3 3

shoulderAbduction 5 5
shoulderElevation 5 5

singleLegStand 3 3
sittingRotation 5 5

standingRotation 4 4

Table 1.9: Number of key frames set per exercise of the master subject, subject 08.
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