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ABSTRACT

Real-time 3D pose estimation is of high interest in interactive applications, virtual reality,
activity recognition, but most importantly, in the growing gaming industry. In this thesis, we
present a method that captures and reconstructs the 3D skeletal pose and motion articulation of
multiple characters using a monocular RGB camera. This method deals with the challenging, but
useful, task by taking advantage of the recent development in deep learning that allows 2D pose
estimation of multiple characters, and the increasing availability of motion capture data. We fit
2D estimated poses, extracted from a single camera via OpenPose, with a 2D multi-view joint
projections database that is associated with their 3D motion representations. We then retrieve
the 3D body pose of the tracked character, ensuring throughout that the reconstructed movements
are natural, satisfy the model constraints, are within a feasible set, and are temporally smooth
without jitters. We demonstrate the performance of the method in several examples, including
human locomotion, simultaneously capturing of multiple characters, and motion reconstruction
from different camera views.

Anastasios Yiannakidis — University of Cyprus, 2019
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Chapter 1

Introduction
Contents
1.1 Motion Capture Using Monocular Cameras . . . . . . . . .. ... .. .. 1
1.2 Method Overview . . . . . . . . . . . . . .. 4

1.1 Motion Capture Using Monocular Cameras

Motion capture (mocap) is the technological process used for acquiring three-dimensional
(3D) position and orientation information of a moving object. Despite recent advances in motion
capture technology, that allows high quality acquisition and portrayal of movements, common cap-
ture systems are cost-demanding, and require a setup of capturing devices that is not accessible to
the general public, especially for home use. Recently, scholars turned their attention in using more
affordable technologies, such as single RGB or depth cameras. Capturing and reconstructing the
motion of multiple characters using single, monocular cameras has a wide spectrum of applica-
tions in surveillance, human-computer interaction, activity recognition, behavioral analysis, and
virtual reality. It is also of high interest in the growing gaming industry, where users require cost

effective, and easy configurable systems for real-time human-machine interaction. Real-time pose



estimation and 3D motion reconstruction using data only from a single RGB camera is, however,
a challenging task. This is because skeletal pose estimation, using such sparse data, is a highly
under-constrained problem. A human pose is usually represented and parameterized by a set of
joint positions and rotations, whereas its heterogeneous, dynamic, and highly versatile nature, as
well as the changes in camera viewpoint, makes motion reconstruction a difficult job.

Most papers in the literature estimate the human pose in 2D for one or multiple characters
by localizing joint keypoints in pixel space [1, 2] or by extracting the shape silhouette and then
retrieving the closest neighbor from a database [3, 4, 5]. More recently, and with the advent of
Deep Learning (DL), the community is moving to learning-based discriminative methods, where
the effectiveness of 2D human pose estimation has greatly improved [6, 7, 8]. The 3D skeletal
reconstruction, though, is a much harder problem [9, 10]. Even though there are methods that are
effective at 3D pose reconstruction, they are usually not real-time implementable, and suffer from
depth, and scale ambiguities. In addition, the reconstructed motion is temporally inconsistent and
unstable since they treat each frame independently, and do not employ bone lengths constraints.
The big challenge in this context is to learn rich features to encode depth, spatial and temporal re-
lation of the body parts so as to ensure smooth motion reconstruction [11, 12]. While some recent
methods run at high-frame (e.g., [11, 13]), they are still unsuitable for use in closely interactive
characters or crowds. This is because they require a tracked bounding box for each person, and
thus, they can only reconstruct the motion of a single person at a time.

The novel contribution of this thesis, in principle, is that it fits 2D deep estimated poses, taken
from a single, monocular camera, with the 2D multi-view joint projections of 3D motion data,
to retrieve the 3D body pose of the tracked character. Our method takes advantage of the recent
advances in deep and convolutional networks that allow 2D pose estimation of multiple characters,

and the large (and increasing) availability of motion capture data. More particularly, our method



infers the 3D human poses in real-time using only data from a single video stream. To deal with
the limitations of the prior work, such as the bone length constraints violations, the simultaneously
capturing of multiple characters, and the temporal consistency of the reconstructed skeletons, we
generate a database with numerous 2D projections by rotating, a small angle at a time, the yaw
axis of 3D skeletons. Then, we match the input 2D poses (which are extracted from a single video
stream using the OpenPose network [8]) with the projections on the database, and retrieve the best
3D skeleton pose that is temporally consistent to the skeleton of the previous frames, producing
natural and smooth motion.

Our approach is capable of estimating the posture of multiple characters in real-time, while the
reconstructed pose is always within a natural and feasible set. The performance of our method in
reconstructing 3D articulated motion is demonstrated in several examples, including video streams

taken from different points of view, and using multiple characters in the scene.



1.2 Method Overview

i s \‘“ i — )
oty Kb g
o St T [ i
LI}
’ e
Select 3D Animation from Retarget to a global 2D projections every 12° Group in clusters
Motion Capture Database skeleton & fps reduction around y-axis and store them in Database
for each animation frame & 'f'| .‘
R
i d “ u 1
f FITS $0L0T 44449
f T [ A[fRALAT P LA MDY
[ F T FYEET AN T Y
oo $44 44440 AARA
Video Get 2D skeleton Retrieve k best 2D Retrieve best 3D estimation 3D animation
(input) using OpenPose i ctions from Database from IfZD' that is temparaly (output)
& Normalize it consistent to prev frames.

Figure 1: An overview of the proposed method.

Our approach for motion reconstruction can be decomposed into two main parts: (a) the pre-
processing step, whereas a 2D pose database is defined by motion capture data projections, and
its entries are associated with 3D skeletons, and (b) the run-time step, where 2D joint positions
extracted from a video are matched to the 2D pose projections database in order to recover the 3D
skeleton and reconstruct the motion.

More specifically, as a first step, we retarget motion data taken from an online motion capture
database [14] into a universal skeleton format, and then compute the 2D projections of the 3D
skeleton from many different views. The 2D projections are associated with their 3D skeletons
and their viewing information, and stored in a database. The 2D projections are thereafter grouped
into mutually exclusive clusters, and for each cluster, we allocate a representative pose. Then, in
the second stage, for an input frame taken from a video stream, we extract in real-time its 2D
pose using the OpenPose network [8]. The 2D pose is then rescaled so as to be consistent with
the 2D projections stored in the database. We select the k-best matches from the database to the

input 2D pose, and retrieve their 3D skeletons. To achieve smooth reconstruction of the articulated



motion, we select the 3D skeleton from the k-matched projections that is temporally consistent to

the previous frame.



Chapter 2

Literature Review

Contents
2.1 Marker-based Systems . . . . . . ... .. Lo oo 6
2.2 Marker-lessSystems . . . . . .. ... o 7

2.1 Marker-based Systems

There has been a growing demand in recent years for realistic 3D animation in media and
entertainment, as well as for research and training purposes. 3D motion acquisition can be roughly
categorized as being achieved either using marker-based, or marker-less motion capture systems.

Marker-based systems are generally producing high-quality, realistic animations and are
mainly used by the movies and entertainment industries. They use fiduciary markers which are
attached near each joint to identify motion, and they provide real-time acquisition of labeled or al-
gorithmically tracked data to reconstruct the subjects’ articulated motion. More specifically, they
utilize data captured from special markers (passive and active) to triangulate the 3D position of
a subject inferred from a number of high speed cameras[15, 16]. The main strengths of optical

systems are their high acquisition accuracy, speed, and high sample rate capture. However, optical



hardware is expensive, intrusive by nature, and lacks portability; calibration is needed for precise
application of the markers, while extensive and tedious manual effort is required to recover the
misapplied or (self-)occluded markers [17, 18].

More recently, a number of autonomous systems have been developed that use a variety of
sensors, such as inertial measurement units (IMUs) [19, 20, 21]. Inertial mocap technology use
a number of gyroscopes and accelerometers to measure rotational rates, while these rotations
are translated to a skeleton model. Inertial systems do not require external cameras to capture the
sensors, and thus, they are portable and functional in outdoor environments. Nevertheless, marker-
based systems are costly and thus not suitable for home use, and more particularly, for interactive

applications or gaming.

2.2 Marker-less Systems

In general, there is a tendency to reduce the required equipment and the objects attached to
the body for motion tracking and reconstruction. One way to deal with sparse data is to model
the trajectories of the end effectors, and then apply kinematics models to fill in the gaps [22, 23].
The most popular way, though, is the use of marker-less systems (or vision systems), that are
becoming more and more popular since they are easy to set-up, have low cost, and are less in-
trusive, meaning that subjects are not required to wear special equipment for tracking. Usually,
the subject’s silhouette is captured from a single or multiple angles using a number of vision or
RGB-depth cameras [24, 25]. A voxel representation of the body is extracted over time, while
animation is achieved by fitting a skeleton into the 3D model, e.g., [26, 27, 28, 29, 30]. These
approaches can be broadly classified into discriminative, generative and hybrid approaches. Gen-
erative methods reconstruct human pose by fitting a template model to the observed data [31, 32].

Discriminative methods infer mode-to-depth correspondences, cluster pixels to hypothesize body



joint positions, fit a model and then track the skeleton [33, 34]. Hybrid methods use a combina-
tion of the aforementioned techniques to achieve higher accuracy [35]. Other works also include
methods for motion capturing using an architecture of multiple color-depth sensors to better deal
with occlusions or unobserved view angles [36, 37].

Skeletal pose estimation from a single camera is a much harder problem; the problem has been
tackled by localizing the joint keypoint positions in pixel space [1, 2], or by extracting the shape
silhouette and then retrieving the closest neighbor from a database [3, 4, 5]. For a recent overview
of 3D pose estimations, refer to [38].

More recently, deep learning has brought revolutionary advances in computer vision and
graphics, including efficient methods for pose estimation. Learning-based discriminative methods,
are quite popular for real-time 2D pose estimation of single or multiple characters [6, 7, 39, 8].
More recently, a number of methods tackled a much harder problem, that of 3D skeletal estima-
tion from single color images or videos [9, 10, 13, 40]. A common limitation of the discriminative
methods in 3D pose reconstruction, though, is that they typically run off-line, and since they do not
take into consideration the temporal consistency of motion (they reconstruct the 3D joint positions
on per image), the generated motion is oscillating. Moreover, they are restricted to the viewpoints
learned from the training data [41], while they suffer from depth, and scale ambiguities. The prob-
lem of different camera-views can be dealt by training the network to predict the same pose using
images from multiple views [42, 43]. Another major limitation is that the reconstructed 3D pose
is not assigned on a character model (3D joint positions are estimated independently), to enforce
kinematic constraints, resulting in temporal bone length violations. The methods in [11] (V-Nect),
and [12] animate a modelled character, work in real-time, and produce smooth animations in

terms of their temporal coherence. However, since they require each character to be tracked by a



bounding box, they only reconstruct single-person skeletons at a time, making them unsuitable for
closely interacting characters.

Our method overcomes most of the prior work limitations, including the 3D capturing of
multiple characters, the skeletal model constraints, and the production of smooth animation for

the articulated character.



Chapter 3

Data Acquisition
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Figure 2: A number of skeleton sequences used in our dataset 3, taken from the CMU motion
capture library.

The first step of our method, in a preprocessing time, is to define a pose database that will
be used to retrieve the 3D pose estimates. The database contains normalized 3D skeletons from
motion data sequences, associated with their 2D projections from different views. In order to
allow fast skeleton indexing and retrieval, the 2D projections are grouped into mutually exclusive

clusters and each cluster is associated with its representative 2D projection.

3.1 Motion Capture Data

We used a small dataset ® of mocap data, taken from the Carnegie Mellon University (CMU)
mocap library [14] (see Figure 2). CMU mocap library hosts a variety of mocap data (about 2,500
files), in the biovision hierarchy format (.bvh), in a consistent skeleton hierarchy as defined in
Figure 3. The dataset that we used consists of animation that is highly related to our input.

In our experiments, we only used a small dataset of different actions, in total 5 minutes of

motion (72,000 frames). Considering that our input consists of ordinary human motions such as
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walking, running, jumping, squats and hand movements like arbitrary rotations and boxing, we
selected animation frames mainly from 86 and some frames from 91, 111 and 127 CMU BVH
directories. To avoid repetitiveness of the same motion, We manually selected (using Autodesk
MotionBuilder) animation sequences, so we can achieve variation of motion in just 5 minutes of

motion.

3.2 Biovision Hierarchy Format

A BVH file consists of two parts. The first part is the header section which defines the
skeleton hierarchy. The definition is recursive, as each segment (joint) of the hierarchy defines its
children and contains data relevant only to itself. Each segment contains the translational offset it
has from its parent, and some channels that define the segments format. A channel can be either a
rotational offset or a translational offset from the segment’s parent. Usually, Root segment has 6
channels (Xpos, Ypos, Zpos, Zrot, Xrot, Yrot) and the other segments have 3 channels (Zrot, Xrot,
Yrot). The second part is the motion section which indicates the number of frames, the sampling
rate of the data and the actual motion data. The motion data is described by frames, and each
frame is defined in a single line of numbers appeared in the order of the channel specifications as

defined in the skeleton hierarchy.

3.3 Skeleton Retargeting & Fps Reduction

The human poses in the CMU motion capture data are represented by n = 31 joint positions
and rotations (some joints overlap, see figure 4 for skeleton definition). In our work we use 2D
poses that are estimated from an input monocular video using OpenPose [8] (see Section 4.1 for
more details), that are represented by m = 14 joint locations as seen in the figure 11. Thus, in

order to have a uniform and comparable skeleton, we retarget the CMU bvh data to a 3D skeleton
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Hips
[ T ‘ 1
LHipJoint RHipJoint LowerBack
LeftUpLeg  RightUpLeg Spine
LeftLeg RightLeg Spinel
‘ [ T ‘ 1
LeftFoot RightFoot Neck LeftShoulder RightShoulder Root
\ | | \ \ — \
LeftToeBase RightToeBase Neckl LeftArm RightArm LeftUpLeg RightUpLeg Spine
Head LeftForeArm RightForeArm LeftLeg RightLeg Spinel
LeftHand RightHand LeftFoot ~ RightFoot Neck LeftArm RightArm
LeftFingerBase LThumb RightFingerBase RThumb Head LeftForeArm RightForeArm
LeftHandIndex1 RighHandIndex1 LeftHand RightHand

Figure 3: CMU and our BVH Skeleton Hierarchy.

that its projection in T-pose' matches the 2D skeleton (in T-pose) returned by OpenPose (see
figure 5 for skeletons comparison).

The CMU motion capture data is originally sampled at 120 frames per second (fps), but since
human motion is locally linear, and in order to reduce the computational cost, we resample it to 24

fps (using Autodesk Motion Builder) without much loss of the temporal information (see [44]).

1. Hips 17. Head
2. LHipJoint 18. LeftShoulder
3. LeftUpLeg 19. LeftArm
4. Leftleg 20. LeftForeArm
5. Left Foot 21. LeftHand
6. LeftToeBase 22. LeftFingerBase
7. RHiploint 23. LeftHandIndex1
8. RightUplLeg 24. L Thumb
9. RightLeg 25. RightShoulder
10. RightFoot 26. RightArm
11. RightToeBase . 27. RightForeArm
12. LowerBack i 28. RightHand
13. Spine 29. RightFingerBae
14. Spinel 30. RightHandIndex1
15. Neck 31. Rthumb
16. Neck1 5 10 s x: End Site

X P

Figure 4: CMU BVH Skeleton illustration

'T-Pose is the default state of a 3D model described by stretched arms and legs so they form the letter T.
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Figure 5: Retarget CMU skeleton to a simplified skeleton that matches the 2D skeleton returned
by OpenPose.

3.4 Normalized 2D Projections

After the skeleton retargeting and fps reduction, we extract 2D normalized projections from
each animation frame. The projections have the new skeleton (as defined in figure 5) but with the
joints 1,2,4 being removed. We remove these joints because they do not give additional informa-
tion about the posture, however they are necessary for the definition of the bvh skeleton hierarchy.
As aresult, the skeleton now matches exactly the skeleton of OpenPose skeleton (see figure 11 for
OpenPose skeleton). The frame processing of each .bvh file, is implemented in C# in Unity 3D,
using BvhlmporterExporter from Winterdust, a library that allows us to import .bvh files in Unity
3D and get data about the joints in each frame. Thus, for each frame we get the 3D positions P of
the joints and we reposition P so each joint is relative to the Root> and Root joint is positioned
at < 0,0,0 >. In addition we scale P by a ScalingFactor which is defined and discussed in

Section 3.5.

PRroot = (PLeftUpLeg + PRightUpLeg)/z;

2Root is the middle point of LeftUpLeg and RightUpLeg (see figure 11)
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Py = P; — PRoot;
P, = P; x ScalingFactor;;

Then we create 2D Projections from different angles, by rotating the set P by an angle a

around y-axis each time:
P; = Quaternion.Euler(0,a,0) x P;

Z-value is omitted (or equals to zero) when referring to the set P’ as a 2D projection; however
we keep the 3rd dimension (2) as it is useful to create (later on) articulated motion using the set P’
as a set of 3D positions (see Appendix A).

Skeleton retargeting and scaling are crucial since we will compare the input to our database

pixelwise the joint locations of the 2D skeletons joint-by-joint.

Projection Angle

In order to make our method invariant to the camera view, and robust against fine-grained
pose variations, for each frame we compute the 2D projections of the 3D skeleton, rotated by an
angle # at a time (6 = 12°) on the yaw axis, resulting in total to 30 projections per frame. The
main idea is to assign for each 3D pose multiple 2D projection representation from many different
camera viewpoints, and is illustrated in Figure 6. Each 2D projection is associated with its initial
3D skeleton (pointed to its frame on the bvh animation), by indexing the corresponding frame on
the animation, and its rotation angle. Note that, in this work, we place the camera at 1.5 meters
above earth plane (common height for video recording), and similarly, we project the 3D skeletons

assuming that the camera is at the same height.
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Figure 6: Multi-view skeleton projection. For each frame, we rotate the 3D skeleton by an angle
0 at a time on the yaw axis, and create 2D projections.

3.5 Scaling 2D Figures

The same scaling method is used in normalizing both the 2D figures of the Database and the
2D figures of the input. We have examined two methods of calculating the scaling factor of a 2D
figure: Scale by bones length and Scale by bounding box. The first method, scales a 2D projected
figure to a global skeleton, using bones length; a bone is defined as the edge between two joints.
We concluded that this method does not always guarantee correct scaling because bone length
can be altered simultaneously when 2D projected. More specifically, this method may fail when
the bone lengths in the torso area are altered. The second method is simpler as it scales all 2D
projected figures so their bounding box remains constant; meaning that all figures will have the
same height. We use this method as bones length alteration does not affect the reliability of the

results.



17

3.5.1 Scaling using Bones Length

We are going to take a glimpse into this method because despite its disadvantage described in
the introduction, it works in most cases. Particularly in this method, the scaling factor is calculated

by the ratio of a bone of the figure and the corresponding bone of the global skeleton (eq. 1).

Length(GlobalSkeleton, Bone;)

ScalingFactor(Bone;) = Length(Figure, Bone)
i (2

ey

In the equation we use the bone that its length has the least alteration when it has been pro-
jected. To determine which bone is the best to use, we test all bones that belongs to the torso
area (see Algorithm 1). We omit the limbs because their length change more often when they are
2D projected. For each bone, we create a new figure that is scaled using the scaling factor from
eq. 1. Finally, we select the scaling factor that scales a figure so the torso bone lengths have the

minimum difference from the corresponding bones of the global skeleton.

Algorithm 1 Calculate Scaling Factor using best bone

Require: B, List of bones in Torso area
G S, Global Skeleton
F, Figure to be scaled

1: procedure GETBESTSCALINGFACTOR(F, GS)

2 for each b € B do

3 error =0

4: sf <« ScalingFactor(b)

5: SF < Scale(F,sf)

6 for each b € B do

7 error = error+ | Length(SF,b) — Length(GS,b) |

8 end for

9: A < (error,sf)

10: end for

11: return minError(A)

12: end procedure

To evaluate Algorithm 1 we compare the results of the algorithm to already known scaling

factors of various figures. Particularly, we scaled a figure F' by x units, that its 3D skeleton S
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is known. Then, we compare the scaling factor that GETBESTSCALINGFACTOR(F,S) returns, to
the = value. We run this test for 2,000 various figures and we conclude that the bone defined
by the Spine and Root joint (the point between RightUpLeg and LeftUpLeg, see figure 11) is
always selected as the best bone to use in the calculation of the scaling factor, with the numerical
difference from x being 0.00876 on average. Despite the fact that this method does not guarantee

correct scaling due to the possibility of torso length alternation, it is effective in any other case.

3.5.2 Scaling using Bounding Box

This method is simpler; it scales the 2D pose projections so their bounding box remains con-
stant over time. It ensures that the height, which is defined as the distance of the lowest point L
and the highest point H of the figure, is the same for all 2D pose projections. More specifically,
the scaling factor is the ratio of the height to a constant number X; meaning that all 2D pose

projections will have height equal to X.
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3.6 Data Clustering

To allow fast skeleton indexing and retrieval, we position the 2D pose projections into d-
dimensional space using Multi-Dimensional Scaling (MDS) [45] and we apply the k-means al-
gorithm to group the data into clusters. All steps are implemented in Matlab R2018b, using

mdscale() and kmeans() built-in functions.

3.6.1 Dissimilarity Matrix and Multi-dimensional Scaling

First step of the clustering procedure, is to create a dissimilarity matrix that represents the cor-
relations of our data (2D pose projections) and apply Multi-Dimensional Scaling (MDS) [45] for
dimensionality reduction. We tried different dimensionalities, R , and the quality of embedding
seems to be equally well for 2 < d < 5. The distance metric used to compute the distance between

the 2D skeletal projections to create the dissimilarity matrix, is defined as:

k=1

where m is the number of joints, and py, q, € R? are the joint positions of the two skeletons 4
and j. The term d (py, q ) represents the Euclidean norm between the two joint positions.

Since for each frame we extract 30 projections (rotated by an angle § = 12° on the yaw-
axis), our 2D projection database ® consists in total with 216, 000 pose projections. Considering
the computational complexity of MDS (O(N3)), in order to reduce the processing time and data
usage, we randomly group our 2D projections set into smaller groups and apply the clustering

procedure to each group separately. Thus, we grouped the 216, 000 projections into 10 groups.
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3.6.2 K-Means

2D projection representations in R¢ are then grouped into mutually exclusive clusters. We
use the k-means clustering algorithm (Lloyd’s algorithm) to create clusters that are separated by
similar characteristics (see figure 8 for clustering visualization). For each cluster, we also define
a representative pose that is the one closest to the centroid of the cluster. Figure 7 portrays the
2D poses of five selected clusters and their representative skeletons. As can be seen in Figure 7,

similar 2D projections corresponds to many different 3D skeletons.

Figure 7: Five selected clusters with their representatives. The projected poses with the smallest
distance to the centroid are placed nearest to the center, and as we move further from the center,
the poses are less correlated to the centroid.

Selecting the right number of clusters for organizing ® is very important since it will allow
fast indexing, and searching of poses, but it will also guarantee the quality of motion retrieval.
To find the ideal number of clusters, we increased the number until the mean distance between
the projections of each cluster and its centroid, do not change more than 1% (see Table 1 and
Figure 9).

We need to acknowledge that the k-means algorithm does not always converge to the optimal
solution, because the algorithm depends on the initial cluster centroid positions. As a result, some
clusters may contain projections that are irrelevant to the representative. Let’s take a deeper look

into the algorithm and explain how to minimize this error. k-means as implemented in Matlab
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Figure 8: Visualization of Clusters: 100, 300, 400 clusters for the same sample of data. Colors
only demarcate a cluster from its neighbours. The x-mark in each cluster represents the centroid
of the cluster.

R2018b, uses a two-phase iterative algorithm to minimize the sum of point-to-centroid distances.
The first phase is described as batch updates, where all points are assigned to their nearest cluster
followed by recalculation of cluster centroids; this phase by its very nature does not guarantee
to a local minimum solution. During the second phase, described as online updates, points are
individually reassigned reducing the sum of point-to-centroid distances, and then the centroids are
recomputed. Using the second phase, the algorithm converges to a local minimum, but undoubt-
edly there is no guarantee that this is the global minimum. In conclusion, in Matlab R2018b, in
order to get satisfactory results we need to enable the online updates phase, set the Replicates
option to repeat the clustering r times and get the solution with the local minimum. Executing the
clustering multiple times is not time consuming if we execute them in parallel, by enabling the
Use Parallel option which activate as many workers as we need, considering the available virtual

cores of the machine.



Group id #

Number of Clusters

Mean distance from Centroid

1

O 00 O AW

10

490
470
440
480
440
360
400
400
500
410

0.6859
0.7226
0.6499
0.6574
0.6443
0.5372
0.5527
0.5897
0.7135
0.6089
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Table 1: Indicates the number of clusters for each group of projections, when the mean distance
between the projections of each cluster and its centroid do not change more than 1% while in-
creasing the number of clusters.
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Figure 9: The rate of change of the mean distance between representative and projections is de-

creasing while the number of clusters is increasing.
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4.1 Input Processing

4.1.1 OpenPose

For an input video stream, we use OpenPose to estimate, in real-time, the 2D pose of the
characters. OpenPose is a bottom-up approach that uses Part Affinity Fields, a set of 2D vector
fields that encode the location and orientation of limbs over the image domain, offering robustness
to early commitment. It offers state-of-the-art accuracy, it returns the 2D key points of the joints
for multiple articulated characters at the same time, but most importantly, it decouples runtime

complexity from the number of people in the image, achieving low computational cost.

(f)

Figure 10: OpenPose pipeline: (a) Input image in the CNN which predicts the (b) confidence
maps for body part detection and (c) PAFs for (d) body parts association. (e,f) The final result is
the assembly of the body parts into a full pose.

In this project, we assume that the character’s skeleton is fully visible at the camera, meaning
that all 14 joint 2D positions are known. However, in a video sequence some joints may be uniden-
tified due to occlusions, body parts may be out of frame or not stand out from the background.

Future work will see the introduction of a pose recovery method (see section 6.2).

4.1.2 Scaling the Input

Since the 2D joint locations are inferred from a video, the size of the estimated pose is de-

pended on the size of the tracked character (e.g., adult or child), and its depth (e.g., how far or









































































































