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Niccolò Bisagno, PhD, Assistant Professor, University of Trento, Italy

Thesis defense: June 2nd, 2025
Examiners: Prof. Dr. rer. nat. Rainer Lienhart

Prof. Dr. rer. nat. Elisabeth André
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Abstract

Since the emergence of professional sports competitions, athletes have continually sought
to enhance their skills to achieve success. In recent decades, the widespread availabil-
ity of cameras and smartphones has made video and image analysis an integral part of
sports training, helping athletes to assess their performance and analyze potential for
improvement. Since the rapid pace of athletic movements often makes it nearly impossi-
ble for the human eye to capture every detail in real time, even for coaches which excel
at identifying errors and areas for improvement, video or image based analyses can help.
Video recordings allow for detailed analysis through slow motion and repeated replays,
enabling comprehensive feedback to athletes. However, such manual analyses are both
time-intensive and laborious. This thesis explores the application of computer vision
techniques to automate motion analysis in the demanding context of sports. The focus
of this thesis is on individual sports, where tracking the athlete’s posture is critical for
movement evaluation. Specifically, we investigate the tasks of 2D Human Pose Estima-
tion (2D HPE) and 3D Human Mesh Estimation (HME) within the unique challenges
posed by individual sports disciplines, including rapid motions and extreme body poses.

In the first part of this thesis, we focus on 2D HPE with imperfect data. Since
niche sports often lack financial resources, the recordings are often of low quality due
to outdated camera equipment. Further, the amount of annotations is mostly limited,
due to the same reasons and time constraints of the coaches. Therefore, we propose two
methods to tackle these problems. For ski jumpers, we create an approach that combines
a 2D HPE model with heuristics and a robust optimization method to automatically
estimate important flight parameters from low-quality videos. Moreover, we propose
two competitive methods to train a 2D HPE model in a semi-supervised manner with
just 50 labeled images for triple and long jump athletes.

The second part of this thesis proposes a new method to estimate arbitrary keypoints
on the human body and sports equipment. Such keypoints can be used to improve the
robustness of analyses relying on single keypoints and enabling new types of analyses
which require more knowledge of the body pose than just a simple skeleton. We leverage
the capabilities of Transformer networks and are able to train a model that can estimate
an arbitrary amount of freely selectable points on the human surface. We introduce a
new metric to measure the ability of the model to estimate the keypoints at the correct
distance from the border of the corresponding body part and prove that our model
performs well on this task. With these new capabilities, new types of human motion
analyses can be performed, e.g. involving the body outline of athletes like in running
analyses.

However, the keypoints are still limited to two dimensions, which is sufficient for many
analyses, but not for all. Therefore, in the third part of this thesis, we propose a method
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to estimate 3D human meshes of athletes which ensures consistent body shapes for each
athlete. Investigations of existing HME models and even datasets show that body shapes
of the same person are inconsistent in almost all cases, meaning that the basic body shape
like bone lengths of forearms, thighs, etc., changes. Therefore, we create a new model
that can estimate a consistent body shape from anthropometric measurements. Based
on this model, we propose a novel HME method that outperforms existing HME models
in the sports domain by a large margin.

In summary, this thesis deals with the estimation of human poses and meshes in the
challenging context of individual sports. We propose solutions for 2D HPE with im-
perfect data as it is common in niche sports and introduce new methods for estimating
arbitrary keypoints on the body and equipment of athletes, enabling new types of anal-
yses. Finally, we propose a novel HME method that ensures consistent body shapes
for each athlete, outperforming existing methods in the sports domain. The methods
proposed in this thesis can be used to automate motion analysis in individual sports,
providing coaches and athletes with valuable insights to improve performance.
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1 Introduction

Passion and interest for sports is a common trait among people worldwide. Sports are
not only a form of entertainment, but also a way to stay healthy and fit. They can be
a source of inspiration and motivation, and can also be a way to bring people together,
regardless of their background, culture, or beliefs. Being a fan of a sports team, a specific
athlete, or the athletes of the own country unites people from different social classes and
generations. Public interest makes sports attractive to sponsors, such that professional
athletes of popular sports are able to make a living as long as their performance is good
enough to attract sponsors and fans.

The rise of Deep Neural Networks (DNNs), especially in computer vision applications,
has changed a lot in sports. On the one hand, DNNs are used to improve the experience
of viewers and fans. Only a small amount of fans is able to watch sports highlights
live in the stadiums, but many more can watch the games and competitions on TV
or online. Large effort is put into the production of sports broadcasts, such that the
viewers can follow the game as if they were in the stadium. DNNs can be used to
enhance the experience of these remote viewers. Applications of computer vision include
automatically detecting and tracking players to display their running paths, providing
additional information about the athletes or the game, investigating critical situations
and referee decisions, and to create highlights.

On the other hand, DNNs are also used by the athletes and coaches themselves. They
are facing the constant pressure of improving their performance to keep up with the
competition. Detailed analyses of their own performance and the performance of their
competitors is crucial to identify weaknesses and strengths, and to develop strategies
to improve. Using DNNs to analyze the performance in detail, and provide feedback
about improvements and mistakes to the athletes and coaches, can make the difference
between victory and defeat.

In individual sports, such analyses are mainly based on the athlete’s movements. The
movements of the athletes are captured by means of cameras, and the recorded video
data is processed by DNNs to extract the necessary information. The most important
information is the pose of the athlete, which describes the position of the joints and body
parts of the athlete at a specific point in time. The exact selection of the joints depends
on the sport and the specific requirements of the analysis. The task of estimating
such a pose from an image or video is called Human Pose Estimation (HPE) in the
computer vision community. Apart from image classification, object detection, and
semantic segmentation, HPE is one of the main benchmarking tasks in computer vision.
Therefore, it has gained a lot of attention in the research community in the last years
and many models have been proposed to solve this task, resulting in better and better
results on standard benchmark datasets.
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With the rapid advances in deep learning and computer vision, the capabilities of
HPE models have improved significantly. Starting with estimation of 2D poses of single
humans in the pixel space of images, research moved on to solve more complex tasks
including the simultaneous estimation of poses from multiple humans in the same image,
the estimation of poses with fine-grained details like hands or faces, and the estimation
of 3D poses from monocular 2D videos. Moreover, a similar task called human mesh
estimation (HME) has been introduced, which estimates a 3D mesh of the human body
from a 2D image. This task does not focus on main joints like HPE, but tries to capture
the whole body surface.

However, most research is focusing on everyday poses and activities. In most cases,
applying such models to sports data results in poor performance, because the poses in
sports are often more challenging to estimate. At the same time, sports analyses require
precise data to be useful for the athletes and coaches. Therefore, this thesis is dedicated
to the development of models that are able to tackle the challenges of sports data and
provide accurate pose estimates. Our goal is to leverage the recent advances in computer
vision to improve automatic sports analyses and to provide athletes and coaches with
the necessary tools to improve performance.

1.1 Problem Definition and Challenges

In this section, we want to give a brief overview of the main problems and challenges
that we are addressing in this thesis.

2D Human Pose Estimation The goal of 2D Human Pose Estimation is to locate se-
lected keypoints of the human body in images or videos. Such keypoints are typically
visually distinct features like joints (e.g, elbow, knee, ankle) or body landmarks (e.g.,
nose, eyes, big toe tip, head top). The task is to estimate the 2D coordinates of this
sparse set of keypoints in the image plane. Since we want to use 2D HPE for sport anal-
yses in this thesis, we require 2D HPE models with highly accurate keypoint detections.
Although huge advances have been made in the recent years, including powerful Con-
volutional Neural Networks (CNNs) and Transformer architectures, 2D HPE remains a
challenging task on its own.

One challenge that 2D HPE faces is the spatial resolution of DNN models. Achiev-
ing highly precise keypoint detections requires high-resolution features throughout the
model. This has a direct impact on the model architectures. Obtaining a large receptive
field and high-resolution features at the same time is challenging. This problem can be
simplified a bit by using crops of the humans in the input image instead of the whole
image as an input to the HPE model, but this introduces the additional step of detecting
the humans in the image first. Further, the HPE model needs to be run multiple times,
once for each crop. Moreover, achieving a high spatial precision with only cropped inputs
is still challenging.

Another challenge for 2D HPE is occlusion, especially self-occlusion. For example, if
a human is viewed from the side, the keypoints on the far side of the body are partly

2



1.1 Problem Definition and Challenges

or fully occluded by the body itself. 2D HPE models need to be able to estimate all
required keypoints, even if they are not visible in the image. This is a challenging task,
because the model needs to understand the context of the image and the human body
to estimate all keypoints correctly.

Sports Data Apart from the general challenges of 2D HPE, sports data introduces
additional challenges. Human motion analyses have already been carried out for a long
time in some sports disciplines. However, most of the time, these analyses are done
manually by human experts, which is a time-consuming process. The annotations that
result from this manual process can easily be used as labels for training HPE models,
which is an advantage. However, some annotations are specifically made based on as-
sumptions or internal knowledge for the analyses and do not match the requirements of
the HPE models. An example is the annotation of ski jumpers during their flight phase,
recorded from the side. Coaches usually only annotate the keypoints on the near side.
However, if body parts or skis from both sides are visible, the annotators have decided
to set the keypoint in the middle of both visible keypoints. This semantic is extremely
difficult for HPE models to learn, which results in poor performance in these scenarios
and the necessity to reannotate this data.

In contrast to scenarios where already existing manual motion analyses should be
replaced by automatic HPE models, there are also sports disciplines where no motion
analyses are carried out yet. Consequently, the available data is entirely unlabeled. Since
annotating is both time-intensive and constrained by the limited availability of coaches,
only a small amount of data can realistically be annotated. This leads to the creation
of small datasets. In contrast, standard benchmark datasets for everyday activities are
orders of magnitude larger, which is an essential requirement to train modern DNNs
with millions of parameters. Training HPE models on these limited datasets results
in poor generalization to new data, presenting a significant challenge for sports-related
applications.

Another significant challenge in sports data is the quality of the images. Sports events
or trainings are often captured under difficult conditions, including poor lighting, ex-
treme weather, rapid movements, and frequent occlusions. Additionally, niche sports
often face limited funding, resulting in the use of outdated or unsuitable cameras. These
factors lead to noisy and low-quality images, making it challenging for HPE models to
accurately estimate keypoints. Furthermore, variations in camera angles across different
viewpoints exacerbate the difficulty, hindering the models’ ability to generalize effectively
to new perspectives.

Closely linked to image quality is the challenge of fast and diverse motions. Athletes in
sports perform rapid and complex movements, which are often not present in everyday
activities. These movements can lead to motion blur, which degrades the image quality.
Additionally, the poses of athletes in sports are significantly more diverse than in every-
day activities. For example, gymnasts perform maneuvers where they are upside down
or extremely bent, high jumpers arch their backs and jump almost horizontal over the
bar, and ski jumpers are stretched out during their flight in an unnatural angle. Such
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poses require HPE models to learn an exceptionally broad spectrum of poses, compli-
cating their ability to capture the underlying semantics of the human body. The first
part of this thesis focuses on tackling the challenges of sports data and improving the
performance of HPE models for the sports domain.

Detection of Freely Selected Keypoints The second part of this thesis is built around
the problem of detecting freely selected keypoints on the human body. 2D HPE mod-
els are typically trained to detect a fixed set of keypoints. These keypoints need to be
annotated in the input data and the network is trained to predict the positions of these
keypoints. Typical sets of keypoints contain 10 to 40 keypoints that we call standard
keypoints. Some applications like specific sport analyses require additional keypoints,
e.g., on the boundary of body parts to analyze the movements in a more fine-grained
manner. These keypoints are not part of the standard set of keypoints and are not
annotated in the data. Annotating such a large number of keypoints is infeasible. Defi-
nitions like all points on the boundary of a body part (e.g., the outline of the legs) result
in a continuous spectrum of keypoints. Although restricted to pixel coordinates, such
definitions can result in huge amounts of keypoints, especially in large images. There-
fore, annotating these keypoints is not feasible. An alternative would be to use the set
of standard keypoints combined with a segmentation model that predicts segmentation
masks for the body parts. However, datasets with fine-grained segmentation masks of
body parts are rare. Therefore, models that are trained on the body part segmentation
task have poor performance, especially for challenging images. Specific keypoints derived
from such segmentation masks are not reliable and therefore not usable for downstream
tasks.

Apart from deriving arbitrary keypoints from segmentation masks and standard key-
points, models can be trained to detect arbitrary keypoints directly. This strategy
introduces other challenges. First, the number of keypoints is not fixed, which requires
to design a model architecture that can handle an arbitrary number of keypoints. Most
2D HPE models are designed to predict a fixed number of keypoints and each of their
outputs are designated to a specific keypoint. Second, labels for every possible keypoint
need to be generated. Annotating them is not feasible as mentioned above, therefore
another method is needed. Generating them based on segmentation masks is possible,
but error-prone, since the segmentation masks are often of poor quality. This needs to
be taken into account when training a model.

Human Mesh Estimation in Videos The third part of this thesis shifts the focus from
2D HPE to the third dimension, especially Human Mesh Estimation (HME). Detecting
all keypoints on the human body in three dimensions results in the detection of the
whole body surface, which is essentially the task of HME. HME is a more complex and
challenging task than 2D HPE. It requires the estimation of a fine-grained mesh of the
human body in 3D space, which consists of a vast amount of vertices. Most HME models
simplify the task by disentangling the estimation of the body pose and the body shape,
while modeling the human body by a predefined template mesh which can be adjusted
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to the estimated pose and shape. This simplification makes the task feasible, since it
reduces the output space dimensions by a large margin.

However, the task remains challenging. The main challenge is the lack of ground
truth data. While 2D HPE can be easily annotated by clicking at the correct joint
positions in images, 3D annotations are much more difficult to obtain. The most common
method to obtain 3D keypoint annotations is to use motion capture systems, which
are expensive and require a controlled environment. They are mainly applicable in
lab environments, which results in poor generalization to in-the-wild data. Another
option is to use already trained 3D HPE models to obtain first guesses for the 3D
keypoints for images from multiple camera views and apply correction mechanisms.
This strategy is applicable to in-the-wild data, but requires synchronized cameras and
results in less accurate data. Such 3D keypoint annotations can be used to train 3D
HPE models and weakly supervised HME models, but for a full HME model training,
they contain not enough information. HME ground truth data needs to contain not
only the keypoints, but the whole body surface. This data is even more difficult to
obtain. Some small datasets exist which are created by obtaining 3D scans of humans
and afterwards fitting the template mesh to the scans. However, these datasets are
small and not diverse enough to train a model that generalizes well. Therefore, the
(additional) usage of synthetic datasets with artificially generated humans is prevalent
in the research community. Further, a combination of trained HME models, 3D and
2D HPE models, heuristics, different camera views, and manual annotations are used to
create labels, but the quality of these labels is not ideal for training accurate models.

A shared challenge for both HME and 3D HPE models is the extraction of the third
dimension from monocular 2D images. HME models often operate similarly to depth
estimation models, using single images to infer the missing third dimension using visual
features. In contrast, many 3D HPE models leverage the time domain by first extracting
2D poses from a video and then estimating a single 3D pose from a sequence of 2D poses.
This approach effectively utilizes temporal information, akin to multiple camera views,
by making use of consistent properties of the human body, e.g., immutable bone lengths.
However, this method is not directly applicable to HME models, as the 2D pose alone
is insufficient to reconstruct the body surface. Consequently, recent HME models still
rely on single images, since incorporating long frame sequences is impractical due to the
high computational cost. This limitation leads to inconsistencies between consecutive
frames, presenting a significant challenge that this thesis aims to address.

1.2 Contributions

The contributions of this thesis can be summarized as follows.

Reliable Determination of Ski Jumpers’ Flight Parameters Ski Jumping is a niche
sport, which is the reason why even professional ski jumpers need to manage their
training analyses with low financial resources. Therefore, coaches are still using old low-
quality and low-resolution cameras to evaluate the performance of their athletes. They
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Figure 1.1: Relevant angles of a ski jumping pose: upper body angle (yellow), lower body angle
(orange), total body angle (purple), average ski angle (blue) and angle difference
between lower body and skis (white). The green line represents the tangent to the
flight trajectory of the athlete.

use these videos to manually annotate some keypoints of the athletes and calculate the
flight parameters of the ski jumpers based on these. Important flight parameters contain
the angle of the lower body and the skis, the angle of the upper, lower and total body to
the flight trajectory and the ski angle, as visualized in Figure 1.1. These parameters are
crucial for the performance of the ski jumpers. We can show that executing a PCA on
these parameters can roughly indicate the jump length [52]. Since manual annotation
of keypoints in multiple frames and for multiple camera views is time-consuming, such
analyses are only available for top-class athletes. We leverage the already annotated
keypoints from manual analyses to train a 2D HPE model on ski jumpers. Existing 2D
HPE models fail on this task since the appearance of ski jumpers is very different from
everyday poses. Our trained model performs by far better, but still makes errors, often
due to low image quality. The manual workflow of the coaches includes selecting the
best frames for each camera view and calculating the flight parameters as the mean of
the angles in each annotated frame. We incorporate a similar approach. First, we filter
the model detections with various heuristics to remove obviously wrong poses. Next, we
use the robust technique of RANSAC to calculate the flight parameters. We evaluate
two variants of RANSAC. One variant is based on the detected keypoints and the other
one based on the flight parameters. Our best method estimates 99.3% of the flight
parameters correctly within an error margin of 5 degrees. A former approach tried to
solve the same problem, but produced worse results that were not usable by the coaches
for a reliable analysis. With our approach, this is now possible, and flight parameter
analyses can be made available not only for top class athletes, but also for any athlete
using a ski jumping hill equipped with cameras.

Improving 2D HPE Models on Limited Labels with Semi-Supervised Learning Unlike
ski jumpers, coaches in other niche sports disciplines often cannot utilize motion analysis
for their athletes due to time or financial constraints. In many sports, general-purpose
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2D HPE models are unsuitable because of the significant domain gap between everyday
datasets and specific sports contexts. To address this challenge, we explore strategies for
achieving optimal detection performance with minimal annotated data, thereby reduc-
ing the effort required for manual annotation. Given that collecting image material is
relatively straightforward, our focus lies on semi-supervised learning approaches, which,
to the best of our knowledge, had not been extensively explored for HPE at the time of
our research [58].

We first investigate a self-training-based method [96]. Initially, a baseline model is
trained using labeled data. This model is then employed to generate pseudo labels
for unlabeled images. To ensure the quality of these pseudo labels, we filter them by
comparing model outputs across different augmentations, as this approach proves to be
more reliable than relying solely on model confidence. After the training converges, we
update the pseudo labels using the newly trained model and repeat the process for three
to four iterations until convergence. Additionally, we experiment with mean teacher
training [86], which employs an exponential moving average (EMA) model to produce
pseudo labels, which is called the teacher model. The student model is trained on
augmented images, while the teacher model generates labels on non-augmented images.

Both approaches are evaluated on a dataset containing images of triple and long jump
athletes, using only 50 labeled images. The self-training approach demonstrates signifi-
cant better performance, closing 60% of the gap between fully supervised training on all
available images and fully supervised training with only 50 labeled images. Specifically,
we achieve a Percentage of Correct Keypoints (PCK) at threshold 0.1 of 88.6%. This is
a good result given the limited labeled data, and it is sufficiently robust for coaches to
integrate the model into their motion analysis workflows.

Directly Detecting Keypoints between Standard Keypoints Using a fixed set of key-
points limits not only the possible analyses, but also the performance of several analyses.
Regarding the flight parameters of the ski jumpers which are angles calculated from key-
points, using more than just three keypoints to estimate the angle would result in a more
robust estimation. Therefore, we create a new type of 2D HPE model which is able to
estimate not only the standard keypoints, but also the continuous straight line of points
between two standard keypoints. A visualization can be found in Figure 1.2, where these
intermediate keypoints are colored in white. Since all points are detected individually,
the result is not as straight as the line. This has the advantage that errors in some key-
points can be compensated by other detections for the calculation of derived parameters
like the flight angles.

Estimating continuous points is a challenging task and has not been studied before
our work. Typically, the output dimension of HPE models is fixed, resulting also in a
fixed number of output keypoints. We solve this problem by using a Transformer [89]
architecture, which is able to handle input sequences of different lengths. Apart from
visual tokens which are the typical input for Vision Transformers (ViT) [18], we add a
token for each desired keypoint to the input [53]. In contrast to TokenPose [48] which
uses a similar architecture, we do not learn an input token for each standard keypoint,
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Figure 1.2: Example detection results for arbitrary keypoint detection, visualized with equally
spaced lines to both sides of each body part of the athlete including the outer
boundary in pure color and the central line in white with a color gradient from the
boundary to the intermediate keypoints (white). Different body parts are visualized
with different colors.

but a mapping from a human-readable keypoint query vector to the corresponding token.
The keypoint query vector can be designed to detect any point on the line between two
standard keypoints. Our model can deal with an arbitrary number of keypoint tokens.
Experiments on sports datasets with ski jumpers and triple and long jump athletes as
well as on the everyday activity dataset COCO show that our model is able to detect
standard and intermediate keypoints with high accuracy.

Estimation of Arbitrary 2D Keypoints Intermediate keypoints help to improve some
kinds of sports analyses, but are limited in their use. Therefore, we extend our method
in various steps to detect any arbitrary keypoint on the human body and further on the
skis of ski jumpers. We use the same architecture as for the intermediate keypoints, but
change the keypoint query vectors such that they capture the whole surface of the human
body and not only the intermediate line. An example is provided in Figure 1.2. We keep
them human-readable, such that the necessary keypoints for any kind of analysis can be
expressed with the keypoint query vectors.

Creating ground truth data for this task is challenging. Therefore, we focus on the
limbs at first, since it is easier to create ground truth for them [54]. We use the standard
keypoints together with segmentation masks to create ground truth labels. Next, we
include the skis and incorporate strategies to deal with only partly correct segmenta-
tion masks. In this way, we are able to leverage low quality automatically generated
segmentation masks for our task [55]. Lastly, we extend our method to detect arbitrary
keypoints on the whole body and include head, hands, feet, and torso to our approach
[57]. We experiment with different strategies to encode the keypoints. Moreover, we im-
prove the detection on bent arms and legs by improving the label generation mechanism.
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This is especially important for sports analyses, since athletes often perform poses with
heavily bent limbs.

Furthermore, we find that adjustments to the architecture are necessary. The ViT
architecture aggregates information between all tokens. This leads to keypoint queries
having an influence of each other and the detected keypoints being dependent on the
other keypoints that should be detected. Since this behavior is not desired, we introduce
a mechanism to make the keypoint queries independent of each other. We restrict the
attention mechanism to the visual tokens similar to cross-attention [9]. This results in a
robust detection of the keypoints, meaning that the detected output for each keypoint
is independent of the other keypoints.

Improving HME Performance with Temporal Cues and Consistent Body Shapes Be-
ing able to detect arbitrary keypoints on the human body in images enables new motion
analyses, but is still limited to two dimensions. Therefore, we aim to lift the detection
of arbitrary keypoints to the third dimension, which is equal to the detection of the
whole body surface or the task of HME. At first, we evaluate the ground truth quality
of available 3D HME and HPE datasets. We find that the body shape of humans in the
datasets is not consistent in most datasets [56], meaning that immutable parameters like
bone lengths of the same person differ from frame to frame in 3D HPE datasets and the
body shape parameters are not identical for subsequent frames in HME datasets. This
is a problem especially in the field of sports which requires precise estimations for the
motion analysis. By analyzing the results of existing HME models, we find even larger
inconsistencies in the estimated body shapes. Therefore, we propose an approach to
achieve consistent body shapes and accurate meshes with marginal overhead.

Since professional athletes are measured anyway, we propose to leverage anthropo-
metric measurements to generate a fixed body shape per person for the SMPL-X body
model [69]. Since the body shape parameters are not human interpretable, we learn
a small MLP and use Support Vector Regression (SVR) to generate the body shape
parameters from the anthropometric measurements. The resulting models can be used
to create a single set of body shape parameters per person, which we reuse for all frames
showing this person. Using these body shape parameters instead of the estimated ones
can already improve the results of existing HME models.

However, the results of HME models are not satisfying regarding the precision of the
keypoints. 3D HPE models outperform them. A reason is that 3D HPE models operate
on sequences of 2D poses, whereas HME models operate on single images. Therefore,
we propose to leverage 3D HPE models for HME. We use the 3D HPE model Uplift and
Upsample [21] to estimate 3D poses. Next, we use Inverse Kinematics (IK) to adjust
a SMPL-X body model to the estimated 3D poses. We discard the IK result for the
body shape and keep the body pose, which contains further rotation information that is
missing in the 3D HPE poses. This body pose joined with the body shape parameters
estimated from the anthropometric measurements results in a consistent body shape and
accurate mesh. Evaluations on two public 3D sports datasets show that our approach
outperforms existing HME models.
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1.3 List of Publications

Most parts of this thesis have been published in the academic literature and have been
presented at international conferences, despite the very last paper which is currently
under review. The following list gives an overview of the publications that are part of
this thesis.

Robust Estimation of Flight Parameters for Ski Jumpers. [52], Katja Lud-
wig, Moritz Einfalt and Rainer Lienhart, IEEE International Conference on Mul-
timedia and Expo (ICME) Workshops 2020, London, UK, July 2020.

Self-Supervised Learning for Human Pose Estimation in Sports [58], Katja
Ludwig, Sebastian Scherer, Moritz Einfalt and Rainer Lienhart, IEEE International
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Detecting Arbitrary Intermediate Keypoints for Human Pose Estima-
tion with Vision Transformers [53], Katja Ludwig, Philipp Harzig and Rainer
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LA, June 2022.

Detecting Arbitrary Keypoints on Limbs and Skis with Sparse Partly
Correct Segmentation Masks [55], Katja Ludwig, Daniel Kienzle, Julian Lorenz
and Rainer Lienhart, Winter Conference on Applications of Computer Vision
(WACV) Workshops 2023, Waikoloa, HI, January 2023.

All Keypoints You Need: Detecting Arbitrary Keypoints on the Body
of Triple, High, and Long Jump Athletes [57], Katja Ludwig, Julian Lorenz,
Robin Schön and Rainer Lienhart, IEEE/CVF International Conference on Com-
puter Vision and Pattern Recognition Workshops (CVPRW), Vancouver, BC,
Canada, June 2023.

Leveraging Anthropometric Measurements to Improve Human Mesh Es-
timation and Ensure Consistent Body Shapes [56], Katja Ludwig, Julian
Lorenz, Daniel Kienzle, Tuan Bui and Rainer Lienhart, IEEE/CVF International
Conference on Computer Vision and Pattern Recognition Workshops (CVPRW),
Nashville, TN, June 2025.

10



1.4 Thesis Outline

1.4 Thesis Outline

This thesis consists of three parts. The main contributions of all three parts are already
listed in sequential order in Section 1.2. In this section, we therefore give only a brief
overview of the general outline.

The first part of this thesis focuses on standard 2D HPE in sports scenarios with
imperfect data. In Chapter 2, we introduce the foundations for our approaches. We
explain the task of 2D HPE and the corresponding metrics formally in Section 2.1. We
further introduce the common benchmark dataset COCO and the sports datasets of ski
jumpers and triple and long jump athletes that we use. Next, we explain RANSAC,
a general robust method to estimate parameters of an underlying model. Moreover,
we shortly describe a dimensionality reduction technique called Principal Component
Analysis in Section 2.4 and finish with a general description of learning paradigms. In
Chapter 3, we present our approach to robustly estimate the flight parameters of ski
jumpers. We introduce the problem and review related work in Sections 3.1 and 3.2.
We describe our model architecture and present evaluation results. The latter contains
results regarding the image-wise keypoint detection and the flight parameters per camera
view. We further include an approach to roughly predict the jumping distance based
on the flight parameters and summarize all our findings. In Chapter 4, we present our
approach to improve 2D HPE models trained with limited labels with semi-supervised
learning. After a short introduction and description of related work, we present our
semi-supervised learning approaches in Section 4.3. At first, we describe the self-training
approach based on pseudo labels and how we select the pseudo labels for our training.
Next, we introduce the mean teacher training approach. In Section 4.4, we describe our
experimental setup and present the results regarding both semi-supervised approaches.
We finish with a short summary of our findings.

Part II focuses on the detection of keypoints beyond the standard set of keypoints. In
Chapter 5, we describe the foundations for this part, starting with formal task definitions
and followed by explanations for metrics, the used datasets and the architecture of
TokenPose, which our approaches are based on. The section on datasets introduces two
datasets that we curated and published. In Chapter 6, we present our approach to detect
arbitrary intermediate keypoints. We introduce the task, related work and our method.
In Section 6.3.1, we investigate the learned keypoint tokens from TokenPose and analyze
why combinations of them are not sufficient to detect intermediate keypoints. Therefore,
we introduce our own architecture in Section 6.3.2. We present our experiments in
Section 6.4 with results for the IAT-Skijump v2, the BiSp-Jump v2, and the COCO
dataset and conclude with a short summary. Chapter 7 describes our path to detect
arbitrary keypoints on the human body. We introduce the task and related work at
first. In Section 7.3, we present our approach to detect arbitrary keypoints on the
limbs. We describe the label generation mechanism and two ways to represent desired
keypoints as an input for the model. Next, we introduce the model architecture to solve
this task and the results on two datasets. In Section 7.4, we extend our approach to
detect arbitrary keypoints on the skis of ski jumpers. We start off with a description
of the adapted ground truth and keypoint query generation mechanisms. In Section
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7.4.3, we explain how we adapt the attention mechanism to be able to make independent
keypoint estimations. We further present strategies to deal with situations with only few
segmentation masks, training jointly on arbitrary, intermediate, and standard keypoints.
We present results for all these approaches in Section 7.4.5. Section 7.5 describes the
final improvements to detect arbitrary keypoints on the whole body. We explain the
adaptations to the ground truth generation process and different types to encode the
chosen keypoints. We improve the evaluation scheme and present the final results in
Section 7.5.4. The chapter is concluded with a short summary.

The third part of this thesis is dedicated to 3D HPE and HME. In Chapter 8, we
introduce the necessary foundations. We start with a formal definition of 3D HPE and
HME. Further, we provide a short explanation of the SMPL-X body model and the
metrics used to evaluate the models. We further introduce the datasets used in this
part. In Chapter 9, we present our approach to improve HME models with consistent
body shapes. We introduce the problem and related work at first. Next, we analyze
errors in 3D human ground truth for multiple datasets. In Section 9.4, we present our
approach to leverage anthropometric measurements to generate consistent body shapes.
We describe the data collection process and the model architectures that we use. In
Section 9.5, we present approaches to use these body shapes for improved HME results.
First, we outline methods to enhance existing HME models. We then present our novel
approach, which integrates a 3D HPE model, inverse kinematics, and our custom body
shape model. Additionally, we demonstrate how our approach enables fine-tuning of
existing HME models for improved performance. We present the results of our approach
in Section 9.5.2.3 and end with an overview of all results and a short summary.

We conclude this thesis in Chapter 10 with a summary of the key findings and a
discussion of potential future work.
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2D Human Pose Estimation with
Imperfect Data in Sports
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2 Foundations

2D Human Pose Estimation (2D HPE) is a common task in computer vision, alongside
image classification and object detection. The goal of 2D HPE is to accurately detect
humans and identify their specific poses in images or videos. This task has numerous
applications, including human-computer interaction, healthcare, fashion, gaming, and
sports. However, it is inherently challenging due to the need for precise detection of
multiple keypoints on the human body. These challenges are exacerbated by imperfect
data, such as occlusions, low resolution, or noise. Occlusions are particularly problematic
in HPE because the human body often occludes parts of itself. Low resolution can stem
from poor image quality or the small size of the human figure in the image. Noise is
commonly introduced by fast movements resulting in motion blur, camera quality issues,
or low lighting conditions.

In sports, these challenges are even more intensified. Fast movements are frequent,
and the range of poses is highly diverse. Sports datasets often feature poses that are
significantly different from those in everyday life, leading to poor generalization of HPE
models trained on standard datasets. Consequently, new annotations are required to
train models capable of accurately detecting sports-specific poses. However, creating
these annotations is costly, resulting in smaller datasets and further complicating the
task, which is another kind of imperfect data.

In this chapter, we will introduce the basics of 2D HPE. We formally define the task
and the PCK metric that we use for evaluation. We will also introduce the datasets
that we use in this part: COCO, IAT-Skijump and BiSp-Jump. Further, we introduce
RANSAC, a technique for outlier detection that we use for dealing with imperfect de-
tections. Next, we briefly explain Principal Component Analysis (PCA), a common
dimensionality reduction technique. Moreover, we explain the differences between su-
pervised, semi-supervised and unsupervised training. These techniques are useful when
dealing with small datasets and are applied in the following.

2.1 2D Human Pose Estimation

As already described, 2D HPE aims to detect a human in an image and estimate the
locations of specific keypoints on the human body. These keypoints are typically joints,
such as the elbows, knees, and wrists, or other distinctive keypoints such as eyes, fin-
gertips, ears, etc. The number of keypoints can vary depending on the dataset and the
specific task. Based on these keypoints, a stick-figure representation of the human pose
can be created.
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2.1.1 Task Definition

A human pose is represented by the 2D coordinates of the desired keypoints on the
human body. Hence, the output of a 2D HPE model are the x- and y-coordinates of
each desired keypoint in pixel coordinates. Formally, if we want to estimate k keypoints,
we need a model M2D-HPE that operates on input x such that

M2D-HPE(x) = p2D ∈ Rk×2. (2.1)

The input x is an image in most cases. It is most common to split videos into single
frames and pass each frame as an image to the HPE model. Let h,w be the height
and width of the image I, respectively. Then, p2Di,0 represents the x-coordinate of each

keypoint i ∈ {1, ..., k}, while p2Di,1 represents the y-coordinate, whereby p2Di,0 ∈ [0, w) and

p2Di,1 ∈ [0, h) for all keypoints.

2.1.2 Evaluation Metrics

There are several metrics to evaluate the performance of a 2D HPE model. The most
common metrics are the Percentage of Correct Keypoints (PCK) and the Object Key-
point Similarity (OKS). The used metric depends on the dataset and the specific task.
In this chapter, we focus on the PCK metric, but we also introduce OKS, since it is the
standard metric for the COCO dataset which we also use in this thesis.

2.1.2.1 Percentage of Correct Keypoints

For evaluation, the Percentage of Correct Keypoints (PCK) is one of the most common
metrics. PCK considers a keypoint as correct at a certain threshold t if the distance
of the detected keypoint to the ground truth keypoint is less or equal than t times the
distance between a reference length, typically the distance between left shoulder and
right hip. Let i1, i2 be the indices for the keypoints spanning the reference length. Let
g2D be the ground truth keypoints and C be the set of correctly predicted keypoints.
Then, a detection p2Dj of the j-th keypoint is seen as correct at threshold t, meaning

p2Dj ∈ C, if

||p2Dj − g2Dj ||2 ≤ t · ||g2Di1 − g2Di2 ||2 ⇐⇒ p2Dj ∈ C. (2.2)

The recall at a certain PCK threshold tells us the percentage of the keypoints that is
considered correct at that threshold. Let N be the number of annotated visible keypoints
in the dataset, then

PCK@t =
|C|
N

(2.3)

Common thresholds are 0.1 and 0.2.

2.1.2.2 Object Keypoint Similarity

The Object Keypoint Similarity (OKS) is the primary metric for COCO evaluations.
Let δ(·) be a function converting boolean values to the integers, meaning its result is 1
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for input True and 0 for input False. Then, OKS is calculated as

OKS =

∑
i exp(−d2i /2s2k2i )δ(vi > 0)∑

i δ(vi > 0)
,

whereby di is the euclidean distance between corresponding ground truth and detected
keypoint, vi is the ground truth visibility flag indicating if a keypoint is visible in the
image or not, s is the object scale (the square root of the person segment area, e.g., the
bounding box enclosing the person or the segmentation mask of the person) and ki a per
keypoint specific constants. These constants correspond to the required precision for a
keypoint to be considered correct. For example, the precision for the eyes needs to be
higher than for the hips, since the eyes are smaller. The ki values are calculated based
on the standard deviation of the keypoint annotations from multiple annotators of the
same image (with respect to the scale).

The metric used for evaluations is the mean average precision (AP) based on the OKS.
This means that the average precision is calculated for OKS thresholds of 0.5 to 0.9 with
interval steps of 0.05. The final AP is then the mean of all AP values for all thresholds.

2.2 Datasets

There is a multitude of datasets available for 2D HPE, most of them focusing on everyday
life scenarios. However, sports-specific datasets are rare, since labels that require humans
to annotate are expensive. In this section, we introduce the datasets that we use in this
part of the thesis.

2.2.1 COCO

The Microsoft Common Objects in Context [50] (COCO or MS-COCO) dataset, is one
of the most popular datasets for 2D HPE. It contains images of everyday life scenarios
and is annotated with 17 keypoints. It contains over 200,000 images with 250,000 labeled
person instances. For training, we use the train2017 split consisting of 57,000 images,
our results are reported on the val2017 split. The annotated keypoints are nose, l./r.
eye, l./r. ear, l./r. shoulder, l./r. elbow, l./r. wrist, l./r. hip, l./r. knee, l./r. ankle.
Some keypoints might not be visible in the images, due to occlusions or persons only
being partially in the field of view. Example images can be found in Figure 2.1.

Figure 2.1: Example images from the COCO dataset. [50]
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2 2D HPE with Imperfect Data: Foundations

2.2.2 IAT-Skijump

The IAT-Skijump dataset was collected and provided by the Institute for Applied Trai-
ning Science (IAT) in Leipzig. The training dataset contains 10,070 annotated images
from 290 jumps and the test set 3,388 images from 101 different jumps. The videos
were recorded at different ski jumping hills, during multiple events and with different
athletes, so their statures and dressings vary. The footage also covers a wide variety
of weather and light conditions, e.g. snow, rain, fog, summer, winter, day, and night.
Only few images from every video are annotated, usually 2–4 frames per camera view,
whereby each video consists of 4–8 camera views. Annotated keypoints are both ski
tips and tails, head, shoulder, elbow, hand, hip, knee and ankle. The annotations of the
joints are only available of one side of the body (the one facing the camera). The dataset
contains images of the flight phase as well as images of the athlete during inrun, where
the skis are not visible and not annotated. Example images are displayed in Figure 2.2.

Figure 2.2: Example images from the IAT-Skijump dataset.

2.2.3 BiSp-Jump

The BiSp-Jump dataset contains video recordings of long and triple jump athletes, col-
lected by the Olympic Training Center Hessen. It consists of 4,522 labeled images from
186 video sequences, whereby 3,154 images from 122 videos are used for training, 306
images from 18 videos for validation and the remaining 1,062 images from 46 videos as
the test set. The recordings were taken during competitions or training and show various
athletes and sports sites, containing indoor and outdoor sites. The recordings have a
constant frame rate of 200Hz and a length between 670 and 1900 frames. All videos are
annotated with 20 keypoints (r./l. eye, r./l. ear, nose, neck, r./l. shoulder, r./l. elbow,
r./l.wrist, mid-hip, r./l. hip, r./l. knee, r./l. ankle, r./l. big toe, r./l. small toe, r./l.
heel). We provide example images in Figure 2.3.

2.3 RANSAC

RANSAC (Random Sample Consensus) [17] is a technique for fitting a mathematical
model to a dataset that contains outliers. It can also be seen as an outlier detection
method. The algorithm works by iteratively selecting a random subset of the data and
fitting the model to this subset. The model is then used to classify the remaining data
points as inliers or outliers based on predefined rules. The process is repeated for a fixed
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2.4 Principal Component Analysis

Figure 2.3: Example images from the BiSp-Jump dataset.

number of iterations, and the model with the highest number of inliers is selected. The
final model is then created by fitting the model to the set of all inliers. We use RANSAC
to filter out wrongly detected keypoints in a time series of poses.

2.4 Principal Component Analysis

Principal Component Analysis (PCA) [70] is a linear dimensionality reduction technique
that transforms data into a new coordinate system with fewer dimensions. Formally,
PCA reduces a set of N vectors vi ∈ Rn to vectors v̂i ∈ Rm where m ≪ n and i = 1, ..., N .
The reduction mechanism at first transforms the data into a new coordinate system such
that the first few dimensions, known as principal components, capture the maximum
variance of the data. These dimensions of the vectors are kept, while the others are
discarded. The principal components represent the directions of the greatest variance,
enabling the identification of the most significant features while reducing redundant
information. We use PCA to perform a rough jumping distance estimation based on the
flight parameters of ski jumpers.

2.5 Learning Paradigms

Typically, machine learning models are trained using labeled data. During training, the
model processes some samples, and its output is compared to the ground truth labels.
The difference between the model’s predictions and the ground truth is then used to
adjust the model’s parameters. This approach is known as supervised learning because
the labels guide and supervise the entire training process.

However, in many cases, labeled data is either scarce or expensive to obtain. To
address this, techniques that require less labeled data are employed. When only a small
portion of the data is labeled, the training paradigm is referred to as semi-supervised
learning. In this approach, the model learns from both labeled and unlabeled data.
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2 2D HPE with Imperfect Data: Foundations

One common method in semi-supervised learning is pseudo-labeling, where the model
generates its own labels to guide its training.

Finally, in unsupervised learning, no labels are available. Without labels, the scope of
tasks the model can learn is more limited, and this approach is often used for pretraining.
By leveraging large amounts of unlabeled data, the model is trained to learn meaningful
representations of the data, which can then serve as a foundation for subsequent tasks.
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3 Robust Estimation of Flight Parameters
for Ski Jumpers

Body posture analysis is a widely used technique in professional sports to evaluate per-
formance and provide recommendations for improvement. In popular sports like soccer,
substantial financial resources are available to develop and deploy advanced computer
vision systems. However, in niche sports such as ski jumping, financial constraints often
limit access to high-quality technical equipment and sophisticated analysis tools.

In this chapter, we present an automated system for analyzing flight parameters in
ski jumping. Due to limited financial resources, ski jumpers still rely on low-resolution
cameras, which they position along the ski jumping hill. They manually annotate the
keypoints of the athlete and the skis in the video footage, before calculating the necessary
performance parameters based on these annotations. Our system automates this process.
However, the task is challenging due to the poor video quality and resulting noisy frames
in lots of the footage, as shown in Figure 2.2. The approach discussed in this chapter is
based on the following publication, with some text passages directly taken from it:

Robust Estimation of Flight Parameters for Ski Jumpers. [52], Katja Ludwig,
Moritz Einfalt and Rainer Lienhart, IEEE International Conference on Multimedia and
Expo (ICME) Workshops 2020, London, UK, July 2020.

In this chapter, we present a model that robustly estimates important flight parameters
for ski jumpers during their flight phase based on several camera views from the side
along the ski jumpers’ typical flight trajectories. A convolutional neural network for
Human Pose Estimation, but also trained to detect skis, serves as a base model. It
identifies 98.0% of the relevant flight parameters correctly within an angle threshold of
5◦, improving by 11.6% over previous work. To deal with estimation errors due to the
low image quality, a post-processing step is employed. A pose checker first removes all
wrong poses by using comparisons of distances and relative positions of the detected
keypoints. A second step executes two RANSAC variants. One robustly estimates the
average pose and another one the average pose angles. This model lifts the detection
performance to 99.3% of the relevant flight parameters within a threshold of 5◦.

3.1 Introduction

Ski jumping is an Olympic discipline in which the success of athletes highly depends
on the body posture during the jump. A ski jump can be divided into four phases. In
the first phase, athletes slide down the in-run and gain speed. While approaching the
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3 Robust Estimation of Flight Parameters for Ski Jumpers

take-off table, ski jumpers lift their body and take off with the help of their speed and
their own leap (phase 2). During launch and the following flight phase (phase 3) it is
important for the athletes to position their body perfectly in order to increase lift, which
is necessary to achieve a long flight distance. In the fourth phase, the athletes land on
the ground. The landing point determines the final jumping distance.

Athletes work hard to achieve the perfect body posture at take-off and during the
flight phase in every jump. Therefore, some ski jumping hills are lined with cameras
along the flight trajectories of the ski jumpers. Coaches evaluate the recorded jumps by
selecting frames manually, annotating relevant keypoints by hand and calculating the
flight parameters using these hand-annotated keypoints. The system proposed in this
chapter fully automates this process. Given the videos from all cameras along the hill
that belong to a single jump as input, our model (1) detects keypoints of the athlete as
well as ski tips and ski tails in each video frame of each camera if present, (2) executes a
robust estimation in each camera view based on the single-frame results and (3) outputs
the flight parameters for each camera. The relevant flight parameters for the coaches are
shown in Figure 1.1. Based on these parameters and a Principal Components Analysis,
it is possible to predict if a jump has a long, medium or short distance.

3.2 Related Work

Human Pose Estimation (HPE) is an active research field in computer vision. For years,
most methods have used deep convolutional neural networks (CNNs) for that task and
methods like CFA [84] and Res-Steps-Net [6] achieved the best scores on Human Pose
Estimation benchmarks like MPII Human Pose [1] and COCO [50]. Regarding the
architecture, HPE approaches can be categorized in single-stage [32, 12] and multi-stage
[84, 6, 45, 93] methods. The basis of single-stage approaches are mainly networks that
perform well on image classification tasks, like ResNet [33] or VGG [81]. Mask R-CNN
[32], which we use as a base model, firstly determines regions of interest and then executes
single-person pose estimation on these regions. Multi-stage approaches [84, 6, 45, 93]
try to refine the pose estimates in every stage.

Computer vision has become quite popular in analyzing athletes of different sport
disciplines. Fastovets et al. [23] propose a user-assisted method for estimating and
tracking athlete poses from monocular TV sports footage. Their model is evaluated
on hurdles and triple jump videos. Zecha et al. [100] use a multi-step architecture to
estimate the poses of ski jumpers. With a convolutional sequence to sequence model,
they predict the jump forces of ski jumpers directly from the pose estimates. With the
usage of a dilated convolutional network, Einfalt et al. [20] automatically detect events
like ground contact in pose sequences of triple jump recordings. Wei et al. [94] predict
the location of the basketball from a monocular view, even if it’s occluded, based on
the trajectories of the players. For a performance analysis of swimmers, Einfalt et al.
[22] use a convolutional neural network with frame sequences of the swimmer and the
swimming style as inputs. The knowledge of the swimming style and the usage of a pose
refinement over time improves the results per frame.
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For many computer vision applications, robust estimation is an important step as
results are often computed from noisy data with some outliers. A popular strategy
for robust estimation is Random Sample Consensus (RANSAC) [27], which uses some
samples from the whole data set to compute the model parameters and then calculates
how many data points from the whole data set are in conformity with this model. After
some iterations, the model with the highest number of conforming data points is chosen.
Chum et al. [17] improve this method by adding local optimization after choosing the
best model.

In a previous system developed by Zecha et al. [100], the keypoint detection is split
into separate steps. At first, the position of the ski jumper is located within the frame
using MobileNet [34]. Next, at this location a convolutional pose machine [93] detects
the athlete’s joints. Third, a Hough transformation is used to identify the skis. For
each camera view, the mean pose is calculated afterwards, and the flight parameters
are computed based on this mean pose. A careful evaluation by the coaches and per-
formance diagnosticians shows that this multi-step model generates mostly reasonable
results regarding the single-frame results, but the usage of a mean pose often impairs
the final result due to outliers. This happens especially often for the ski detections, as
the Hough transformation produces more than sporadically false results.

3.3 Method

Our goal is to improve the quality and robustness compared to the previous model [100].
Therefore, we have developed a new model that performs all detections in one single
step. It is based on Mask R-CNN [32], but uses a branch to detect keypoints instead of
generating segmentation masks. We also let the model learn to estimate the locations
of the ski tips and ski tails, which is more reliable than the previously used Hough
transformation. This is possible since we improved the ski tip and tail annotations.
Before, only the central point between left and right ski tip as well as left and right ski
tail was annotated. It was not possible to train a model with this semantic, therefore the
Hough Transformation was used. Now, the left and right ski tips and tails are annotated
separately, which allows the model to learn the ski keypoints, too.

During the annotation process, the flight parameters were derived as the mean of the
angles of all annotated poses per camera view, usually 2–4. However, there are many
more frames per camera showing the complete athlete. Thus, the new model can use
all images from each camera view. On average, it detects a ski jumper in 14 images
per camera. However, the estimations contain some errors, which are mostly due to bad
image quality. Therefore, we employ a post-processing step involving the pose detections.
The first part is a plausibility check to identify gross mistakes. These checks are based
on the keypoints of the pose itself: The system checks (1) if the length of both skis is
nearly equal, (2) if the length of the body (the distance head to hip plus hip to ankle) is
not shorter than half of and not longer than the ski length, (3) if the head is above the
ski tips, (4) if the hand is far enough from the ski tips or tails and the head, (5) if the
length of the lower leg and thigh are nearly the same, (6) if the size of the upper body
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(a) A pose is detected where no
athlete is visible.

(b) The length of the skis does
not match.

(c) Ankle and knee are at wrong
positions.

Figure 3.1: Invalid poses identified by pose checking. The detected keypoints are visualized
by red circles and marked with numbers, whereby number 0 marks the head, 1
the shoulder, 2 the elbow, 3 the hand, 4 the hip, 5 the knee, 6 the ankle, 7/9 the
right/left ski tip, 8/10 the right/left ski tail.

is similar to the size of the lower body, (7) if all keypoints are not too close to the image
boundaries and (8) if all joints (except for the ankle) are on one side of the skis. Poses
that do not pass these checks are removed. Examples for invalid poses can be found in
Figure 3.1. Furthermore, this step sorts out poses where only a part of the athlete is
shown in the picture. The model already detects the ski jumper, but the poses are not
precise enough to contribute to the final result. Therefore, they are discarded. The pose
checking process removes around 42.8% of all poses, so that on average 8 images remain
per camera. Figure 3.2 visualizes this effect.

The second post-processing step takes all plausible poses and uses a robust estimation
to output the final flight parameters. We use this technique as the pose of the athlete
barely changes within one camera view. In the annotation process, the mean is used,
but using the mean is too sensitive to detection outliers. Hence, we use locally optimized
RANSAC [17] in two variants for that purpose. The first variant calculates the relevant
angles from the keypoint locations and applies RANSAC to each set of angles. In a
second variant, the poses are normalized by translating the hip of an athlete to the
origin of the coordinate system. RANSAC is applied to the normalized keypoints, which
results in a robust mean pose. The flight parameters per camera are in turn derived from
this mean pose. We include the implementation details for RANSAC usage in Section
3.4.2.

Summarizing, the model consists of three main steps: (1) detecting keypoints of ski
jumpers with a fine-tuned HPE version of Mask-RCNN in all frames of one camera
view, (2) checking the detected poses and removing the invalid ones and (3) robustly
estimating the flight parameters with RANSAC.

3.4 Evaluation

For our evaluations, we use the IAT-Skijump dataset as described in Section 2.2.2 and
apply two different evaluation protocols.
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3.4 Evaluation

(a) All 15 poses of one camera view. (b) Remaining 8 poses after plausibility check.

Figure 3.2: Effect of pose filtering: On the left side, all poses of one camera view are displayed,
centered at the hip joint. The right side shows the remaining poses after filtering.

3.4.1 Image-Wise Results

The first protocol is the PCK as described in Section 2.1.2.1. It evaluates the pose
estimation results image-wise on the video images with ground truth annotations. We
will refer to this technique as the evaluation on annotated images. We only apply it
if mentioned explicitly. The recall curves for varying PCK thresholds are visualized in
Figure 3.3 with solid lines. The recall at a PCK threshold t measures the percentage of
the keypoints that are considered correct at threshold t.
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Figure 3.3: Recall curves for varying PCK thresholds on the test set. The results of the pro-
posed model are displayed with solid lines, the results from the previous system
[100] with dashed lines.
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After pose checking, all detected ski jumpers are valid detections, indicating that our
system achieves 100% precision. Hence, we do not use precision as a metric. The main
focus is the compliance of the detected keypoints with the ground truth. Therefore, the
distance between a detected keypoint and its corresponding ground truth position is the
metric of interest.

The second protocol compares the estimated flight parameters per camera view with
the mean of the angles from the annotated poses of one camera view. Our evaluation
focuses on this protocol, since it complies with the evaluation by coaches. We therefore
define the metric Percentage of Correct Angles (Mean-PCA). We call it Mean-PCA to
distinguish it from the Principal Component Analysis, which is commonly abbreviated
with PCA and which we use in another part of the system (see Section 3.4.3). Analogous
to PCK, Mean-PCA considers an angle as correct at a threshold t if the difference
between the angle computed from the detected joints and the angle calculated from the
ground truth joints is below or equal t. The recall at a Mean-PCA threshold t measures
the percentage of the angles that are considered correct at threshold t. Table 3.1 shows
the recall values at Mean-PCA thresholds of 5◦ and 3◦ for all five relevant angles for the
ski jump coaches (upper body angle, lower body angle, total body angle, ski angle and
difference between lower body and ski angle).

Regarding the previous system [100] with the multi-step pose estimation, the current
model achieves greater accuracy for all keypoints. The PCK values for the previous
model are visualized in Figure 3.3 with dashed lines. Huge differences are encountered
in the detection of the skis. The recall of the previous model at a PCK threshold of
20% is only 14.9% for the left ski tip and 16.4% for the right ski tip (Figure 3.3, dashed
lines), while the current model achieves 81.2% and 84.3%, respectively (Figure 3.3, solid
lines). The reason for this huge difference is that the Hough transformation used for the
ski detection is far less precise. The previous system could not include it in the neural
network training as the annotations at that time included only the averaged position of
left and right ski tips and tails.

Although the positions of the ski tips and tails are not accurately estimated with
the Hough transformation, the results for the derived angles of the skis are fairly good:
88.4% of the detected ski angles are within ±5◦. In general, as Table 3.1 shows, the
new model improves the recall values at a Mean-PCA threshold of 5◦ for all five relevant
angles at least by 4.0% and at most by 22.9%, and by 13.0% to 30.0% at a Mean-PCA
threshold of 3◦.

System t Lower Body Upper Body Total Body Ski Diff. L.B./S. Avg

Zecha et al. [100] 3° 64.0 75.6 84.4 80.9 51.3 71.3
Ours 3° 84.6 92.3 97.4 97.4 81.3 90.6

Zecha et al. [100] 5° 84.3 91.0 95.8 88.4 72.0 86.4
Ours 5° 97.4 99.0 99.8 98.6 94.9 98.0

Table 3.1: Recall values in % at Mean-PCA thresholds of 5◦ and 3◦ on annotated test set
images.
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3.4.2 Robust Flight Parameter Evaluation per Camera View

The first variant of robustly estimating the flight parameters starts with the calculation
of the five angles of interest for every pose. As a second step, for each camera view,
a constant model is estimated with RANSAC for each angle. We use 100 iterations
with a sample size of 4. Hence, for each type of angle, 4 computed angle values are
randomly chosen, and the average is calculated. Then, the number of inliers for this
model among all calculated angle values is computed. Other angles are defined as inliers
if they deviate at most by 4◦ from the average angle of the samples. For the model
with the most inliers, the final result is calculated as the average angle of all inliers.
The results for the Mean-PCA metric are shown in Figure 3.4. The results for all flight
parameters, except the ski angle, are improved. Ski keypoints are the keypoints with
the lowest PCK (see Figure 3.3) and have therefore the highest estimation errors.

For this method which we will refer to as RANSAC on angles, the angles are calculated
in advance, meaning before RANSAC is executed. Therefore, some were calculated based
on wrong poses, but ended up as inliers, if they fit the threshold. Hence, they might
cause the final result to differ too much from the true value. Therefore, we also propose
a second variant which avoids this problem.

The second approach translates the poses such that the detected hip joint lies in the
origin of the coordinate system. All poses are now relative to the hip. RANSAC is
executed on the translated joint coordinates with 100 iterations and 4 or 5 samples.
Experiments on the validation set show that using 5 samples for the ski keypoints and
4 samples for the body joints achieves the best results. Hence, for each keypoint, 4
or 5 random samples are chosen and the average keypoint coordinates are calculated.
The number of inliers among all values for this keypoint is computed afterwards. We
define other keypoints as inliers if their distance to the average point of the samples is
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Figure 3.4: Recall curves for varying Mean-PCA thresholds on test set for RANSAC on angles
and RANSAC on poses.

27



3 Robust Estimation of Flight Parameters for Ski Jumpers

System t Lower Body Upper Body Total Body Ski Diff. L.B./S. Avg

Image-Wise 3° 84.6 92.3 97.4 97.4 81.3 90.6
RANSAC Angles 3° 90.1 96.4 97.9 96.3 82.3 92.8
RANSAC Poses 3° 90.3 96.7 97.9 98.2 86.1 94.0

Image-Wise 5° 97.4 99.0 99.8 98.6 94.9 98.0
RANSAC Angles 5° 98.9 100 100 98.6 94.3 98.4
RANSAC Poses 5° 98.9 100 100 99.2 97.9 99.3

Table 3.2: Recall values in % at Mean-PCA thresholds of 3◦ and 5◦: Results on annotated
images, results with RANSAC on angles, and results with RANSAC on poses.

at most 35% of the currently estimated torso size (distance shoulder to hip keypoint).
The result of this computation is a robustly estimated mean pose for each camera view.
The angles of the flight parameters are now calculated by using the keypoints of the
mean pose. Figure 3.4 shows the Mean-PCA results for this approach. RANSAC based
on poses improves the results for all flight parameters (see Table 3.2). The recall at the
Mean-PCA threshold of 5◦ is above 97% for all angles.

Both RANSAC methods achieve good results and improve the Mean-PCA values on
the annotated images, except RANSAC on angles for the ski angle. Table 3.2 displays
the recall values at Mean-PCA thresholds of 3◦ and 5◦. RANSAC based on poses also
improves the results for ski angles. The reason is that the calculation of an average pose
is more precise for the skis, as only keypoints that are close together are included in the
angle calculation. Table 3.2 shows that RANSAC on poses generates the best results for
all angles and RANSAC on angles achieves the same result for the total body angle.

3.4.3 Jumping Distance Prediction Based on Flight Angles

The dataset provides 84 videos with the information of the jumping distance. All videos
are from the same ski jumping hill and recorded with the same camera settings. We use
a Principal Component Analysis (PCA) to map the five estimated flight parameters to
their two principal components. Figure 3.5 depicts the flight parameters for two camera
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Figure 3.5: Results of Principal Component Analysis based on all flight parameters for two
camera views.
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views in this two-dimensional subspace with respect to the color-coded jumping distance.
An exact prediction of the jumping distance is not feasible, as important information
like the wind speed and direction is not available, but it is possible to see clusters of
jumps with high distances in both visualizations (colored yellow in the left figure and
yellow and orange in the right figure). Hence, if a new jump is recorded and the flight
parameters extracted, it is possible to perform the same Principal Component Analysis
as before and predict if the jump has a long, medium or short distance.

3.5 Summary

This chapter has introduced a technique for robustly estimating flight parameters for
ski jumpers. It uses a Mask R-CNN [32] based model to detect the joints of the athlete
and the ski tips and tails. As the coaches are interested in the flight parameters per
camera, we could use a robust estimation based on all detections of one camera view to
determine the values. This robust estimation includes a pose checker that removes wrong
poses. It executes checks based on the distances and relative positions of the keypoints,
e.g., it compares the body and the ski length or the length of upper and lower body.
In a second step, RANSAC calculates the robust estimation of the poses considered
valid by the pose checker. We examined two versions of RANSAC. The first operates
already on calculated angles based on single poses, the second operates on single poses
and calculates the final flight parameters based on the estimated mean pose.

Our evaluations have shown that our model performs notably better than the previous
one by Zecha et al. [100] which used a multi-step pipeline to detect the body joints and
a Hough transformation for the skis. Especially for the results of the ski angle and the
difference between lower body and ski angle, the proposed model improves the recall at
a Mean-PCA threshold of 5◦ by absolute +10% on the test set images. The percentage
of correct angles could be improved even further with the usage of the robust estimation.
The recall at a Mean-PCA threshold of 5◦ is over 97% for all flight parameters, using the
best performing version of RANSAC, and over 86% at a Mean-PCA threshold of 3◦. A
PCA executed on the flight parameters is able to roughly predict the jumping distance
and categorize a jump as long, medium or short.
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4 Semi-Supervised Learning for Human
Pose Estimation in Sports

As already described in the last chapter, financial constraints often limit access to high-
quality technical equipment and sophisticated analysis tools, especially in niche sports.
For the ski jumpers in Chapter 3, we could leverage the vast amount of hand annotated
data that they produced due to their manual visual analysis. However, the hand anno-
tation process is usually very costly. Hence, similar approaches to the one in Chapter
3 are not feasible for most sports disciplines. Therefore, we investigate semi-supervised
learning approaches to reduce the amount of hand-annotated data needed to train an
HPE model for a new sports domain. The less labeled data is needed, the more accessible
the technology becomes for a wide range of sports disciplines. This chapter is mainly
based on the following publication, with some text passages directly taken from it:

Self-Supervised Learning for Human Pose Estimation in Sports [58], Katja
Ludwig, Sebastian Scherer, Moritz Einfalt and Rainer Lienhart, IEEE International
Conference on Multimedia and Expo (ICME) Workshops 2021, Shenzhen, China, July
2021.

In this work, we propose two methods to fine-tune a 2D HPE system trained on general
poses to a sports discipline specific HPE model using only a few labeled images. We
show that 50 labeled poses and additional unlabeled videos are sufficient to achieve a
Percentage of Correct Keypoints (PCK) of 88.6% at a threshold of 0.1 in the disciplines
of triple and long jump, closing the gap between the supervised fine-tuning on the same
50 images and the fully supervised training on 60× more images by 60%. The first
proposed method uses pseudo-labels as a semi-supervised training technique together
with a filtering method of the pseudo-labels in an iterative manner. Furthermore, we
show that a mean teacher approach, which is based on consistency between a teacher
and a student model, can also improve the results to a large extent, although it performs
slightly worse than the iterative pseudo-label approach.

4.1 Introduction

In many sports disciplines, Human Pose Estimation (HPE) is an important method for
performance analysis and improvement of athletes. As described in the last chapter, ski
jumpers use keypoint detection on their body and their skis to derive flight parameters
such as ski angle, lower body angle and upper body angle to perfect their body posture
during the flight phase and achieve long flight distances. This chapter uses the domain
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4 Semi-Supervised Learning for Human Pose Estimation in Sports

of triple and long jump as an example sports domain, but the approach is also easily
adaptable to any other discipline. An example for estimated poses during a triple jump
is shown in Figure 4.1.

Annotating a large amount of 2D poses in many images by hand is enormously time-
consuming, especially when lots of keypoints are necessary. In many sports disciplines,
coaches do not have enough time to select images from training or competition videos
and annotate them for the purpose of measuring the athletes’ performance. Hence, HPE
systems based on neural networks generate a large benefit as they automatically detect
the needed keypoints in a fraction of time. However, to train a deep neural network
capable of achieving an acceptable performance on images from the desired sports do-
main, lots of annotations are needed. Existing datasets mainly consist of images from
everyday activities which do not cover the diversity of poses in most sports. Therefore,
new annotations are needed in most cases. This chapter introduces two techniques that
need only a few annotated images and some videos from the sports domain to train a
neural network with superior performance based on semi-supervised training.

Figure 4.1: Human Pose Estimation for triple jump analysis.

4.2 Related Work

Human Pose Estimation is a field of active interest in computer vision. At the time of
the publication of this work, the best scoring approaches on common benchmarks like
COCO [50] or MPII Human Pose [1] are based on convolutional neural networks [35, 4].
The underlying backbone used in many models like [35, 4] is the High Resolution Net
(HRNet) [92] and its variants for Human Pose Estimation, e.g. HigherHRNet [13]. This
kind of backbone, which we also use in our experiments, maintains several branches of
different resolutions, keeping the highest resolution from the beginning to the end of
the network and providing data exchange between the different resolutions. Although
Transformer [89] based networks are becoming the new state of the art in the last years,
HRNet is still a very popular choice for HPE tasks, especially in bottom-up approaches.
Moreover, Transformer networks tend to need more data for training than CNN based
approaches.
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4.3 Method

Semi-supervised learning is a highly attractive research field in computer vision. Its
goal is to enhance neural networks by exploiting additional unlabeled data for training
such that the resulting model performs better than a fully supervised training using
labeled data only. Most common approaches use consistency regularization or pseudo-
labeling. A survey can be found in [88]. Consistency regularized methods are based on
the idea that models should generate consistent predictions under different perturbations
such as noise [87] or stronger augmentations [97]. In the domain of 2D HPE, Xie et al.
[97] propose cutting out joints to simulate occlusion as a hard augmentation. Tarvainen
et al. [87] further use a model ensemble as a target, because a model ensemble produces
better predictions compared to a single model. Other approaches utilize pseudo-labels,
which means that network predictions are used as annotations [40]. Xie et al. [96] prove
that this method is effective for the ImageNet classification task. Furthermore, Srivastav
et al. [83] show that the usage of pseudo-labels enhances their joint 2D/3D HPE pipeline
for multi-person keypoint detection in operating rooms.

Our contributions can be summarized as follows. We show that semi-supervised learn-
ing raises the detection performance of 2D HPE systems fine-tuned for specific sports
disciplines with a small labeled training dataset. Two different methods are proposed,
whereby the first leverages pseudo-labels in an iterative process to increase network per-
formance. We introduce a pseudo-label selection method that selects the most accurate
predictions across various augmentations as pseudo-labels. Furthermore, we introduce
mean teacher training for HPE, a single-step consistency based approach. We show that
50 labeled training images and 122 unlabeled videos are sufficient to generate superior
detection results in the domain of long and triple jump.

4.3 Method

We use HigherHRNet [13] as a backbone network, which achieves good performance
on HPE benchmarks. As the goal of this chapter is to achieve superior performance
in keypoint detection of athletes from a given sports discipline with only a few labeled
images from that sports domain, we start with pretrained weights from COCO [50].
As the keypoint definition of long and triple jump athletes is different from the COCO
keypoint definition (details can be found in Section 2.2.3), we use only the backbone
weights and not those from the network head.

4.3.1 Training with Pseudo-Labels

In this section, we introduce the first semi-supervised approach which leverages pseudo-
labels in an iterative manner. In Section 4.3.2, we explain the second semi-supervised
approach based on mean teacher training.

4.3.1.1 Training Procedure

At the beginning, a fully supervised training on a small, in-domain labeled dataset
Dlabeled is executed. Early stopping is used to select the weights of the epoch with the
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best score on the validation set. The next step is the generation of pseudo-labels, which
means that the labels are not annotations by hand but created from the network itself.
Based on the selected weights, pseudo-labels are generated for all unlabeled images of the
training set, resulting in the pseudo-label dataset DPL,1 for the first iteration. Details
on the generation process are described in the next section. Afterwards, the first semi-
supervised training iteration is started by training a newly initialized network on the
generated pseudo-label dataset DPL,1, starting from pretrained weights from COCO.
Hence, the network sees only images different from the labeled training set Dlabeled.
Again, the best weights according to the validation score are selected. In the next step,
fine-tuning based on the selected weights is executed with Dlabeled. The best weights
according to the validation results are determined and used to generate updated pseudo-
labels DPL,2. Then, the next semi-supervised training iterations are executed analogous
to the first one. Figure 4.2 visualizes the training procedure. Xie et al. [96] show that
this iterative process performs well on ImageNet image classification. We adapt the
approach to Human Pose Estimation.

Supervised 
Training with 

Dlabeled

Supervised 
Training with 

Pseudo Labels 
DPL,i

Labeled Image

Predictions for 
Unlabeled Images

Selection of 
Pseudo Labels 

DPL,i

Best Weights on 
Validation Set

Best Weights on 
Validation Set

Figure 4.2: Training procedure for pseudo-label training.

4.3.1.2 Pseudo-Label Selection

In order to improve the network performance with pseudo-labels, the selection of the
pseudo-labels is crucial. The most obvious possibility is to choose the labels based on the
network confidence score, keeping all labels with a score larger than a certain threshold.
In HPE, the confidence of the model is the maximum activation in the output heatmap.
The problem of this method is the non-equal distribution of the pseudo-labels across
the joints. Typically, certain keypoints are learned easier by the model, resulting in
larger confidence scores compared to more challenging keypoints. Hence, the detection
performance of joints with a lot of pseudo-labels increases, while the scores of joints with
fewer labels stagnate. A solution to this imbalance problem is to take the labels with the
best p% confidence scores of each joint, but we found that this method does not output
the best labels based on the distance to the ground truth as there is no direct relation
between the network confidence score and the distance between the predicted and the
ground truth keypoint.
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Figure 4.3: Pseudo-label selection method. Green arrows indicate that the base prediction is
the prediction of the unlabeled image. The transformation T is randomly selected
from the augmentations described in Section 4.4.1.

As a consequence, we use a different approach to select the best labels, not relying
entirely on the network confidence scores. As a base prediction, we use the predictions
generated with the raw, not augmented input image. We add prediction results of a
horizontally flipped image and results from some randomly chosen augmentations (de-
scribed in Section 4.4.1) to our prediction set. Predictions with a very low confidence
score (below threshold tscore) are discarded. The mean squared error (MSE) in pixels
between the base prediction and the augmented predictions is calculated. If the pre-
dictions are reliable, the locations of the predicted keypoints in the base image and the
augmented images should not differ, leading to a small MSE value. Next, we select the
predictions with the lowest p% MSE for the pseudo-label dataset per keypoint, resulting
in an equal number of predictions for each keypoint. As pseudo-labels, the base predic-
tions are used instead of the mean over all predictions, as single outliers could shift the
mean enormously and the predictions on augmented images are less accurate as they are
more difficult for the model. Figure 4.3 illustrates the pseudo-label selection steps.

4.3.2 Mean Teacher Training

Apart from using pseudo-labels, we consider another semi-supervised training method
based on consistency between a teacher and a student model. Figure 4.4 visualizes
the training steps. At first, the student and the teacher backbone are initialized with
pretrained weights from COCO, while all other weights are initialized randomly. Both
models are nearly identical with the single difference that we add dropout in all fusion
layers of the HRNet backbone (see [92]) in the student model. During a warm-up period,
only the supervised training steps are executed based on Dlabeled, visualized in green in
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Figure 4.4: Mean teacher training. The supervised training part is visualized with green arrows,
the consistency regularization part is illustrated in blue. The teacher weights are
updated after each training step, symbolized by the red arrow.

Figure 4.4. After the warm-up period, the consistency loss is taken into account as well,
which is explained in the following. Unlabeled images are fed into the teacher network to
generate predictions, this process is marked with (1) in Figure 4.4. The same images are
now augmented (see Section 4.4.1 for details) with a transformation T and given to the
student network as an input (marked with (2)). The student predictions are transformed
back to their corresponding position in the original image with the inverse transformation
T−1. The consistency loss is now calculated as the MSE of the predicted poses from
the student and the teacher model. The loss is masked if the teacher confidence is
too low (below threshold tscore). Throughout the complete training process, the teacher
weights are updated after each training step to be the exponential moving average (EMA)
weights of the student model, visualized in red in Figure 4.4. A training step consists of
both supervised and consistency loss updates. For inference, the student model is used.
Tarvainen et al. [87] show that this method leads to great improvements on common
image classification benchmarks. We adapt this approach for the usage in HPE.

4.4 Evaluation

We evaluate our experiments on the BiSp-Jump dataset introduced in Section 2.2.3,
which consists of images from triple and long jump athletes during training and compe-
tition scenarios.

4.4.1 Data Augmentation and Training Settings

During supervised training, fine-tuning and pseudo-label training, we use common aug-
mentation methods: random horizontal flip, random rotation of up to 30◦, random trans-
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Table 1

Supervised (3,154) Supervised (50) Pseudo-Labels 
(Preselection)

Pseudo-Labels (every 
10th frame)

Mean Teacher (both 
versions)

Item 1 91,9 83,8 87,7 87,1 87,1

Item 2 91,9 83,8 88,0 88,0 87,1

Item 3 91,9 83,8 88,4 88,2 87,1

Item 4 91,9 83,8 88,4 88,6 87,1

1

Figure 4.5: PCK@0.1 results for fully supervised and semi-supervised trainings on the test set.
We display the results for different iterations (if applicable) with dashed lines in
the bars. The results for the supervised training with all labels and with 50 labels
are displayed in blue and green, respectively. We execute the experiments with
pseudo-labels and with mean teacher either on every 10th frame of the videos, or
on the frames that are labeled (but without using the label). We call the latter
preselection, since the frames to be labeled are selected by the annotator. For mean
teacher, both versions achieve the same result, therefore only one bar is visible.

lation of up to 40 pixels (using an input image size of 512 × 512), random scale in the
range [0.75, 1.5], and color jitter. These augmentations are also used during pseudo-label
generation.

For our experiments, we use 50 randomly selected ground truth labels for our training
dataset Dlabeled. During pseudo-label creation, we set the score threshold tscore = 0.1,
and we evaluate 10 different augmentations to compute the MSE. We train until conver-
gence and start with best 60% pseudo-labels in the first iteration. As the quality of the
pseudo-labels improves in each iteration, we increase the number of pseudo-labels that
we use by 10–20%. In each iteration, we train for 10k steps with the pseudo-labels and
execute the fine-tuning with the labeled images for 250 steps. For mean teacher training,
we use the same score threshold tscore of 0.1 to mask the consistency loss. The EMA
momentum is set to 0.999 and our warm-up period lasts for 1,500 steps. The dropout
rate of the student model is set to 0.2.

4.4.2 Results

For evaluation, we use the Percentage of Correct Keypoints (PCK) metric as introduced
in Section 2.1.2.1. During training, we use this metric at a threshold of 0.1 as the
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performance measure on the validation set, which corresponds to a deviation of approx.
6 cm in this dataset. A fully supervised training with all available labels achieves a
PCK@0.1 of 91.9% on the test set. The supervised training on 50 labels reaches a
PCK@0.1 of 83.8%. We try to close the gap in between those results. Both boundaries
are visualized in Figure 4.5.

4.4.2.1 Pseudo-Label Results

For the first experiment, we use the subset Dlabeled with 50 labeled images for training
and the remaining 3,104 images that are also annotated as unlabeled images, but we
do not use the labels. This has the benefit that the results are perfectly comparable to
the fully supervised results as both networks have seen the exact same images during
training. For comparability to the fully supervised training, we use the full validation
set of 200 images in these experiments, but we verified that a validation set of 50 images
leads to similar results, which ensures that a small amount of annotated images is also
sufficient as the validation set. In practice, this setup requires the coaches, apart from
annotating the images for Dlabeled and the validation set, to select meaningful images
from the videos that should be used for training. In our first setup, we use images
that were selected by coaches for annotation, but we discard the annotations. However,
selecting an image (e.g. for the annotation process) is already some kind of information.
An image selection process requires a lot less time than annotating all images, but more

Images (Labels) Run PCK@0.1 PCK@0.2

1 3,154 (3,154) supervised 91.9 96.5

2 50 (50) supervised 83.8 90.0

3
3,154
(50)

iteration 1 87.7 93.6
iteration 2 88.0 93.9
iteration 3 88.4 94.4

4

iteration 1 87.1 93.5
17,656(50) iteration 2 88.0 94.2

iteration 3 88.2 94.5
iteration 4 88.6 94.7

5 3,154 (50) MT 87.1 93.7

6 17,656 (50) MT 87.1 93.5

Table 4.1: Recall values in % at PCK thresholds of 0.1 and 0.2 on annotated test set images.
The first row shows the results for the fully supervised training and the second
row the results for the supervised training on Dlabeled for comparison. Row 3 and 4
display the results for the pseudo-label semi-supervised training based on preselected
images and on every 10th video frame, respectively. Row 5 and 6 display the mean
teacher (MT) results for both variants.
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Figure 4.6: Example images with predictions from the model trained with pseudo-labels. It
can deal with occlusions, extreme poses, and new keypoints like toe tip or heel,
although such cases are not included in COCO.

time than just providing videos without any frame selection. Therefore, we evaluate
two setups: The first consists of the preselected images, meaning the images that were
selected by the coaches for annotation, but without using the annotations. The second
setup uses every 10th frame of the videos without preselection.

Table 4.1 shows the results for three iterations in the preselected setup in row 3. Figure
4.5 visualizes the results for all iterations in gray, using a dashed line to indicate the
scores for the first two iterations. Moreover, Figure 4.6 shows some examples for model
predictions after convergence.

We increase the percentage of pseudo-labels that we use in every iteration, since the
model is improving from iteration to iteration. We start with 60% of the pseudo-labels
in the first iteration and increase the percentage to 70% and 90% in iteration two and
three, respectively. After three iterations, this training procedure converges.

The gap between the fully supervised training and the supervised training on 50 images
is 8.1% at a PCK@0.1. After the first iteration, this gap can be narrowed to 4.2%. After
the third iteration, the difference shrinks to even 3.5%. This is (relative) 40% of the
original gap, with using less than 1.6% of the original labels. As we use the validation
results at threshold 0.1, this threshold is also used as the main evaluation threshold.
But regarding PCK threshold 0.2, the gap is being narrowed even further, from 6.5% to
2.1%, which is less than a third.

In the second experiment, we take the same 50 labels as in the first experiment, but
no preselection of video frames is used. From all 122 videos belonging to the training
dataset, every 10th frame is extracted and added to the unlabeled dataset. This results
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in 17,656 images. We use every 10th frame such that two images are clearly different
from each other. This strategy does not require additional work of the coaches despite
recording some videos and annotating 50 frames. Table 4.1 shows the results for this
experiment in row 4. Figure 4.5 visualizes the results for all iterations in orange. We
use an additional fourth iteration with all pseudo-labels here, as further training still
improves the results on the validation set, which is not the case in the first experiment.
The results after the last iteration of this experiment are similar to the results from the
first experiment, but this experiment has slightly better performance at PCK thresholds
0.1 and 0.2. At PCK threshold 0.1, we could close the gap to the fully supervised training
from 8.1% to 3.3% and at threshold 0.2 from 6.5 % to 1.8%. The table shows that the
improvement from iteration to iteration is slower than in the first experiment, therefore
the fourth iteration still gains some improvement.

4.4.2.2 Mean Teacher Results

Identical to the pseudo-label evaluation, we conduct two mean teacher experiments. One
with preselected images and one with every 10th frame from the videos corresponding
to the training set. Table 4.1 shows the results for both experiments in row 5. Figure
4.5 visualizes the results in red. Both experiments achieve the exactly same score at
PCK@0.1, therefore only one bar is displayed in the diagram. The results are collected
on all annotated test set images using the network weights from the step with the highest
validation score (early stopping). The table shows that the mean teacher results are
slightly worse than the pseudo-label results after the final iterations, but perform a lot
better than the supervised training on 50 images. At a PCK threshold of 0.1, the gap to
the fully supervised score could be narrowed from 8.1% to 4.8% and at PCK threshold
0.2 from 6.5% to 2.8%, regarding the results from the first experiment.

4.4.2.3 Results with more Labels

To evaluate the benefit of more labeled images, we execute the semi-supervised methods
also with 100 and 250 labels. See Table 4.2 for the exact results with using the 3,154
images from the supervised training as the training dataset. For 250 labeled images we
change the percentages of the pseudo-labels to 70%, 80% and 95%. Otherwise, the first
iteration does not have an effect as the PCK values are already higher after the first
supervised training. The table shows that the gap between the fully supervised result
and the supervised training shrinks from 8.1% with 50 labels to 5.9% with 100 labels
and 3.5% with 250 labels. With 50 labels, we could close (relative) 60% of the gap,
with 100 labels, this rate shrinks to 50% and with 250 labels to 45%. Furthermore,
we analyze the performance differences after the initial supervised training on the few
labels. The PCK@0.1 achieved with 100 labels is 2.2% higher than with 50 labels, and it
is 2.4% higher with 250 labels than with 100 labels. After the pseudo-label training, the
differences are a lot smaller, namely 0.6% between 50 and 100 labels and 1.0% between
100 and 250 labels.
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Labeled Data 3,154 250 100 50

supervised 91.9 88.4 86.0 83.8

iteration 1 89.5 87.7 87.7
iteration 2 89.8 88.3 88.0
iteration 3 90.0 89.0 88.4

mean teacher 89.8 88.0 87.1

Table 4.2: Recall values in % at PCK threshold 0.1 on annotated test set images for pseudo-label
and mean teacher training with different numbers of labeled images (first row). The
second row contains the results for the fully supervised training and the supervised
training on Dlabeled for comparison.

For mean teacher training, similar results are observable. Hence, the gain is larger for
fewer labels and the PCK values are closer together after both semi-supervised trainings.
For all experiments, single-step mean teacher results are in the area of the results from
the first or second pseudo-label iteration. Hence, the usage of semi-supervised training
is more effective with less annotated images, but it improves the results in every case.
Obviously, the highest absolute score is achieved with the most labels, so there is a trade-
off between efficiency of the semi-supervised learning and the final absolute score. All
these findings should be taken into account when coaches decide how many images they
annotate per hand. With the proposed approaches, it is now possible to train effective
HPE models with very low effort needed from the coaches.

4.5 Summary

This chapter has introduced two techniques for semi-supervised learning with a few
labeled images in order to train a network for Human Pose Estimation in a new sports
domain. One method uses a mean teacher approach like in Tarvainen et al. [87], with
a simultaneous training on the labeled and the unlabeled images. The semi-supervised
training part uses a consistency loss between an EMA teacher model and a student
model with dropout layers and stronger augmentation. The other method generates
pseudo-labels similar to Xie et al. [96] and uses a selected subset of them for the first
training step and the labeled images for the fine-tuning step. This iterative process is
continued until convergence.

The evaluation results prove the sufficiency of a training dataset containing 50 labeled
images and some video sequences to train a deep neural network for a new sports domain
such that it generates acceptable results. The PCK values at a threshold of 0.1 could be
raised from 83.8% to 88.4%, which closes the gap between the fully supervised training
on 60× more images and the supervised training on 50 images by more than 60%. These
methods could open the usage of Human Pose Estimation performance measurements
to a wide range of sports disciplines in the future. The expense to collect video material
is very low, as it only requires a smartphone or small camera. Furthermore, annotating
50 images by hand is also done quickly.

41





Part II

Towards Estimating Any Possible 2D
Keypoint on the Human Body
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5 Foundations

In the first part of this thesis, we addressed solutions for 2D Human Pose Estimation in
scenarios involving low-quality data or limited labeled images. In these cases, the 2D pose
is represented as a stick-figure skeleton model, consisting of a small set of fixed joints.
While this simplified representation allows for various types of analyses, it significantly
reduces the complexity of the human body. Key details, such as body shape, contours,
and especially the outline of muscles and limbs, are lost in the process. Especially in the
field of sports, such information is important for more in-depth analyses.

In this part of the thesis, we aim to detect more keypoints than the typical stick-figure
joints commonly used in 2D Human Pose Estimation (HPE) datasets. We will refer to
the keypoints annotated in these datasets as standard keypoints throughout this thesis.
Our goal is to move beyond the fixed number of keypoints typically detected by models,
a task that presents significant challenges. Most 2D HPE models are designed to output
a predefined set of keypoints, either encoded in heatmaps or directly as coordinates.
This leads to a fixed output structure where each element corresponds to a specific
keypoint. However, creating a model capable of detecting any keypoint on the human
body surface requires a different approach, as generating an infinite number of heatmaps
or coordinates is impractical.

To tackle this, we will leverage the recent Transformer architecture [89] and its adapta-
tion for vision tasks, the Vision Transformer (ViT) [18]. As a first step, we will focus on
detecting intermediate keypoints — points that lie on a straight line between two stan-
dard keypoints. We further analyze the capabilities and limitations of a Transformer-
based HPE approach. In the second step, we will extend the model to detect arbitrary
keypoints across the entire human surface, including the body outline.

In this chapter, we introduce the tasks of intermediate and arbitrary keypoint de-
tection. For our models, we need segmentation masks of body parts during training,
therefore we further specify the task of body part segmentation. Next, we describe
an additional metric that evaluates the performance of arbitrary keypoint detection.
Moreover, we introduce the datasets that we use throughout this part of the thesis.

5.1 Task Definitions

In Section 2.1, we introduced the task of 2D HPE and provided a formal definition. In
this section, we extend this definition to the tasks of intermediate and arbitrary keypoint
detection. Recall that a standard 2D HPE model M2D-HPE operates on single Images
I and outputs k previously defined fixed keypoints p2D ∈ Rk×2. This set of defined
keypoints, which is defined by the used dataset, is called standard keypoints throughout
this thesis.

45



5 2D Arbitrary Keypoint Detection: Foundations

5.1.1 Intermediate Keypoint Detection

We define intermediate keypoints as any point that lies on a straight line between two
standard keypoints that belongs to the skeleton of the dataset. Such straight lines
between standard keypoints that match the skeleton will be called skeleton lines lsin
the following. Let S ⊂ {1, ..., k}2 be the set of all pairs of indices from the standard
keypoints that define the skeleton. Any intermediate keypoint can now be defined as
α · pi + (1 − α)pj , (i, j) ∈ S, α ∈ [0, 1]. The task of intermediate keypoint detection is to
predict the coordinates of these points. Since a model can not have an infinite amount
of outputs, we need to tell the model which intermediate keypoint we want it to detect.
Therefore, our model has additional inputs, the value for α and the indices (i, j). Hence,
a model Minter for intermediate keypoint detection can be defined as

Minter (I, α, i, j) = pinter ∈ R2 (5.1)

with pinter being the predicted coordinates of the intermediate keypoint. In our case,
the model we present in Chapter 6 is able to deal with multiple pairs of indices (i, j) and
values for α at the same time, hence it also predicts multiple intermediate keypoints at
once.

5.1.2 Body Part Segmentation

Since we will need the results of body part segmentation for the next task, arbitrary
keypoint detection, we shortly define this task first. Body part segmentation is similar
to semantic segmentation. It means that in an image of a single human person, every
pixel that belongs to the human is assigned to a specific body part class. Hence, a body
part segmentation mask for an image I of size h × w with c body part classes is a 2D
array of the same size with values in {0, ..., c}, where the class number 0 represents the
background and each value > 0 represents a body part class. We will use body part
segmentation masks to train our models for arbitrary keypoint detection, which we will
explain in more detail in Section 5.1.3. The body part classes head, torso, left and right
upper arm, left and right forearm, left and right thigh, left and right lower leg, left and
right foot, and left and right hand are used throughout this thesis. We will also deal

Figure 5.1: Examples of a body part segmentation masks of a ski jumper (left) and triple jump
athletes (middle and right).
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with ski jumpers in the following, where we have additional classes for the left and right
ski. Examples for a body part segmentation masks of a ski jumper and triple and long
jump athletes are shown in Figure 5.1.

5.1.3 Arbitrary Keypoint Detection

Arbitrary keypoint detection is similar to intermediate keypoint detection, but adds
further complexity. In this thesis, we define an arbitrary keypoint dependent on the
segmentation mask that corresponds to the body part that the keypoint is located in.
For a chosen arbitrary keypoint parb lying on the body part which encloses the standard
keypoints pi and pj , draw a line orthogonal to the line between pi and pj through parb .
Figure 5.2 shows an example of that process and visualizes this line in blue color. Now,
we call the intersection points of this line with the border of the segmentation mask
belonging to this body part cl and cr (for left and right intersection point), and the
intermediate keypoint that lies on this line pinter . The arbitrary keypoint is now defined
as β · cl/r + (1 − β) · pinter , depending if we want the arbitrary point on the left or right
side of the skeleton line ls (with respect to the image). We refer to the value β as the
thickness of the arbitrary keypoint. A model Marb for arbitrary keypoint detection can
be defined as

Marb(I, i, j, α, β, l/r) = parb ∈ R2 (5.2)

with parb being the predicted coordinates of the arbitrary keypoint. The model we
present in Section 7 is able to deal with multiple requests for arbitrary keypoints at once
and outputs the corresponding coordinates simultaneously.

pi

pj

pinter

parbcl
cr

Figure 5.2: Example of a definition of an arbitrary keypoint (visualized in red) and the involved
other secondary points. The standard keypoints pi and pj are visualized in yellow
and the orthogonal line to the line through these points in blue. The intersection
points with the segmentation mask cl and cr are shown in blue, and the intermediate
keypoint pinter in green.
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5 2D Arbitrary Keypoint Detection: Foundations

5.2 Evaluation Metrics for Arbitrary Keypoint Detection

As the thickness especially of the limbs of a human is relatively small, the distance
between arbitrary keypoints and corresponding intermediate keypoints is also relatively
small. Regarding classical 2D HPE metrics like PCK and OKS (see Section 2.1.2),
this leads to a high performance for models that do not predict the arbitrary keypoints
parb correctly, but, e.g, the corresponding intermediate points pinter . Although the model
does not learn the semantic of the arbitrary keypoint, these metrics are not able to reveal
this problem in their scores. Therefore, we propose to use a new metric considering the
thickness to measure the success of identifying arbitrary keypoints correctly.

c1
l

cgt
l

c2
l

c1
r

cgt
r

c2
r

pgt
arb

p1
arb

p2
arb

p0
inter

pgt
inter

p2
inter

pj

pi

skeleton line

Figure 5.3: Semantic visualization of the calculation of the thickness error for two possible
model predictions. The ground truth is displayed in red, the two predictions in
orange. Prediction p1arb is placed on the opposite side of the gray skeleton line with
respect to the ground truth point pgtarb , prediction p2arb is located on the same side.

Let pgtarb be the desired ground truth keypoint, pgtinter the corresponding intermediate

keypoint, cgtl the intersection point on the other side of pgtinter and cgtr the intersection
point on the same side, w.l.o.g., as visualized in Figure 5.3. The ground truth thickness
t0 is computed as

t0 =
||pgtarb − pgtinter ||2
||cgtr − pgtinter ||2

(5.3)

Assume the model predicts a point p2arb on the same side of the skeleton line as the
ground truth point. Let p2inter be the intermediate keypoint corresponding to p2arb and
c2l , c

2
r be the intersection points in the same way as before. Then, the predicted thickness

t2 is calculated as

t2 =
||p2arb − p2inter ||2
||c2r − p2inter ||2

(5.4)
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The thickness error e2 is now calculated as the absolute difference between the ground
truth thickness and the predicted thickness:

e2 = |t0 − t2|. (5.5)

Furthermore, the model might predict a point p1arb on the opposite side of the skeleton line
from the ground truth point. With p1inter being the intermediate keypoint corresponding
to p1arb and c1l , c

1
r be the intersection points on the opposite and same side, respectively,

the thickness error e1 is calculated as

e1 =
||p1arb − p1inter ||2
||c1l − p1inter ||2

+ t0 (5.6)

Finally, if an intermediate keypoint pinter can not be defined for a predicted point p3arb ,
e.g., because it does not lie in the body part segmentation, we set the thickness error e3
to the maximum possible thickness error, which is e3 = 2. With the described thickness
errors, we can now measure how well a model learned a sense of the thickness.

As a first metric, we use the Mean Thickness Error (MTE), which is just the mean
of all thickness errors ei for all arbitrary keypoints piarb . This metric calculates the
mean deviation of the distance from an arbitrary keypoint to the skeleton line, while
especially penalizing detections on the wrong side of the skeleton line. Furthermore, we
introduce the Percentage of Correct Thickness (PCT). At a threshold t, it is defined as
the fraction of thickness errors that are below t. Note that these metrics should not be
used standalone as they do not take into account the absolute positions of the predictions.
Only the relative position regarding the skeleton line and the body part boundaries are
considered. They are only able to give a rough estimation, as the thickness error is
always set to the maximum error if the keypoint does not lie on the correct body part.
Therefore, in our experiments, we use the PCT in conjunction with the PCK.

5.3 Datasets

For arbitrary keypoint detection, as described in Section 5.1.3, we need body part seg-
mentation masks. Apart from COCO (see Section 2.2.1), there are no common datasets
that provide such masks, and especially no dataset in the field of sports. Therefore, we
create our own datasets for this task, mostly not with hand-annotated masks, but with
masks generated by a segmentation model.

5.3.1 COCO-DensePose

The original COCO [50] dataset contains over 200,000 images. We introduce it in Section
2.2.1. For our task, we need body part segmentation masks in order to generate arbitrary
keypoints on the limbs. Therefore, we use the subset of COCO created for the DensePose
[74] task. We use the train1 split containing 39,210 person segmentations as our training
set, the val split with 2,243 person segmentations as our validation set and the train2
split with 7,297 as our test set. During the keypoint generation process, we found
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that the segmentation masks contain a lot of wrong left-right annotations. We correct
some of them with a heuristic and some manually, resulting in approx. 3,500 annotation
corrections that we made publicly available [53]. The fixed and semantically well-defined
keypoints in the COCO dataset are: l./r. eye, l./r. ear, l./r. shoulder, l./r. elbow, l./r.
wrist, l./r. hip, l./r. knee, l./r. ankle.

5.3.2 IAT-Skijump v2

The IAT-Skijump v2 dataset is mostly identical to the IAT-Skijump dataset (see Section
2.2.2), but contains more videos and annotated images. The Institute for Applied Trai-
ning Science (IAT) in Leipzig provided some more videos, especially of videos which led
to bad detection results with the first model. The second version of this dataset contains
now 11,381 annotated images from 354 jump videos. We separate 200 images for the
validation set and keep 3,783 images from 121 videos for the test set. The remaining
images are used for training. For example images, see Section 2.2.2.

5.3.3 BiSp-Jump v2

The BiSp-Jump v2 dataset is very similar to the BiSp-Jump dataset presented in Section
2.2.3. It consists of some more videos and annotated frames, resulting in 6,026 labeled
images in total, whereby 4,101 images are used for training, 464 images for validation
and 1,461 images for the test set. The dataset does not contain hand-annotated body
part segmentation masks. Therefore, we use the DensePose [74] model with a ResNet101
[33] backbone and DeepLabV3 [10] as well as Panoptic FPN [39] heads from detectron2
[74] to generate them.

5.3.4 Skijump-Broadcast

We collect broadcast TV footage from 10 skijump competitions available on YouTube
in order to provide a publicly available dataset for benchmarking arbitrary keypoint
detection in ski jumping images. We call this dataset Skijump-Broadcast dataset. Each
video of the dataset consists of 24 to 62 individual jumps with a total of 370 jumps.
We annotate at maximum 8 frames per jump to have a broad diversity of jumps in the
dataset. We select images during in-run and during the flight until the moment right
before the landing. Over 80% of the images correspond to the flight phase. The dataset
consists of images of various quality and lighting conditions, male and female athletes,
and various perspectives of the ski jumpers. We annotate frames during the slow-motion
replays as well, since their fidelity is often higher. We include the information if a frame
was collected during a slow-motion replay in the dataset. Furthermore, the athlete’s
names provided in the TV broadcast were collected and added to the dataset. We split
the dataset in a train, test and validation subset such that each athlete is only present
in one subset. Our dataset consists of 2867 annotations: 2159 for training, 148 for
validation, and 560 for testing. The annotated keypoints are head, left/right shoulder,
left/right elbow, left/right wrist, left/right hip, left/right knee, left/right ankle, left/right
ski tip, left/right ski tail.
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Figure 5.4: Example images from our Skijump-Broadcast dataset. The images are darkened and
the segmentation masks (that are sometimes only partly correct or incomplete) are
visualized with an overlay. Annotated keypoints are displayed with white circles.

We use the detectron2 [95] framework to generate segmentation masks for our dataset.
In a first step, we use DensePose [74] to obtain segmentation masks of the body parts.
Since images of ski jumpers are far from the domain of DensePose, most of the masks are
completely or partly wrong. We select all masks that are mostly correct and discard the
other ones, which results in 424 images. As detectron2 is also trained to segment skis, we
feed the remaining images through an instance segmentation model in the second step.
However, only a small proportion of skis is detected, and even less skis are detected
correctly. A second look shows that some skis are detected, but wrongly classified as
snowboards, surfboards, etc. Hence, we select and aggregate all masks that belong to
skis by hand and split the ski masks in left and right ski. In many cases, only one ski is
detected and/or only parts of a ski are contained in the mask. Some example images are
displayed in Figure 5.4. Segmentation masks of the head, torso, left/right upper arm,
left/right forearm, left/right hand, left/right thigh, left/right lower leg, left/right foot,
and left/right ski are contained in the dataset: 326 segmentation masks in the train
subset, 81 in the test subset and only 17 in the validation subset. Because these are
too few masks for profound decisions, we coarsely label additional images with the body
parts that are of interest for our research (limbs and skis), such that the validation set
consists of 46 images.

5.3.5 Jump-Broadcast

We further create the Jump-Broadcast dataset to enable a public benchmark on arbi-
trary keypoint detection for triple, high, and long jump athletes. We have collected 26
videos of competitions from broadcast TV footage, summing up to 27 hours of video
material. 9 videos cover triple jump competitions, 8 videos long jump competitions and
the remaining 9 videos high jump competitions. A total of 193 different male and female
athletes are present in the video footage. The sports site, lighting conditions and image
quality vary throughout our dataset. Moreover, it contains a lot of extreme poses, espe-
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cially during the jump phase. We select the frames by sampling approx. 5 equidistant
frames from each jump (including in-run and jump phase) and each camera perspective.
Slow-motion replays are mostly recorded with a different camera and therefore seen as
a new camera perspective. We select 2403 images in total and annotate them with the
following 20 keypoints: head, neck, left/right shoulder, left/right elbow, left/right wrist,
left/right hand, left/right hip, left/right knee, left/right ankle, left/right heel, left/right
toe tip. Furthermore, the annotations include information whether a frame corresponds
to a slow-motion replay and the name of the athlete as is presented in the TV broadcast.
We split the dataset in 1805 images for training, 576 images for testing and 122 images
for validation in such a way that each athlete is only included in a single subset, even if
they have participated in multiple competitions.

We use the DensePose [74] framework from detectron2 [95] to automatically generate
segmentation masks for our dataset. Since some images are very blurry and the athletes
perform extreme poses in comparison to everyday activities, some masks are completely
or partly wrong. We sort out the worst segmentation masks by hand but keep masks that
are partly correct. In the end, we keep 1797 segmentation masks, 1338 belonging to the
training set, 97 to the validation set and 362 to the test set containing the head, torso,
left/right upper arm, left/right forearm, left/right hand, left/right thigh, left/right lower
leg and left/right foot. Figure 5.5 visualizes some images with generated segmentation
masks.

Figure 5.5: Cropped example images from the Jump-Broadcast dataset. Segmentation masks
are displayed as an overlay. Annotated keypoints are visualized in white. These
examples show the variety of poses in our dataset, including occlusions, front and
side views, the in-run, and extreme poses during the jump phase.

5.4 TokenPose

TokenPose [48] is a combined convolutional and Transformer architecture that we use
in this part of the thesis. It is one of the first 2D HPE architectures that incorporate
Transformer [89] layers in their architecture. A visualization of it is provided in Figure
5.6.

Depending on the architecture variant, TokenPose at first extracts image features
with either only the stem or the stem and the first three stages of an HRNet [92].
The resulting feature maps are split into patches and embedded to vectors via a linear
projection. Experiments show that an HRNet feature extractor leads to superior results
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Figure 5.6: Overview of the TokenPose [48] architecture.

compared to the variant of TokenPose that omits the HRNet and directly embeds image
patches into vectors.

A 2D sine positional encoding is added to all embedded image patch vectors, which we
call visual tokens. The positional encoding is added to the visual tokens before the cal-
culation of every Self-Attention (before the calculation of queries, keys and values). An
ablation study shows that 2D sine works better for TokenPose than learnable positional
encoding [48]. For every standard keypoint, TokenPose creates a learnable keypoint to-
ken. All these keypoint tokens are appended to the sequence of visual tokens. The joint
sequence is then fed to multiple Transformer layers (6 to 24, depending on the variant).
In every layer, the positional encoding is added to the visual tokens, but not to the
keypoint tokens.

After the last Transformer layer, only the output of the keypoint tokens is used. An
MLP with the same weights for every keypoint is learned to transform the keypoint
tokens to small heatmaps. Formally, TokenPose outputs k + n tokens vi ∈ Rn, i =
1, ..., n + k with embedding dimension d, whereby the last n tokens are visual tokens
and the first k tokens the keypoint tokens. The head then consists of a small MLP with
shared weights θ that transforms the keypoint vectors to heatmaps of size h× w.

MPL(θ; vi) = hi ∈ Rh·w reshape−−−−→ h′i ∈ Rh×w, i = 1, ..., k. (5.7)
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The heatmaps are then used to calculate the keypoint coordinates. Experiments show
that the largest TokenPose variant, TokenPose-L/D24 is able to outperform HRNet-W48
[92] on the COCO [50] dataset for almost all common metrics, although having a lot less
parameters and computational cost. [48]
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Vision Transformers

The stick-figure representation of humans in standard 2D HPE approaches is limited
to a small set of fixed keypoints and the skeleton connecting these keypoints. This
representation is sufficient to get a coarse notion of the current pose of a person in
an image or a motion that a person performs in a video. However, for more in-depth
analyses of motions and body postures, the stick-figure representation is not enough.
Therefore, we take the first step towards detecting more keypoints on the human body
and extend the detection capabilities of our model to any point on the skeleton, which
we call intermediate keypoints as introduced in Section 5.1.1. Intermediate keypoints
can further help to identify errors in the detection of the standard keypoints. If they do
not form a straight line, it is likely that at least one of the standard keypoints on the
edges of that skeleton line is detected wrongly. The work in this chapter is mainly based
on the following publication, with some text passages directly taken from it:

Detecting Arbitrary Intermediate Keypoints for Human Pose Estimation
with Vision Transformers [53], Katja Ludwig, Philipp Harzig and Rainer Lien-
hart, Winter Conference on Applications of Computer Vision (WACV) Workshops 2022,
Waikoloa, HI, January 2022.

Training a model that can detect such intermediate keypoints poses some challenges.
Most Human Pose Estimation datasets have a fixed set of keypoints. Hence, trained
models are only capable of detecting exactly these standard keypoints. Adding new
keypoints to the dataset requires a full retraining of the model. In contrast, we present
a model based on the Vision Transformer architecture that can detect the standard key-
points and intermediate keypoints without any computational overhead during inference
time. Furthermore, independently detected intermediate keypoints can improve analy-
ses derived from the keypoints such as the calculation of body angles. Our approach
is based on TokenPose [48] and replaces the fixed keypoint tokens with an embedding
of human-readable keypoint vectors to keypoint tokens. For ski jumpers, who benefit
from intermediate detections especially of their skis, this model achieves the same per-
formance as TokenPose on the fixed keypoints and can detect any intermediate keypoint
directly.
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Figure 6.1: Intermediate keypoint detection. The white cross on the silhouette in the lower
image shows the selection of the keypoint. In the upper video frame, the corre-
sponding detected keypoint is displayed with a red circle. In this visualization
application, the user can move the white cross in the silhouette to change the defi-
nition of the keypoint.

6.1 Introduction

As already mentioned in the previous chapters, video analysis based on the location of
keypoints is a popular technique to evaluate and improve the performance of athletes in
many individual sports disciplines. In the case of ski jumpers, as discussed in Chapter
3, keypoint locations are used to calculate body angles, which helps to evaluate their
body posture during flight and achieve longer jumping distances. 2D HPE techniques
can automate the detection of the keypoint locations, which makes the video analysis
less time-consuming and available to more athletes. Ski jumpers are mainly interested
in angles between body parts or skis, hence intermediate keypoints can help to get a
more robust estimation of the angles. With more keypoints, a body part or ski angle
is not solely based on the detection of the two end keypoints, but can be calculated as
a mean of angles between arbitrary keypoints on the body part or ski. Other analyses
that are based on intermediate keypoints or parameters derived from the keypoints can
also be improved as the detections of intermediate keypoints can be used in conjunction
with the interpolations of the skeleton line based on the standard keypoints.

In general, 2D HPE is a task of high interest in computer vision research. For a
long time, architectures that use deep convolutional neural networks were most common
because of their high performance in visual tasks. Typically, these models are trained
on a dataset with a fixed keypoint definition and the goal is to achieve a localization
of these standard keypoints as precisely as possible. The convolutional neural networks
learn low and high level features in their backbones combined with a head network that
learns to extract detection heatmaps for each defined keypoint based on the backbone
features. These head networks are fixed to the defined standard keypoints. Adding
new keypoints requires a full new training of at least the network head. Recently,
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Transformer [89] networks have emerged from natural language processing tasks to vision
tasks. In language applications, all words are at first embedded to vectors of fixed
dimensions. Transformers can handle input sequences of various length, which is useful
for sentences. Vision Transformer (ViT) [18] architectures split images in patches and
embed these image patches to vectors like the words. In order to detect keypoints,
TokenPose [48] appends additional learnable vectors to that sequence of embedded image
patches. Each of these so-called tokens corresponds to a defined keypoint in the dataset.
A more detailed explanation can be found in Section 5.4. In the standard TokenPose
model, it is not possible to remove and append tokens as needed, because the network
relies on the intermediate representations of all tokens to generate suitable predictions.
Therefore, we extend and modify the TokenPose architecture so that we can train and
evaluate an arbitrary number of intermediate points. We learn a linear transformation
of vectors representing the desired keypoints to the embedding space instead of tokens
representing the standard keypoints. Therefore, we can design the keypoint vector during
inference time according to the keypoints that we like to detect. Figure 6.1 shows such
an intermediate keypoint detection. [48]

The contributions of the work presented in this chapter can be summarized as follows:

• Our proposed training method makes the TokenPose predictions independent of
the provided keypoint tokens. Trained with our method, it can detect a subset of
the known keypoints without the necessity of all tokens being present.

• We extend the TokenPose model to detect arbitrary intermediate points. The
desired points are encoded in human understandable keypoint vectors which are
embedded in the token space through a learned linear transformation.

• Experiments show that our method can detect arbitrary intermediate keypoints of
ski jumpers while maintaining the detection performance of the standard keypoints
of ski jumpers. Furthermore, the method also works on another sports dataset with
triple and long jump images and on the COCO [50] dataset.

6.2 Related Work

In many sports disciplines, computer vision is a valuable tool for analyzing athletes.
In addition to the works discussed in the previous chapters, we would like to highlight
another method focussing on skiing athletes: the approach proposed by Wang et al.
[91], which estimates the poses of freestyle skiers and offers pose correction along with
exemplar-based visual suggestions to the athletes.

In sports, 2D HPE is a very common technique among computer vision analysis appli-
cations. For many years, the approaches with the best scores on leaderboards of common
benchmarks like COCO [50] or MPII Human Pose [1] were based on convolutional neural
networks, therefore we used them in the last chapters. Contrary to these mostly fully
convolutional approaches, TokenPose [48] is a Transformer [89] based approach for Hu-
man Pose Estimation. It is usable without any convolutions, but it achieves the best and
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state-of-the-art results with a part of a High Resolution Net (HRNet) [92] as a feature
extractor. The basic Transformer [89] architecture takes sequences of 1D tokens as an
input. In order to deal with 2D images or feature maps, Vision Transformer [18] proposes
to embed small image patches by a learned linear projection to 1D token vectors. This
approach is used by TokenPose. Additionally, learnable keypoint tokens are appended
to the image tokens and used as the Transformer input. The output of these keypoint
tokens is then transformed through an MLP to heatmaps.

6.3 Method

Our model is based on TokenPose [48], which is a combined convolutional and Trans-
former architecture explained in Section 5.4. Since TokenPose achieves the best results
with an HRNet feature extractor, we use it, too. Basically, the method and architecture
proposed in this chapter are applicable to all TokenPose variants. We choose TokenPose-
Base, since it provides a good trade-off between execution time and performance.

6.3.1 Additional Tokens for Intermediate Keypoints

In the standard TokenPose architecture (see Section 5.4), a unique keypoint token is
learned for each standard keypoint. These tokens are appended to the image patches and
fed jointly through the Transformer network. In the end, the outputs of the Transformer
network that correspond to these tokens are converted to heatmaps with an MLP. Hence,
the naive approach to add more keypoints is to create a token for each added keypoint
and train the network on the larger keypoint set. [48]

6.3.1.1 Learning Independent Keypoint Tokens

This method has disadvantages. First, it always detects all intermediate keypoints at
all times, even if only a subset of intermediate points is desired. In order to achieve a
fine-grained detection of any intermediate keypoint, lots of new keypoint tokens have
to be added. Removing any of the unnecessary tokens from the Transformer input
sequence in order to receive only the necessary detections fails, as shown by evaluations
in Section 6.4. We suppose the reason is that the Transformer network correlates all
embeddings of the input with each other, visual tokens as well as keypoint tokens.
Therefore, the result for each keypoint is dependent on the intermediate representations
of the feature maps corresponding to the other keypoint tokens. If these tokens are not
given in the input sequence, the Transformer misses necessary information to generate
precise predictions. This dependence is a desired effect in TokenPose, as the intermediate
results of neighboring keypoints help the model to detect occluded keypoints. This effect
is called constraint cue in TokenPose. [48]

We can alter the model so that it can cope with our scenario. In each training step,
we randomly select a subset of the keypoints, whereby the number of selected keypoints
is random as well, and permute them. As an input to the Transformer model, we use
only the tokens that correspond to the selected subset of keypoints, the other tokens are
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Figure 6.2: Schematic representation of keypoint sampling and permutation. For each addi-
tional keypoint, a token is added. During training, a random subset of all keypoint
tokens is selected and randomly permuted. Only the selected keypoints are ap-
pended to the visual tokens as an input to the Transformer network.

not present in the input sequence. Figure 6.2 visualizes this technique. Consequently,
the loss is calculated based on the sampled keypoints. Solely permuting the keypoint
tokens is not sufficient, as Transformer networks are independent of the input sequence
order to a certain extent. Permutation and random keypoint sampling is necessary that
the Transformer learns to be quite independent of the present keypoint tokens, but
evaluations show that there is still a slight performance drop if less keypoint tokens are
used (see Section 6.4). 1

6.3.1.2 Analysis of Keypoint Tokens

Our goal is to detect arbitrary intermediate keypoints directly via the network. We
can use the described naive approach to achieve a relatively fine-grained spacing of
the intermediate keypoints. However, the computational complexity of the Transformer
increases quadratically with the number of tokens. Hence, there is an upper limit for the
number of tokens that can be used, and it is infeasible to detect all possible intermediate
keypoints. An idea to solve this problem is to create keypoint tokens based on the
learned neighboring tokens. To verify the feasibility of this approach, we investigate the
inner product matrix of the learned keypoint tokens, which shows the similarity of the
tokens to each other. A detailed analysis of this matrix reveals a problem. In Figure
6.3, the inner product matrix of left and right ski with nine equally spaced intermediate
keypoints is displayed. The matrix shows that the similarity of neighboring keypoint
tokens is mostly high, but smaller than the similarity between the corresponding left
and right keypoint token. Hence, it is not possible to design further combined keypoint
tokens to detect arbitrary intermediate keypoints as there is an interference between
tokens corresponding to left and right.

1The method described here is functional but not optimal. A more effective approach involves using
a modified attention mechanism similar to cross-attention [9]. At the time of this work, we were
unaware of this technique, but we present it in Section 7.4.3.
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Figure 6.3: Inner product matrix for left and right ski with intermediate points. rsti/lsti stands
for right/left ski tip, rsta/lsta stands for right/left ski tail. α sti sta means the
keypoint is located on fraction α of the line between sti and sta. With increasing
similarity, the color darkens, indicating a high similarity between corresponding left
and right keypoints, which can be seen by the dark-colored diagonal squares in the
top right and bottom left part of the matrix.

Figure 6.4 shows another aspect of the learned tokens. We create a token that is
designed as the first x values from the right ski tip token and the next d−x values from the
right ski tail token, whereby d is the embedding size. If we use this token as an input, the
model generates a heatmap with two peaks at the positions of both keypoints. We find
that the value of x, for which the heatmap peaks shift from the first token to the second
token detection is highly dependent on the keypoints and the inner logic of the tokens.
If we use neighboring intermediate keypoints for this strategy the results are better,
but the detections still produce either two heatmap peaks or jump between the two
learned keypoints. Therefore, it is not possible to design keypoint tokens for generating
fluent intermediate keypoint predictions. In order to generate continuous intermediate
keypoints, we would need to learn a huge amount of intermediate keypoints which is
infeasible, especially if we want to preserve the initial performance of the network.

6.3.2 Intermediate Keypoints Encoded in Vectors

Therefore, we design another architecture, which is visualized in Figure 6.5. At first,
features are extracted from the images with an HRNet [92] backbone. The feature
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6.3 Method

Figure 6.4: Detections with different tokens. The first image is the input image. The second
image shows the detection of the right ski tip, the third image the detection of the
right ski tail. Image four shows the result if we use the first approx. 60% of the
values from the ski tip token and the last values from the ski tail token. Image five
shows the result with the first approx. 40% values from the ski tip and the last
entries from the ski tail token.

maps are split into feature patches and embedded through a linear projection. 2D
sine positional encoding is added to the resulting visual tokens. Instead of appending
learnable keypoint tokens to the sequence of visual tokens, we use a method similar to
the feature patch embedding. We encode the keypoints as keypoint vectors and use
a linear projection to create embeddings of the keypoints. Hence, the model learns
the transformation from keypoint vectors to keypoint tokens. Before appending the
keypoint tokens to the input sequence, we randomly sample and permute the tokens,
just as described in Section 6.3.1.1. Before the Transformer layers, we always add the
positional encoding to the visual tokens, but not to the keypoint tokens as we want
them to be independent of the order. Like in TokenPose [48], we keep the outputs of the
Transformer corresponding to the keypoint tokens and use an MLP with shared weights
to generate heatmaps for the desired keypoints.

The keypoint vectors are designed in a way that all keypoints on skeleton lines are
representable. If a dataset has n annotated keypoints per person, a keypoint vector v
for this dataset has length n, hence v ∈ Rn. If we want to detect a standard keypoint,
e.g., keypoint i, then

vk =

{
1, k = i
0, k ̸= i

k = 1, ..., n

Let the line between keypoints i, j be a skeleton line ls, e.g. the forearm, upper arm,
thigh, lower leg, neck, etc. If a keypoint should be detected that lies on fraction α of
the line between keypoints i and j, v is defined as

vk =


1 − α, k = i
α, k = j
0, k ̸= i ∧ k ̸= j

k = 1, ..., n

If α = 1, the keypoint is located at the end on the line from i to j, hence the desired
keypoint equals keypoint j. If α = 0, the keypoint definition is equal to keypoint i.
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CNN Feature

Maps

…

Linear Projection

+

Keypoint Vectors

Linear Projection

…

… …

…

+

…

Transformer Layer

Transformer Layer

… …

…

MLP

Feature Patch

Visual Token

Keypoint Vector

Keypoint Token

Positional Encoding

Random Sampling 

and Permutation

Figure 6.5: Model architecture with keypoint vectors. Image features are extracted with a
convolutional neural network, split into feature patches and transformed to visual
tokens using a learned linear projection. Keypoint vectors are treated similarly.
They are transformed to keypoint tokens through a learned linear projection. Both
linear projections are independent of each other. Positional encoding is added to
the visual tokens, but not to the keypoint tokens. Keypoint tokens are randomly
sampled and permuted before they are fed through the Transformer network. A
full attention is calculated with visual and keypoint tokens. An MLP is used to
transform the resulting keypoint tokens to heatmaps. [50]

For our training, we use all standard keypoints and randomly generate intermediate
keypoints pinter , sampled from all skeleton lines of the dataset with α sampled uniformly
from [0, 1]. An example for the resulting keypoint vectors for the ski jump dataset is
visualized in Figure 6.6.

With this method, it is also possible to generate keypoints that are located on the
straight line between two intermediate keypoints pinter . If we take the COCO dataset,
for example, and want to generate keypoints on the spine, these keypoints are located
on the line between keypoints i and j, whereby keypoint i is located in the middle of
the two shoulder keypoints s1, s2 and keypoint j in the middle of the left and right hip
keypoint h1, h2. Hence, if we want to detect a keypoint of fraction α on the line between
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6.3 Method

i and j, our keypoint vector v consists of zeros apart from entries vs1 = vs2 = (1−α) ·0.5
and vh1 = vh2 = α · 0.5. So, we can design any intermediate keypoint that lies between
annotated keypoints.

head 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
shoulder 0 1 0 0 0 0 0 0 0 0 0 0.5 0 0 0 0 0

elbow 0 0 1 0 0 0 0 0 0 0 0 0.5 0 0 0 0 0
hand 0 0 0 1 0 0 0 0 0 0 0 0 0 0 0 0 0

hip 0 0 0 0 1 0 0 0 0 0 0 0 0 0 0 0 0.8

knee 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0 0 0.2

ankle 0 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0 0
right ski tip 0 0 0 0 0 0 0 1 0 0 0 0 0.5 0.2 0 0 0
right ski tail 0 0 0 0 0 0 0 0 1 0 0 0 0.5 0.8 0 0 0

left ski tip 0 0 0 0 0 0 0 0 0 1 0 0 0 0 0.7 0.5 0
left ski tail 0 0 0 0 0 0 0 0 0 0 1 0 0 0 0.3 0.5 0

generated keypointsstandard keypoints

Figure 6.6: Keypoint vectors for the ski jump dataset. The keypoint vectors are displayed in
the columns. The first eleven vectors correspond to the standard keypoints. The
last six keypoints are generated, whereby the number of generated keypoints is
chosen randomly. The first generated keypoint lies on the upper arm, the second
and third keypoint on the right ski, keypoint four and five on the left ski and the
last keypoint on the thigh. For example, the last keypoint is located at 20% of the
length on the line between hip and knee, hence it is closer to the hip.

6.3.3 Exponential Moving Average

The validation score has a high fluctuation rate throughout the training, even after
convergence. In order to reduce fluctuation and achieve a model with a stable result, we
keep an exponential moving average (EMA) of our model. This is the same technique
as used for the mean teacher semi-supervised learning in Section 4.3.2. Let wt be the
weights of our model and wt

EMA be the weights of our EMA model. We initialize the
EMA model with the exactly same weights as the original model

w0
EMA = w0.

Let γ be the EMA rate, then all weights of the EMA model at training iteration t are
calculated as

wt
EMA = γ · w(t−1)

EMA + (1 − γ) · wt.

The EMA model can be seen as a temporal ensemble of the models from the last itera-
tions, with more recent weights having a larger impact after a warm-up phase.
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6 Intermediate Keypoint Detection

6.4 Experiments

All experiments are based on the TokenPose-Base architecture [48]. At first, feature
maps are extracted using the first three stages of a HRNet-w32 network [92]. The
largest feature map of the HRNet output, which has 1

4 of the input resolution, is used
as input to the Vision Transformer network for each image. All input images are resized
to 256 × 192 and the resulting feature maps are split into patches of size 4 × 3. The
patches are embedded to vectors of size 192, and we use 12 Transformer layers with
8 heads. We use 2D sine positional encoding, which is added to the visual tokens
and corresponding intermediate representations before each Transformer layer, meaning
before the calculation of keys, queries and values for the Self-Attention. To obtain
the keypoint coordinates from the heatmaps with resolution 64 × 48, we use the DARK
method presented by Zhang et al. [102]. It uses a Taylor series expansion of the heatmap
around its initial maximum to achieve sub-pixel accuracy.

6.4.1 IAT-Skijump v2

As described in Chapter 3, ski jumpers analyze their body and ski angles during the flight
phase for performance improvement. These angles, also called flight parameters, are
derived from the detected keypoints on the ski jumpers and their skis. These keypoints
can be robustly estimated by a combination of using multiple detections per camera
view and heuristic filtering. The detection of intermediate keypoints can improve the
robustness of the angle estimation even more, since multiple points can be used for a
single angle calculation. Therefore, we use the IAT-Skijump v2 dataset (see Section
5.3.2) as the primary dataset of interest in this chapter. We use the PCK as explained
in Section 2.1.2.1 as the evaluation metric. We set the threshold to t = 0.1, which
corresponds to approx. 5 cm in this dataset.

For all ski jump experiments, we use pretrained weights from the COCO dataset.
At first, we train a standard TokenPose-Base model (see Table 6.1, first row). With
an overall PCK@0.1 of 80.7%, the Transformer model achieves a similar performance
in comparison to a pure HRNet-w32 model, which scores 80.8% PCK. If we use the
EMA model like described in Section 6.3.3, the total PCK rises to 81.9% and exceeds
the HRNet score (see Table 6.1, second row). This shows that the temporal ensemble
included in the EMA model improves the model performance. In the next experiments,
we will stick to the EMA model for our results.

In order to detect continuous keypoints on the body parts of the ski jumpers and the
skis, we add 36 intermediate keypoints to the model. Three equally spaced intermediate
points are added to the neck, upper arm, forearm, thigh, lower leg and torso, as well
as nine equally spaced intermediate points to left and right ski. A training on these
keypoints lowers the detection score on the standard keypoints by 0.8%, as the model
is now trained on a larger problem and can not focus on the standard keypoints. But
regarding the performance on all keypoints, including the added keypoints, the perfor-
mance rises by 4.1% compared to the base model evaluated on the standard keypoints
(see Table 6.1, third row).
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6 Intermediate Keypoint Detection

However, these scores are only achieved if we use all 47 learned keypoint tokens in
the input. Using only the keypoint tokens corresponding to the 11 standard keypoints
instead of the 47 used during training, the score drops to only 14.4% PCK, although
we evaluate with the same model (see Table 6.1, row four). In this evaluation, it is
remarkable that the performance varies extremely between the keypoints. The elbow
score is still high, while the score for the knee and the ski tails drops to zero.

Additionally permuting the 47 keypoint tokens during training results in a further
performance drop for the evaluation with all 47 tokens present in the input. The detec-
tion score rises a little to 23.0% if we use the standard keypoint tokens only as in the
last evaluation, but this is far too low for a usable model (see Table 6.1, rows five and
six).

Including the random sampling and permutation technique changes this behavior.
We randomly choose at minimum five keypoints and maximum all 47 keypoints in each
training step. This method achieves a PCK of 80.1% evaluated on the standard keypoints
but with all keypoint tokens in the input sequence, which is a little lower than without
this method. But in contrast to all other methods, its performance drops only slightly if
we evaluate with solely the standard keypoints in the input sequence, achieving a PCK
of 79.7% (see Table 6.1, rows seven and eight).

To train our model that is based on keypoint vectors, we generate 1 to 30 additional
keypoints on the neck, upper arm, forearm, thigh, lower leg, torso, left and right ski.
The fraction α that defines the location on the body part is uniformly sampled between
0 and 1. Hence, we generate arbitrary intermediate keypoints during training. We
permute and randomly sample at minimum five and at maximum all standard and
generated keypoints. However, randomly sampling only the standard keypoints results
in an inferior score (see Table 6.1, rows 9–13). Since the generated keypoints are already
randomly produced, we expected that randomly sampling them should not have an
influence, but the experiments show that this is not the case.

Figure 6.7: Examples for intermediate detections on the left ski. The white cross on the silhou-
ette of the ski jumper in the lower image shows the selection of the intermediate
keypoint. In the upper image, the corresponding keypoint is detected and displayed
with a red circle.
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Model Adaptations
Avg PCK Full PCK Avg PCK Avg PCK
All Input All Input Std Input Sgl Input

1 - - 91.3
2 TokenPose 50 intermediate keypoints 91.1 93.2 35.1
3 token permutation & sampling 91.1 93.2 91.1

4
Ours

token perm. & sampling of std. keypoints 91.3 92.5 90.4
5 token perm. & sampling of all keypoints 91.7 92.9 91.7 91.5

Table 6.2: Recall values in % at PCK threshold 0.1 for the BiSp-Jump v2 dataset. The first
column displays the average PCK of the standard keypoints with full input (all key-
point tokens/vectors) as used during training. The average PCK score including the
generated points is given in the second column. The third column shows the average
PCK of the standard keypoints with only the keypoint tokens/vectors of the stan-
dard keypoints present in the Transformer input and the last column the evaluation
with keypoint vectors representing only single joints. We abbreviate permutation
with perm. in this table.

The keypoint vector model with full random sampling achieves a PCK score of 81.8%
independent of the keypoint vectors in the input. This is a very similar performance as
training solely on the standard keypoints, but the model is capable of directly detecting
arbitrary intermediate keypoints, which is proven by the higher full PCK score of 84.8%.
If we evaluate the model only on generated keypoints (randomly between 1 and 30
randomly chosen arbitrary keypoints), we get a PCK score of even 86.3% (not in the
table). This proves that the model can really detect arbitrary points. The model achieves
also good results if only a single keypoint vector is used as an input, the average PCK
is 80.9% in this case. Hence, the dependence on the other keypoints is reduced to a
minimum and the model is really flexible for the sole detection of the desired keypoints.
Figure 6.7 shows some examples for intermediate keypoint detections.

6.4.2 BiSp-Jump v2

We further evaluate the capabilities of our model on the BiSp-Jump v2 dataset that is
introduced in Section 5.3.3. We evaluate again with PCK@0.1, which corresponds to
approx. 6 cm in this dataset. The evaluation results are presented in Table 6.2. The
TokenPose model with standard keypoints achieves a PCK score of 91.3% (see Table
6.2, first row). We add 50 intermediate keypoints on the neck, upper arm, forearm,
thigh, lower leg, shoulder axis, hip axis, spine and the lines between neck and left/right
hip as well as left/right shoulder and neck. The performance on the standard joints is
similar, but the performance with solely the standard input keypoint tokens drops to
35.1% (see Table 6.2, second row). Uniformly sampling between five and all keypoints
rises the detection score of the standard keypoints to 91.1% independent of the number
of tokens in the input sequence (see Table 6.2, third row). The keypoint vector model
is capable of increasing the performance further, even surpassing the standard model’s
performance slightly with 91.7% PCK independent of the keypoint vector input (see
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6 Intermediate Keypoint Detection

Table 6.2, row five). For that model, we generate 5–50 keypoints uniformly distributed
between all body parts during training. If we use keypoint vectors that represent only
a single joint and evaluate these results, the model achieves an accuracy of 91.5% PCK,
which is still better than the standard model.

6.4.3 COCO

Moreover, we evaluate on the COCO [50] dataset, which is a very common benchmark,
but not a sports dataset. We have introduced it in Section 2.2.1. We use the standard
evaluation metric for COCO, which is AP based on OKS, as described in Section 2.1.2.2.
The results are displayed in Table 6.3. Our TokenPose training on COCO with the
standard keypoints achieves an AP of 74.8% without the EMA model and an AP of
75.4% with the EMA model (see Table 6.3, first and second row). We add 53 points on
the head, neck, upper arm, forearm, thigh, lower leg, shoulder axis, hip axis, spine and
the lines between neck and left/right hip as well as left /right shoulder and neck. The
performance drop using only the standard keypoint input tokens is less on the COCO
dataset, but still significant. Using all tokens (standard and generated ones) in the
input sequence, the model achieves an AP of 73.7% (see Table 6.3, row three). With
the standard tokens only, the AP drops to 56.5% (see Table 6.3, row four). Using our
keypoint vector model, the detection performance is nearly equal for full, standard, and
single input (see Table 6.3, rows seven to nine). As the full PCK is higher than the
standard PCK, this proves that the model is capable of precisely detecting arbitrary
intermediate keypoints. The PCK in general is lower than the PCK of the TokenPose

Model Adaptations Inp. AP AP 50 AP 75 APM APL AR Avg PCK Full PCK

1 TokenPose non EMA std 74.8 92.4 81.5 71.9 79.3 77.8 81.4

2 TokenPose EMA std 75.4 92.5 82.5 72.5 79.9 78.3 81.6

3
TokenPose 53 interm. keypoints

all 73.7 91.5 80.7 71.1 77.8 76.6 81.3 82.6
4 std 56.5 87.4 65.0 54.6 59.8 60.0 68.1

5
TokenPose

token permutation all 69.4 89.5 77.5 66.9 73.6 72.8 78.7 80.3
6 & sampling std 69.5 89.5 77.4 66.9 73.5 72.7 78.6

7 all 73.7 91.5 80.6 71.2 78.0 76.6 81.0 81.8
8 Ours std 73.6 91.5 80.6 71.2 77.9 76.6 81.0
9 sgl 73.5 91.5 80.6 70.9 77.8 76.5 80.9

Table 6.3: OKS results and average recall values at PCK threshold 0.1 in % on the COCO
dataset. If more than the standard keypoints are used, the PCK score including
the generated points is given in the last column. The qualifiers std, all and sgl in
the input column refer only to the used inference protocol and not to the training
procedure. std means that only the keypoint tokens/vectors that correspond to the
standard joints are used as an input during inference, all means that the full input
as during training is used (either 70 keypoints or keypoint vectors with generated
keypoints) and sgl stands for single evaluation, meaning that a keypoint vector rep-
resenting a single keypoint is passed to the model during inference and all keypoints
are obtained separately.
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model trained on the standard keypoints, but this is most likely caused by the training
duration. We stop the training for all models after 1.2 million steps, but the keypoint
vector model has not fully converged till that time as it learns slower due to the task of
learning continuous points being more complex. Further, the full PCK values are not
directly comparable, since the TokenPose models are only able to detect some, but not
all possible intermediate keypoints.

6.5 Summary

At first, this chapter has proposed a training routine that makes it possible to train a
TokenPose [48] model with additional keypoints, but independent of these additional
keypoints during inference. For the standard TokenPose model, all keypoint tokens need
to be present in the Transformer input, as the model learns the location of the keypoints
not only from the image but also in dependence on the detections of the other keypoints.
Random sampling and permuting the keypoint tokens in the input forces the model to
learn the keypoint locations independent of the other keypoints.

This model has the disadvantage that only the intermediate keypoints that are trained
can be detected afterwards. Designing the tokens such that the model is able to esti-
mate arbitrary intermediate keypoints is not possible as the coherence of tokens for
corresponding left and right keypoints is larger than the coherence of neighboring to-
kens. Hence, we proposed a novel architecture that uses keypoint vectors instead of
keypoint tokens as an input. Keypoint vectors have the same length as the number
of annotated keypoints in the dataset. They sum up to 1 and represent an arbitrary
intermediate keypoint as a mixture of the standard keypoints. Keypoint vectors are
embedded like the visual patches with a linear transformation in the embedding space.
Instead of learning fixed keypoint tokens, our model learns this linear embedding.

Evaluations have shown that our keypoint vector model in combination with the ran-
dom sampling strategy works as desired. The PCK on the standard joints is similar or
even slightly better for all three experiments with different datasets. The PCK inclu-
ding arbitrary intermediate keypoints is even higher, hence, the model can really detect
any desired intermediate keypoint. The detection of single keypoints is also nearly com-
pletely independent of other keypoints, which has been proven by an evaluation with
only single keypoint vectors as an input to the Transformer.
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7 Detecting Arbitrary Keypoints on
Humans and Their Sports Equipment

Recall that nearly all HPE datasets consist of a fixed set of keypoints. Standard HPE
models trained on such datasets can only detect these keypoints. If more points are
desired, they have to be manually annotated and the model needs to be retrained.
Therefore, in Chapter 6, we introduced an approach that leverages the Vision Trans-
former architecture to extend the capability of the model to detect intermediate key-
points along the skeleton of humans. These intermediate keypoints enable or improve
certain applications, such as estimating body angles in ski jumping. However, inter-
mediate keypoints alone remain limiting for more comprehensive analyses that require,
for example, detecting the body outline. To address this, we introduce an approach for
detecting arbitrary keypoints across the human body in this chapter. All approaches
are based on the TokenPose [48] architecture, like the intermediate keypoint approach
in Chapter 6. Since the task of detecting arbitrary keypoints is very challenging, we
approach it in multiple steps. All the steps that are described in this chapter are based
on the following publications, with some text passages directly taken from them:

Recognition of Freely Selected Keypoints on Human Limbs [54], Katja Ludwig,
Daniel Kienzle and Rainer Lienhart, IEEE/CVF International Conference on Computer
Vision and Pattern Recognition Workshops (CVPRW), New Orleans, LA, June 2022.

Detecting Arbitrary Keypoints on Limbs and Skis with Sparse Partly Correct
Segmentation Masks [55], Katja Ludwig, Daniel Kienzle, Julian Lorenz and Rainer
Lienhart, Winter Conference on Applications of Computer Vision (WACV) Workshops
2023, Waikoloa, HI, January 2023.

All Keypoints You Need: Detecting Arbitrary Keypoints on the Body of
Triple, High, and Long Jump Athletes [57], Katja Ludwig, Julian Lorenz, Robin
Schön and Rainer Lienhart, IEEE/CVF International Conference on Computer Vision
and Pattern Recognition Workshops (CVPRW), Vancouver, BC, Canada, June 2023.

In the first step, we focus on arbitrary keypoints on the limbs of persons. Hence, we
include arbitrary keypoints on the upper arm, forearm, thigh, and lower leg. We propose
two different approaches to encode the desired keypoints.

1. Each keypoint is defined by its position projected onto the skeleton line and its
relative distance from this line to the limb’s edge
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2. Keypoints are defined as coordinates on a normalized pose.

In both cases, arbitrary keypoints are defined relative to the corresponding segmentation
mask of the body part, like explained in Section 5.1.3. Experiments show that both ap-
proaches achieve similar results to TokenPose on the standard keypoints and are capable
of detecting arbitrary keypoints on the limbs.

In the next step, we propose a method to detect arbitrary keypoints on the limbs and
skis of professional ski jumpers that requires a few, only partly correct segmentation
masks during training. Since manual annotations are very costly, our approach is more
usable if it only requires partly correct and not fully correct segmentation masks. The
reason is that we use segmentation masks only to generate ground truth labels for the
arbitrary keypoints, and partly correct segmentation masks are sufficient for our trai-
ning procedure. Hence, there is no need for costly hand-annotated segmentation masks.
We analyze different training techniques for arbitrary and standard keypoints, including
pseudo-labels, and show in our experiments that only a few partly correct segmenta-
tion masks are sufficient for learning to detect arbitrary keypoints on limbs and skis.
Moreover, we find that the standard full attention mechanism does not fit the needs of
our task and propose another attention mechanism that is more suitable for detecting
arbitrary keypoints.

Lastly, we focus on the disciplines of triple, high, and long jump, which require fine-
grained locations of the athlete’s full body. Therefore, we move one step further and
detect arbitrary keypoints on the whole body of the athlete by leveraging the limited
set of annotated keypoints and auto-generated segmentation masks of body parts. We
now do not limit the body parts to the limbs as before. Evaluations show that our
model is capable of detecting keypoints on the head, torso, hands, feet, arms, and legs.
We further adapt our approach to include also bent elbows and knees, since such poses
happen very frequently in triple, high, and long jump. We analyze and compare different
techniques to encode the desired keypoints as the model’s input and their embedding
for the Transformer backbone.

7.1 Introduction

In this chapter, we extend the capabilities of the model introduced in Chapter 6 in
multiple steps to detect arbitrary keypoints on the human body, since this enables more
advanced video analyses in sports disciplines. Like in Chapter 6, our approach uses
the capability of Transformer architectures to handle inputs of various length. The
representations of the desired keypoints - standard as well as arbitrarily chosen - are
converted to tokens. This sequence of tokens of any length is then appended to the
visual tokens and the network predicts a keypoint for each token.

In a first step, we focus on arbitrary keypoints solely on the limbs of humans and create
the model V1. We propose and evaluate different keypoint representations throughout
this chapter. The first approach splits the representation into two parts. One part
encodes the position of the projection of the desired keypoint onto the skeleton line
ls, which is the straight line between the standard keypoints that are enclosed by the
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(a) (b) (c)

(d) (e) (f)

Figure 7.1: Two detection results for every step of our approach to detect arbitrary keypoints.
The images in the first column (7.1a and 7.1d) display arbitrary keypoints on the
limbs of triple and long jump athletes by model V1. The images show four equally
spaced lines to both sides of each limb including the edge in pure color and the
central line in white with a color gradient from one side to the other. The images in
the second column (7.1b and 7.1e) show two detection results of arbitrary keypoints
on the limbs and skis of ski jumpers using our model V2, visualized with four equally
spaced lines as before. The images in the last column (7.1c and 7.1f) show detection
results from our Jump-Broadcast dataset using our model V3, visualized with three
equally spaced lines and colored as before.

corresponding body part. The second part encodes the distance of the keypoint from this
intermediate keypoint pinter relative to the distance of the boundary of the body part.
We refer to this approach as the vectorized keypoint approach and the resulting model
is called V1-VK. The second approach encodes each keypoint in normalized euclidean
coordinates on a normalized pose (template T-pose). We call this the normalized pose
approach and the trained model V1-NP. Both approaches open the possibility to design
the keypoint representation such that desired arbitrary keypoints can be represented
and therefore also detected by our models without any additional annotations or post-
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processing steps. Figure 7.1 shows in the first column two examples for such detection
results for the fixed as well randomly chosen keypoints of the athletes.

Secondly, we adapt the vectorized keypoint approach for TokenPose that it can also
detect arbitrary points on the skis of ski jumpers. The first approach V1 requires a
segmentation mask for every image in order to detect arbitrary points on the limbs of
humans. Since many images of ski jumpers are too far from the domain of common
segmentation models, we are only capable of collecting a few segmentation masks of
body parts that are partly correct and even fewer of the skis. The reason is that we
avoid to costly annotate the images by hand but use existing segmentation models like
DensePose [74, 95] to obtain the masks. We propose and analyze different methods to
train a model with this small amount of segmentation masks. Results of our best model,
called V2, can be seen in Figure 7.1 in the second column.

The methods presented in the first two steps are limited to the limbs (and skis, if
applicable), which we try to overcome in the last step. Figure 7.1 shows in the last
column that our final model V3 is capable of detecting arbitrary points on the head,
torso, arms, and legs including hands and feet. It also correctly estimates keypoints on
bent limbs like elbows and knees.

The contributions presented in this chapter can be summarized as follows:

• We propose two different representations of arbitrary keypoints on human limbs.
The first one is based on the location relative to the body part boundary and
the keypoints enclosed by the body part, the second one uses the position on a
normalized pose.

• Our model, based on the TokenPose architecture, uses one of the two representa-
tions to create appropriate tokens for detecting the desired keypoints. The model
can deal with any number of keypoints.

• We propose a metric to evaluate the location of detected keypoints relative to
the body part boundary, which is described in Section 5.2. Typical metrics like
Percentage of Correct Keypoints (PCK) are not suitable to evaluate the model’s
sense of limb boundaries precisely.

• Our experiments show that approach V1 can detect arbitrary keypoints on the
limbs of humans while maintaining its performance on the set of standard key-
points. We evaluate the model on the COCO dataset and the BiSp-Jump v2
dataset.

• We propose an adapted representation for the vectorized keypoint query tokens in
order to detect arbitrary keypoints on the skis of ski jumpers.

• Further, we improve our model such that keypoint outputs are independent of the
number of keypoint tokens in the input sequence by adapting the used attention
mechanism. Without this adaptation, the detection results depend on the other
keypoint tokens in the input sequence.

• We release a new dataset with 2867 annotated ski jumpers (see Section 5.3.4).
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• We analyze different methods to train model variants V2 with only a few partly
correct segmentation masks such that it is capable of estimating arbitrary keypoints
on limbs and skis of ski jumpers while maintaining similar performance on the
standard keypoint set.

• Our model’s capabilities are further improved by enlarging the area of the body
for which arbitrary keypoints can be detected by the feet, hands, torso, and head.
We further improve our model such that it can detect keypoints on bent elbows
and knees correctly, resulting in our final model V3.

• We propose different techniques for the model to encode the desired target key-
points. The head is either encoded based on a reference line or based on an angle.

• We release the Jump-Broadcast dataset, a new dataset with 2403 annotated triple,
high, and long jump athletes sampled from 27 hours of 26 different TV broadcast
videos (see Section 5.3.5).

• Experiments on the Jump-Broadcast dataset and the BiSp-Jump v2 dataset prove
that our variants of V3 are capable of detecting any desired keypoint on the body of
athletes. We improve the evaluation scheme by using more keypoints and provide
a detailed evaluation of the performance of keypoints located on the different body
parts.

7.2 Related Work

In many sports disciplines, computer vision is a beneficial technique to analyze athletes
in video footage of training or competition scenarios. We already presented related work
regarding applications of computer vision in sports and especially individual sports in
the last chapters.

The basic Transformer [89] architecture takes sequences of 1D tokens as an input. In
order to deal with 2D images or feature maps, Vision Transformer [18] proposes to embed
small image patches by a learned linear projection to 1D token vectors. This approach
is used by TokenPose that we introduced in Chapter 5.4. Apart from TokenPose, there
are other approaches that use the Transformer architecture for 2D HPE. Shi et al. [80]
propose the first fully end-to-end multi person pose estimation framework based on
Transformers. ViTPose [98] proves that pure ViT based HPE models are also capable
of achieving state-of-the-art scores by adding a decoder with deconvolutions after the
ViT layers. The HRFormer [99] architecture combines the ideas of the HRNet and
the ViT and uses ViT layers while maintaining branches of different feature resolutions
like the HRNet. Leveraging the idea of focusing on the part of the image where the
person is located, Zeng et al. [101] cluster tokens of less important image areas like the
background, while keeping many tokens for important areas. Ma et al. [59] follow a
similar idea by deleting the tokens of unimportant image areas. They achieve a more
lightweight architecture as a consequence.
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Despite recent advances in Transformer models for 2D HPE approaches, we are not
aware of any work that tackles the estimation of arbitrary novel keypoints while training
the HPE network solely on a dataset with standard keypoint annotations and corre-
sponding human segmentation masks.

7.3 Detecting Arbitrary Keypoints on Human Limbs

In Chapter 6, we introduce an approach to detect intermediate keypoints on the skeleton
of humans. In this chapter, we extend this approach step by step to detect arbitrary
keypoints on the human body. In the first step, we start with learning arbitrary keypoints
on the limbs of humans, i.e., arms and legs.

7.3.1 Keypoint Generation

In order to detect arbitrarily selected keypoints on human limbs, we need to generate
ground truth keypoints on the limbs. To achieve that, we use segmentation masks of
upper arms, forearms, thighs and lower legs. As we want to generate keypoints that
are distributed over the complete body part, we use the following generation scheme:
Let pi and pj be the coordinates of two standard keypoints (e.g., left shoulder and left
elbow joints) that are enclosed by the body part B (e.g., left upper arm). At first, we
uniformly sample a ratio α of the skeleton line ls between pi and pj , which results in an
intermediate keypoint pinter :

pinter = α · pj + (1 − α) · pi (7.1)

This method is identical to the keypoint generation of the intermediate keypoints in
Chapter 6.

Next, we generate the line lo that is orthogonal to the skeleton line ls between pi
and pj and goes through pinter . This line has two intersection points cl and cr with the
boundary of the body part segmentation mask B. The intersection point which is more
left in the image is called cl, the other intersection point cr. Then, we sample β̃ from a
normal distribution and define β = max(0, 1 − |β̃|) ∈ [0, 1]. This ratio β corresponds to
the distance from the projection point pinter to the body part boundary, referred to as
the thickness. With β, we create the final keypoint parb as follows:

parb =

{
(1 − β) · pinter + β · cl, β̃ >= 0

(1 − β) · pinter + β · cr, β̃ < 0
(7.2)

β̃ is drawn from a normal distribution in order to generate more keypoints on the
body part boundaries, as this seems harder for the model to learn. Figure 7.2 shows
some examples for such keypoint generations. Yellow points visualize pi and pj , a green
point pinter and the blue line lo. The body part segmentation mask B is visualized by a
red overlay. The mask intersection points cl and cr are displayed with blue points and
the generated point parb with a red point.
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Figure 7.2: Examples for the keypoint generation process on COCO images. The body part is
visualized with a red overlay and the standard keypoints enclosed by the body part
in yellow. The randomly selected projection point on the line between the standard
keypoints is displayed in green and the orthogonal line in blue. The intersection
points of the line with the edge of the body part are visualized in blue, while the
red points visualize the final generated keypoints.

7.3.2 Keypoint Representations

In contrast to TokenPose which uses fixed learnable tokens, we need to learn an embed-
ding function for the desired keypoint to a suitable keypoint token, as it is analyzed in
Chapter 6. We propose two approaches for the input representation for this embedding
function in the following sections.

7.3.2.1 Keypoint and Thickness Vectors

This approach is directly derived from the keypoint generation process. Each keypoint is
represented by two short vectors, a keypoint vector and a thickness vector. For a dataset
with n fixed keypoints, the keypoint vector v ∈ Rn for the keypoint parb , which is defined
by α, β, β̃, i, and j as described in Section 7.3.1, is designed as follows:

vk =


1 − α, k = i
α, k = j
0, k ̸= i ∧ k ̸= j

k = 1, ..., n (7.3)

This is equal to the representation in Section 6.3.2 for the intermediate keypoint pinter .
The second, novel representation vector is called thickness vector, w ∈ R3, and is defined
according to

w =

{
(β, 1 − β, 0)T , β̃ >= 0

(0, 1 − β, β)T , β̃ < 0
(7.4)

The fixed keypoints of the dataset are represented with α = 0 and β = 0. This way, the
vector entries denote the mixing coefficients and therefore the importance of cl, pinter
and cr. The final representation of an arbitrary keypoint with n fixed keypoints is then
v ⊕ w ∈ Rn+3, where ⊕ denotes the concatenation of the vectors.
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Figure 7.3: The used normalized pose depicted with the fixed keypoints from the COCO
dataset. [53]

7.3.2.2 Normalized Pose

The normalized pose approach encodes the keypoints in normalized 2D-coordinates ac-
cording to a normalized pose. Figure 7.3 visualizes the used normalized pose. The fixed
keypoints from the COCO dataset are displayed in light gray. The body parts used in
this section are colored, the rest of the body is visualized in black. During training,
we generate ground truth keypoints parb as described in Section 7.3.1. We apply the
same generation scheme based on the selected α, β, β̃, i, and j to the keypoints of the
normalized pose. We obtain the coordinates pnorm from the resulting keypoints in the
normalized pose, which are always in the interval [0, 1] as they are normalized (see Figure
7.3). Hence, the normalized pose representation for each arbitrary keypoint is in R2.

7.3.3 Model Architecture

Our model architecture is closely related to the architecture in Section 6.3.2, which is
again related to the TokenPose [48] architecture, but has important key modifications.
Figure 7.4 visualizes the general architecture together with the adaption for the keypoint
and thickness vectors, which will be explained later.

General architecture. At first, image features are extracted with a CNN. At the be-
ginning of the Transformer, the feature maps are split into equally sized feature patches.
The feature patches are embedded to visual tokens by a learned linear projection. This
linear projection is applied independently to each feature patch. A 2D sine positional
encoding is added to the visual tokens. Next, the keypoint tokens are appended to this
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Figure 7.4: Model architecture with keypoint and thickness vectors, called vectorized keypoints
approach. Image features from a CNN are split into patches and transformed to
visual tokens via a linear projection. The linear projection is applied independently
to all visual tokens. Keypoint and thickness vectors are also embedded via a linear
projection, but only to half of the embedding size. Afterwards, they are concate-
nated to become the final keypoint tokens which are appended to the sequence of
visual tokens. This sequence is the input to the Transformer network. Positional
encoding is only added to the visual tokens. Random sampling and permutation
applies only to the training phase.

sequence of visual tokens. The creation of these keypoint tokens is dependent on the
representation type. We do not add positional encoding to the keypoint tokens as the
order of the keypoints should not matter. In the end, a multi-layer perceptron (MLP) is
used to transform the output of the Transformer corresponding to the keypoint tokens
to 2D heatmaps.

Independent thickness tokens. In a first experiment, called thickness token ap-
proach in the following, we treat keypoint vectors and thickness vectors similar to feature
patches. Both keypoint and thickness vectors are transformed to tokens of the full em-
bedding size through two independently learned linear projections. Both keypoint and
thickness tokens are then appended to the visual tokens. The problem with this ap-
proach is that the model is not able to match the corresponding keypoint and thickness
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tokens without positional encoding. Therefore, it predicts the projection points pinter
instead of the desired points parb . We would need a positional encoding in order to
match the tokens, but this is in contradiction to the desired independence of the order
of the keypoints.

Combined keypoint and thickness tokens. Due to the mentioned problems, we
use a different approach, which we call vectorized keypoint approach. Let m be the
desired embedding size of the visual and keypoint tokens. Then, the keypoint vectors
and the thickness vectors are embedded to tokens of size m

2 with two independently
learned linear projections. These tokens are concatenated to the final keypoint tokens
of size m, which combine the information from keypoint and thickness vectors. These
keypoint tokens are appended to the visual tokens and then fed through the Transformer
network. An illustration of this model can be found in Figure 7.4. During training, the
tokens are first randomly sampled and permuted before being appended to the visual
tokens, in the same way as described in Section 6.3.2.

Normalized pose tokens. The normalized pose coordinates are used similarly. In a
first experiment, we embed them as well with a linear projection. However, experiments
show that the performance is below the performance of the original TokenPose model.
Therefore, we try to enhance the generated keypoint tokens by using an MLP instead
of the linear projection in order to give the model more capacity to learn the keypoint
semantics. This adaptation is visualized in Figure 7.5. The rest of the model is identical
to the model for the vectorized keypoints approach (see Figure 7.4).

Norm Pose Coordinates

MLP

…

…

Random Sampling 

and Permutation

Figure 7.5: Model architecture adaptation for normalized pose representations. The normalized
pose coordinates are transformed to the keypoint vectors via an MLP, which is
applied independently to all coordinate pairs. Random sampling and permutation
is only used during the training phase.

7.3.4 Thickness Metrics

Evaluations show that models predicting only the intermediate keypoints pinter corre-
sponding to the requested arbitrary keypoints achieve significant performance regarding
typical metrics like the Percentage of Correct Keypoints (PCK) or the Object Keypoint
Similarity (OKS) which are described in Section 2.1.2. A visual example for such a
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Figure 7.6: Example predictions for the thickness token model. The predictions displayed in
yellow are located only on the skeleton lines and do not consider the thickness of
the body parts. This behavior motivates the need for the MTE and PCT metrics.
Ground truth keypoints are displayed in red.

prediction can be found in Figure 7.6. The PCK and OKS metrics are based on the dis-
tance between the predicted keypoint and the ground truth keypoint. As the thickness
of the limbs is relatively small, the distance between intermediate keypoints and desired
points is also relatively small. This leads to a high performance regarding these metrics,
although the model does not learn the semantic of the body part shapes. Therefore, we
propose to use new metrics considering the thickness to measure the success of identify-
ing arbitrary selected keypoints correctly. These metrics, called Mean Thickness Error
(MTE) and Percentage of Correct Thickness (PCT), are described in Section 5.2.

7.3.5 Experiments

All our experiments use the TokenPose-Base [48] architecture configuration as a back-
bone. The CNN for feature extraction is an HRNet-w32 [92] pruned to its first three
stages. We resize all input images to a size of 256×192 (H×W ). For the feature patches,
we use the largest output feature maps of the HRNet, which are of size 64 × 48. These
feature maps are split into patches of size 4 × 3, which results in 256 feature patches in
total. We use 192 as the embedding size, equal to the TokenPose-Base implementation,
and 12 Transformer Layers with 8 heads. As positional encoding, we use the same 2D
sine encoding as used in TokenPose [48], which is added only to the visual tokens before
each Transformer layer, hence before the calculation of keys, queries and values for the
Self-Attention (see Figure 7.4). The MLP after the Transformer layers converts each
output corresponding to the keypoint tokens to heatmaps of size 64 × 48. The final
keypoint coordinates are retrieved with the DARK method [102].

7.3.5.1 COCO

Since OKS is the primary metric for COCO, we use this metric in our evaluations.
Furthermore, we use the MTE and PCT metric with a threshold of 0.2 as described in
Section 5.2 to measure the ability of the model to predict arbitrary keypoints at the
right distance from the skeleton line. As the maximum error for the PCT metric is 2,
we consider 0.2 as a good threshold for evaluations.
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Model AP AP 50 AP 75 APM APL AR
Avg Full

MTE ↓ PCT ↑
PCK PCK

1 TokenPose 84.6 97.8 92.2 78.9 85.1 87.3 84.1

2 Thickness Tokens 82.8 97.8 91.0 76.9 83.3 85.8 83.0 71.0 79.2 6.3
3 Vectorized Keypoints (V1-VK) 84.0 97.8 92.1 78.3 84.3 86.7 84.2 87.2 25.5 68.1
4 Normalized Pose Linear 78.5 96.7 87.6 72.7 79.1 82.1 80.5 83.1 33.0 56.4
5 Normalized Pose MLP (V1-NP) 83.1 97.8 91.2 78.0 83.6 86.0 83.7 87.1 25.7 66.9

Table 7.1: OKS results, PCK@0.1 and thickness metrics results on our test set of the DensePose
dataset. The Avg PCK is the PCK@0.1 metric on the fixed keypoints, the Full PCK
the PCK@0.1 on the fixed and generated keypoints. MTE and PCT refer to the
metrics proposed in Section 7.3.4. The TokenPose model is trained only on the fixed
keypoints. The thickness token approach refers to the model with distinct tokens
for thickness and keypoint vectors. The vectorized keypoint approach is described in
Section 7.3.2.1. Normalized pose MLP refers to the approach with normalized pose
representations and a four layer MLP for the embedding, normalized pose linear uses
a linear projection.

Table 7.1 displays the results on the DensePose subset of the COCO dataset. The
TokenPose baseline approach achieves the best results on the standard keypoints re-
garding the AP, but it is not capable of detecting arbitrary keypoints on human limbs
(Table 7.1, first row). For the other proposed approaches, the focus is shifted from the
standard keypoints to the arbitrary keypoints on the limbs, which is the reason for the
small decrease in AP for OKS regarding the other approaches. The vectorized keypoint
approach V1-VK achieves a slightly lower AP for OKS on the standard points, but the
PCK for the standard keypoints is slightly higher and the PCK for all points inclu-
ding the generated keypoints (named Full PCK in Table 7.1) is even higher by absolute
3.0% (Table 7.1, third row). Figure 7.7 shows some qualitative results for the vectorized
keypoint approach on the COCO dataset.

Figure 7.7: Examples for model predictions on the DensePose subset of the COCO dataset.
The first two images show the fixed keypoints in red and a grid of three equally
spaced keypoints along the skeleton line by five equally spaced keypoints along
the thickness for each body part. The images are darkened for better visibility of
the keypoints. The other three images show four equally spaced lines regarding
the thickness on each body part. The skeleton line is colored white with a color
gradient to the edges.
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The full PCK for the approach with independent thickness tokens is lower than the
full PCK for the vectorized keypoint model V1-VK by a large margin of absolute 16.2%
(Table 7.1, second row). The reason is that the thickness token approach can not match
the thickness tokens to the keypoint tokens as the Transformer is independent of the
order of the input sequence. Figure 7.6 shows an example for this problem. Many
keypoints lie in a distance from the ground truth that is valid for the PCK, therefore the
full PCK is still quite high, although the detections completely fail the task. This is the
reason why we propose the consideration of the MTE and the PCT, that we described
in Section 5.2. These metrics measure if the model is able to estimate the keypoints
at the right distance from the skeleton line to the body part boundary. Hence, these
metrics can reveal such problems, which is not the case for PCK. For the thickness
token approach, the MTE is 79.2, which is really high compared to the MTE of V1-VK
with 25.5. The PCT metric makes the difference even clearer. Regarding the vectorized
keypoint approach V1-VK, 68.1% of the detected keypoints are regarded as correct at a
threshold of 0.2. This is over 10 times better than the PCT achieved by the thickness
token approach.

Moreover, the normalized pose approach with single linear embedding achieves the
worst results (Table 7.1, row four), but using a four layer MLP (model V1-NP) increases
the AP by absolute 4.6% (Table 7.1, row five), which is only absolute 1.5% below Token-
Pose on the standard keypoints. Furthermore, the usage of an MLP improves all other
metrics slightly, including the thickness metrics. Overall, the normalized pose MLP ap-
proach V1-NP performs slightly worse than the vectorized keypoint approach V1-VK,
but yields similar results across all metrics.

7.3.5.2 BiSp-Jump v2

We further evaluate our method on the BiSp-Jump v2 dataset (see Section 5.3.3). In
contrast to the DensePose split of COCO, this dataset does not contain segmentation
masks. Therefore, we automatically generate segmentation masks with a trained model.

Figure 7.8: Qualitative results for the BiSp-Jump v2 test set. The first two images show the
fixed keypoints in red and a grid of three equally spaced keypoints along the skeleton
line by five equally spaced keypoints along the thickness for each body part. The
images are darkened for better visibility of the keypoints. The other three images
show four equally spaced lines regarding the thickness on each body part. The
skeleton line is colored white with a color gradient to the edges.
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We show in this section that these masks are sufficient to train a model for arbitrary
keypoint detection on the limbs. Hence, there is no need to costly annotate sports
datasets with body part segmentation masks in order to use our method. We use again
the PCK metric with the distance between left shoulder and right hip as the torso
size. Like before, we use t = 0.1, which corresponds to approx. 6 cm in this dataset.
Additionally, we use the MTE and the PCT at a threshold of 0.2 to evaluate the thickness
of the model’s predictions.

The results for the BiSp-Jump v2 dataset are similar to the COCO results and dis-
played in Table 7.2. In comparison to the TokenPose model trained on the standard
keypoints, the vectorized keypoint and the normalized pose approach achieve absolute
0.4% lower PCK on the fixed keypoints, but absolute 2.6% higher PCK if the gener-
ated arbitrary keypoints on the limbs are also considered. Compared to the DensePose
COCO dataset, the vectorized keypoint model V1-VK achieves better results regard-
ing the thickness of the limbs. The MTE is a third lower and the PCT is also a lot
higher, absolute 13.3%. Furthermore, the difference in the performance between linear
and MLP normalized pose approaches is lower. V1-VK also achieves the best results on
this dataset, but the difference to the normalized pose MLP approach V1-NP is only
marginal. In addition, Figure 7.8 visualizes some qualitative results for the BiSp-Jump
v2 dataset, which proves that the model has learned a sense of thickness.

Model Avg PCK Full PCK MTE ↓ PCT ↑

1 TokenPose 91.3

2 Vectorized Keypoints (V1-VK) 90.9 93.6 16.2 81.4
3 Normalized Pose Linear 90.3 93.5 17.0 79.0
4 Normalized Pose MLP (V1-NP) 90.9 93.6 16.8 79.8

Table 7.2: Recall values for the BiSp-Jump v2 test set in % at PCK@0.1. The first column
displays the average PCK of the standard keypoints. The average PCK score inclu-
ding the generated points is given in the second column. The third column shows
the MTE and the last column the PCT at threshold 0.2. The TokenPose model is
trained only on the standard keypoints.

7.3.6 Summary

This section has proposed two representations for arbitrary keypoints on the limbs of
humans. The first approach, called vectorized keypoints, represents each keypoint as a
combination of the intermediate keypoint pinter encoded in a keypoint vector and the
thickness encoded in a thickness vector. The thickness indicates the distance of the
desired arbitrary keypoint from pinter to the body part boundary. The normalized pose
MLP approach encodes the desired keypoint as 2D-coordinates on a normalized pose
and uses a small MLP for the embedding to keypoint tokens.

Embedding both keypoint and thickness vectors independently and adding the result-
ing two tokens to the Transformer input sequence has led to the problem that the model
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detected only the corresponding intermediate keypoints pinter . This could be captured
by low PCT scores, despite the quite high PCK scores. This proved the necessity of
additional metrics like the MTE and PCT that we proposed in Section 5.2.

If the normalized pose is embedded not only with a linear layer but with an MLP,
the normalized pose approach V1-NP achieved satisfactory results on both datasets. In
comparison to the vectorized keypoint approach V1-VK, it performed slightly worse on
all metrics. Quantitative and qualitative evaluations have shown that both proposed ap-
proaches can successfully detect arbitrary points on the limbs of humans. They achieved
high PCT scores and low MTE values while maintaining high PCK (and OKS) scores
on both the DensePose subset of the COCO dataset and the BiSp-Jump v2 dataset.

7.4 Arbitrary Keypoint Detection on Limbs and Skis with
Sparse Partly Correct Segmentation Masks

Now that we have developed a method to detect arbitrary keypoints on limbs of humans
in everyday life and for triple and long jump athletes, we want to extend our method to
ski jumpers. A main challenge is that the segmentation masks for ski jumpers are not as
accurate as for the other datasets. The masks that we are able to obtain automatically
are sparse and only partly correct. Moreover, the skis are thin and can bend, which
makes adjustments to our current model necessary. In this section, we describe the
adaptations to our model and the evaluation on the ski jumping dataset.

7.4.1 Generation of Ground Truth Keypoints

We follow the strategy presented in the previous section to generate labels for arbitrary
keypoints on the limbs. However, this method is not directly applicable for arbitrary
points on skis because the straight lines between ski tips and ski tails do not necessarily
lie entirely within the segmentation mask of the skis, depending on the perspective and
the bending of the skis. As a consequence, pinter might also lie outside the segmentation

Figure 7.9: Examples for the ground truth keypoint generation process on skis. pinter is visu-
alized in green, the orthogonal line in white, cl and cr in yellow and the generated
point in red. The middle and right image show that the intermediate keypoint
pinter can be located outside a ski mask.
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mask of the ski. See the middle and right images of Figure 7.9 for examples. Hence, we
randomly select a point parb between the intersection points with the segmentation mask
boundary cl and cr, with a high probability that the point is located close to one of the
intersection points and a lower probability that it lies in the middle, because evaluations
show that it is harder for the model to learn the keypoints close to the boundary.

7.4.2 Keypoint Query Tokens

In order to represent arbitrary tokens on the segmentation masks, we use the vectorized
keypoints approach V1-VK presented in Section 7.3.2.1 for the limbs, since it shows
better results. Moreover, we adapt it for skis, too.

For a dataset with n keypoints, an intermediate keypoint pinter corresponding to any
arbitrary keypoint is encoded as a vector v ∈ Rn. Let i, j be the indices of the keypoints
enclosed by the corresponding body part or ski. Recall (see Eq. 7.3) that each inter-
mediate keypoint pinter can be formalized as pinter = α · pi + (1 − α)pj and v is created
as

vk =


1 − α, k = j
α, k = i
0, k ̸= i ∧ k ̸= j

k = 1, ..., n (7.5)

If a standard keypoint should be detected, it is either α = 1 or α = 0. The position of
an arbitrary keypoint parb is now encoded relative to pinter . We call the relative distance
thickness. If parb is a point on a limb, it can be formalized as

parb = β · pinter + (1 − β)cl/r , (7.6)

with cl/r being the intersection point on the same side of the skeleton line ls as parb . If
parb is a point on the skis, it can be formalized as

parb = β · cl + (1 − β)cr. (7.7)

Furthermore, we define the thickness vector w ∈ R3 as

w =


(1 − β, β, 0)T , parb is on limb ∧ cl/r = cl
(0, β, 1 − β)T , parb is on limb ∧ cl/r = cr
(β, 0, 1 − β)T , parb is on ski

(7.8)

For standard points on limbs and skis, (0, 1, 0)T is used.
In this way, a keypoint vector v and a thickness vector w are designed for each desired

keypoint parb . In the next step, as already described in Section 7.3.3, both vectors are
converted via a learned linear projection to a vector of half of the embedding size used in
the ViT. Then, v and w are concatenated to a single keypoint query token. All keypoint
query tokens are appended to the sequence of visual tokens and then fed jointly through
the Transformer network. A positional encoding is added only to the visual tokens before
each Transformer layer. After the last layer, a small MLP with shared weights is used
to convert the keypoint query tokens to heatmaps.
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(a) Adapted att. (ours) (b) All points (c) 50 points

(d) 10 points (e) 50 points w/o sampling

Figure 7.10: Examples for model detections depending on the number of keypoint query tokens
per model call. The images show four equally spaced lines regarding the thickness
on each body part. For the limbs, the detected skeleton line is colored white with
a color gradient to the edges. For the skis, the color gradient is from one side
to the other. The keypoint query tokens are identical for all images. Image (a)
is the result for our adapted attention, independent of the number of keypoint
queries per model execution and without random sampling. Images (b) - (d)
use the original full attention with random sampling like in Section 7.3.3, image
(e) without random sampling during training. In image (b), all keypoints are
computed with one model execution. In image (c) and (e), only 50 points are
computed in one inference step and in image (d), 10 points are computed at once.

7.4.3 Attention Targets

The evaluations in Section 7.3.5 show that the method presented in Section 7.3.3 works
well. During these evaluations, the number of keypoint query tokens used during infer-
ence is similar to the number of keypoint query tokens used during training. If a lot
more tokens are used, the detection performance decreases. See Figure 7.10 for some
examples. The model output for one keypoint query affects the other queries, which
is an undesired behavior. The reason for this behavior is the attention mechanism. In
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TokenPose, the attention of layer i + 1 is calculated as

A(Li+1) = softmax

(
LiWQ(LiWK)T√

d

)
(LiWV ), (7.9)

where Li = (T i
vis, T

i
kp) are the visual and keypoint query tokens of the previous layer,

WQ,WK ,WV ∈ Rd×d are the learnable parameters to generate the queries, keys, and
values and d is the dimension of the tokens. Hence, the attention is calculated between
all tokens, so there is an information flow within the keypoint query tokens and from the
keypoint query tokens to the visual tokens. Therefore, the keypoint query tokens have
an influence on each other directly and through the visual tokens. In TokenPose, this
is a desired behavior, as always the same keypoints are detected and the information of
other keypoint tokens can help to detect occluded keypoints [48]. Section 7.3.5 shows
that the detection performance is decreasing if the keypoint tokens corresponding to
the standard keypoints are always present during training, but left out during inference.
In that section, the solution is to include a random sampling and permutation of the
keypoint query tokens, but this does not solve the problem of the undesired influence of
the keypoint tokens on each other. A reason is that the learned attention weights still
include an influence of keypoint tokens to other keypoint tokens, although the random
sampling should prevent this. Therefore, we adopt the attention mechanism according
to

Â(Li+1) = softmax

(
LiWQ(T i

visWK)T√
d

)
(T i

visWV ) (7.10)

which is also visualized in Figure 7.11. The keypoint tokens serve only as the queries
during the attention and the visual tokens as queries, keys, and values. This strategy
is similar to the so-called cross-attention [9]. The information flow in the Transformer
network is now restricted. Visual tokens can influence each other and keypoint tokens.
A single keypoint token has an influence on its own next representation, but not on any
other keypoint token nor on the visual tokens.

Hence, the position of a detected keypoint is only dependent on the image and inde-
pendent of the other keypoints that should be detected at the same time. This is the
desired behavior. Furthermore, the dimension of the softmax is now fixed to the number

Visual Token

Keypoint Token

… …

… …

Layer i

Layer i + 1

Figure 7.11: Visualization of the information flow in our adapted attention modules. The
attention is computed such that only the visual tokens serve as keys and values.
Hence, the visual tokens exchange information and keypoint tokens aggregate
information from the visual tokens. The keypoint tokens do not influence each
other and the visual tokens.
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of visual tokens and independent of the number of keypoint tokens. Figure 7.10 shows
that this adapted attention mechanism works as expected.

7.4.4 Training Strategies

As a baseline, we train a model with our adaptations on the images with available seg-
mentation masks. As we only have a few masks available, and the training subset is thus
small, this model underperforms regarding standard keypoints. Therefore, we evaluate
different strategies for including the full dataset in the arbitrary keypoint training. One
approach could be to fine-tune a segmentation model with our segmentation masks in
order to generate segmentation masks for all images. However, this approach is infea-
sible as the segmentation masks of our dataset are only partially complete and only
partially correct. Fine-tuning a segmentation model on these masks would not let the
model learn useful masks. This is especially the case for skis because many images have
annotations for only one, no ski, or only parts of the skis. For a direct training on
arbitrary keypoints, this is not a problem. Arbitrary keypoints are only generated on
available (possibly partial) segmentation masks. This does not deteriorate the model’s
performance. The only challenge are segmentation masks with incorrect borders, since
this leads either to a wrong calculation of the intersection points cl/r and a mismatch
of the thickness vector and the generated point, or to a generated point that does not
lie on the limb/ski. However, our experiments show that the model can cope with this
challenge and learns the correct points in most cases, because the number of correctly
created points is by far larger than the number of false points.

7.4.4.1 Combined Training of Arbitrary and Standard Keypoints

The most straightforward approach is to use all available images for the training on
the standard keypoints and the segmentation masks for the arbitrary keypoints. This
strategy increases the performance on the standard keypoints a lot, but also deteriorates
the ability to detect arbitrary points. Another technique includes the detection of inter-
mediate keypoints pinter as presented in Chapter 6. In order to generate intermediate
keypoints, segmentation masks are not necessary. Hence, we can use all images for trai-
ning on standard and intermediate keypoints and jointly train with arbitrary keypoints
on the images with available segmentation masks.

7.4.4.2 Pseudo-Labels

The aforementioned approaches include the full training set during training, but the
model still learns to detect arbitrary points only from a small subset. Therefore, we also
experiment with pseudo-labels, since Chapter 4 shows their effectiveness. This means
that we use a trained model in order to generate pseudo-labels of arbitrary points for all
images without segmentation masks. With this strategy, it is possible to train a model on
arbitrary keypoints with the whole training set. After convergence on the pseudo-labels,
a fine-tuning is executed with arbitrary points generated from the available segmentation
masks, because these ground truth keypoints are more precise than the pseudo-labels.
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Another strategy is to add the pseudo-label training as a third part to the already
described combined training approaches.

Looking at visualizations of the generated pseudo-labels reveals some errors. There-
fore, our aim is to remove these wrong pseudo-labels. We observe that the network’s
scores have no direct relation to the correctness of the pseudo-labels. Hence, we use
another technique to filter the labels. First, we obtain the model’s predictions from the
original image and some augmented variants. Second, we remove all keypoints with very
low scores, since a very low score should indicate that a keypoint is not visible and aug-
mentations like rotations might move the keypoint outside the augmented image. We
remove all keypoints from the pseudo-labels with too few detections. Next, we trans-
form the detections belonging to the augmented versions back to their location in the
original image. Then, we calculate the standard deviation of these keypoints relative to
the torso size. We use the standard deviation as the confidence measure instead of the
network score. We select the pseudo-labels with the lowest standard deviation per body
part, such that the number of pseudo-labels per body part is equal in the pseudo-label
dataset. This approach is very similar to the approach presented in Section 4.3.1.2.

7.4.5 Experiments

Implementation details. The backbone for all experiments is TokenPose-Base [48]
with three stages of an HRNet-w32 [92] for feature extraction like in Section 7.3.5. We
crop the ski jumpers and resize all images to 256 × 192. Cropping is performed by
creating the tightest bounding box containing all standard keypoints and enlarging its
width and height by 20% to all sides. Visual and keypoint tokens are of size 192. We use
2D sine as positional encoding. After the Transformer layers, we use a two-layer MLP
to obtain heatmaps of size 64 × 48 from the keypoint tokens. Keypoints coordinates
are obtained from the heatmaps via the DARK [102] method. We pretrain our models
with the COCO [50] dataset, either with TokenPose - only on the standard keypoints
- or with the vectorized keypoints approach V1-VK using arbitrary keypoints on the
limbs from Section 7.3.5. Additional to the model that is being trained, we keep an
Exponential Moving Average (EMA) of the model’s weights with an EMA rate of 0.99.
The EMA model behaves like a temporal ensemble and achieves slightly better results
than the original model. Therefore, we evaluate all experiments with the EMA model.
The evaluation is performed on the single available ski jump dataset with segmentation
masks, which is our Jump-Broadcast dataset described in Section 5.3.4. We evaluate
on the test set with 560 images in total and 81 images with segmentation masks. We
generate 200 arbitrary keypoints with a fixed seed for each image during the arbitrary
keypoint evaluation, resulting in 16,200 total keypoints.

Evaluation metric. We evaluate using the PCK@0.1 with the distance from right
shoulder to left hip as the torso size. For this dataset, this threshold corresponds to
approx. 6 cm. As described in Section 7.3.5, the PCK is not sufficient to measure if
the model predicts the thickness of the arbitrary points correctly. A model predicting
only the corresponding intermediate keypoints pinter would achieve a high PCK score
although the thickness might be wrong, because the intermediate keypoints are close
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Method Pre. Std. Seg. Inter. PL Std. PCK Full PCK MTE ↓ PCT ↑

1 TokenPose Std. ✓ 77.2
2 TokenPose VK ✓ 75.4

3 V2-B VK ✓ 52.7 88.1 18.2 77.7

4 Std. & Seg. (V2-Std) VK ✓ ✓ 77.1 90.1 18.3 76.6
5 Seg. & Inter. (V2-Inter) VK ✓ ✓ 76.5 91.8 17.5 77.7
6 Seg. & Inter. Std. ✓ ✓ 77.8 91.5 18.0 76.4
7 all PL VK all 76.3 90.4 18.7 76.0
8 fine-tune all PL VK ✓ all 76.3 90.4 18.9 75.2
9 all PL & Std. & Seg. VK ✓ ✓ all 76.4 90.9 19.2 74.7
10 all PL & Inter. & Seg. VK ✓ ✓ all 76.9 91.0 18.4 75.6
11 80% PL VK 80% 76.3 90.8 18.7 74.8
12 fine-tune 80% PL VK ✓ 80% 76.1 91.3 18.3 75.8
13 80% PL & Std. & Seg. VK ✓ ✓ 80% 77.3 90.7 19.4 73.4
14 80% PL & Inter. & Seg. VK ✓ ✓ 80% 76.7 91.4 18.1 75.3

Table 7.3: Recall values (precision is 1) for the Skijump-Broadcast test set in % at PCK@0.1.
The second column labeled Pre. displays the pretraining, Std. refers to the pretrain-
ing with the standard keypoints, VK to the pretraining with the vectorized keypoints
approach V1-VK, both on the COCO dataset. The third table section shows the
used training steps. Std. means training on the standard keypoints, usable on the
whole training set. Seg. refers to the training on arbitrary keypoints with available
segmentation masks. Inter. stands for training on the intermediate keypoints which
is also usable on the whole training set and PL refers to the pseudo-labels, whereby
either all pseudo-labels are used or the 80% with the least standard deviation during
filtering. The first column of the last table section displays the average PCK of the
standard keypoints, evaluated on the test set containing images with and without
segmentation masks. The average PCK score including the arbitrary points is given
in the second column, the third column shows the MTE and the last column the
PCT at threshold 0.2. These scores are evaluated on the test set with available
segmentation masks.

enough to the ground truth points. Therefore, like in Section 7.3.5, the Mean Thickness
Error (MTE) and the Percentage of Correct Thickness (PCT) are used as additional
metrics.

Results. Table 7.3 displays the results for all experiments. For the TokenPose ap-
proach, we evaluate two pretrainings. The pretraining on the COCO dataset with the
standard keypoints achieves a better standard PCK than the pretraining with the vec-
torized keypoint approach from Section 7.3 on the COCO dataset (see Table 7.3, first
and second row). This is expected, as TokenPose detects only the standard keypoints of
the skijump dataset.

Furthermore, we use the vectorized keypoints approach with a generation of 5 to 50 ar-
bitrary keypoints for each image and with the improved attention mechanism described
in Section 7.4.3. We call this approach V2-B. It achieves good results for the full PCK,
the MTE and the PCT, but the standard PCK decreases by absolute 24.5% in compar-
ison to TokenPose (see Table 7.3, third row). Therefore, we use the combined strategies
like described in Section 7.4.4.1 to improve the standard PCK. In the first experiment
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Figure 7.12: Qualitative examples for model detections. The images show four equally spaced
lines regarding the thickness on each body part. For the limbs, the skeleton line
is colored white with a color gradient from it to the edges. For the skis, the color
gradient is from one side to the other. The model from experiment Seg. & Inter.
is used to generate the images.

called V2-Std (Std. & Seg., row four in Table 7.3), we alternately train on the standard
keypoints and the arbitrary points. This leads to nearly the same PCK on the standard
keypoints, but the PCT is absolute 1.1% lower than for V2-B. Training with the inter-
mediate keypoints instead of the standard keypoints (experiment Seg. & Inter., rows five
and six in Table 7.3) leads to better results. With the vectorized keypoint pretraining,
it achieves the same PCT as V2-B, while the PCK decreases only slightly compared to
TokenPose. We call this approach V2-Inter

The results of V2-Inter seem promising. Therefore, we evaluate this strategy with two
pretrainings, the vectorized keypoint pretraining and the standard keypoints pretrain-
ing. With the standard keypoints pretraining, the standard PCK is even higher than
the standard PCK for the TokenPose approach which is trained only on the standard
keypoints. But all other metrics decrease for this experiment. Therefore, we focus on
the vectorized keypoints pretraining for all other experiments.

Hence, we use V2-Inter which is based on the vectorized keypoints pretraining in order
to generate pseudo-labels, because it achieves the best results regarding the thickness
metrics. We generate 1000 pseudo-labels for each image in advance and select 25 of
them randomly in each training step. The results of the pseudo-label training with all
pseudo-labels are slightly worse than the results of the other experiments (see Table 7.3,
row seven). As we did not use the existing segmentation masks but only the pseudo-
labels during that experiment, we execute a fine-tuning with these afterwards. We
choose the best weights of the pseudo-label training and fine-tune with the segmentation
annotations in order to improve the results, but unsuccessful (see Table 7.3, row eight).
From the validation curve, we observe a decrease in the standard PCK from step to step.
Therefore, we consider a combined training in the next experiment, training alternately
on the arbitrary keypoints, the pseudo-labels, and the standard keypoints (experiment
all PL & Std. & Seg., row nine in Table 7.3) or the intermediate points (experiment
all PL & Inter. & Seg., row ten in Table 7.3). Training with the standard keypoints
achieves lower scores for all metrics in this case, also for the standard PCK.

Including pseudo-labels in the training process did not lead to better results. A look
at the quality of the generated pseudo-labels shows that some are wrong. Therefore,
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we repeat the pseudo-label experiments with the best 80% of the labels. We use a
filtering technique based on the standard deviation of the detected keypoints for multiple,
differently augmented images described in Section 7.4.4.2. The augmentations that we
use are horizontal flipping, 45◦ rotation (clockwise and counterclockwise) and scaling
between 65% and 135%. We expected better results with more correct labels, but the
results are similar (see rows 11–14 in Table 7.3).

All these experiments show that it is most important to have more images to train
on. In our case, including pseudo-labels does not increase the number of images, be-
cause we can use all images already by training on standard keypoints or intermediate
keypoints. Using the intermediate keypoints (experiment V2-Inter) results in the best
scores because they are more similar to the desired arbitrary keypoints in comparison
to the standard keypoints (experiment V2-Std). Pseudo-labels, no matter if filtered or
not, do not increase the scores. Figure 7.12 shows some example predictions for different
poses for the best performing experiment V2-Inter.

7.4.6 Summary

This section has proposed a method to detect arbitrary keypoints on the limbs and skis
of ski jumpers. Since the segmentation masks in our datasets are only partly correct,
many of them contain no or only one ski segmentation mask. Therefore, we could not
fine-tune a segmentation network in order to generate segmentation masks for all other
images. But for our method, this is not a problem, since keypoints are only generated
on the available segmentation masks. Problematic are only segmentation masks with
wrong borders.

The proposed approach is based on the vectorized keypoint approach V1-VK presented
in Section 7.3. For the keypoints on the skis, we modified the technique because the
intermediate keypoints pinter do not necessarily lie in the middle of the skis. Therefore,
we do not include the line of intermediate points and only use the intersection points
with the segmentation mask. The evaluation metrics for the thickness are adapted
accordingly.

We further adapted the attention mechanism so that the keypoint query tokens do
not influence each other or the visual tokens. In this adjusted setup, only the visual
tokens are correlated with each other and with the keypoint query tokens. Evaluations
have shown that this adaptation, V2-B, successfully resolves the issue of performance
degradation when using more keypoint query tokens than during training.

Moreover, we have experimented with different training strategies on both the segmen-
tation mask dataset and the full dataset. Our results have shown that training a model
V2-Std jointly on arbitrary and standard keypoints significantly improves the standard
PCK compared to the base model V2-B, though it leads to a deterioration in PCT
and MTE. Alternatively, training on the intermediate points instead of the standard
keypoints (model V2-Inter) yields better results for PCT and MTE.

Hence, the model proposed in this section is capable of detecting arbitrary keypoints
on the limbs and skis of ski jumpers. Moreover, it can be trained using only a few partly
correct segmentation masks.
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7.5 Detecting Arbitrary Keypoints on the Whole Body

In the last chapters, we introduced model variants to detect arbitrary keypoints on the
limbs of humans and further on skis. We implemented strategies to train those models
based on segmentation masks, but the masks can also be only partly correct, and it is
sufficient to have only a few masks. In this chapter, we extend the approach to detect
arbitrary keypoints on the whole body of humans and apply it to athletes performing
triple, high, and long jump. Apart from the limbs, we now include the head, torso, hands,
and feet. Moreover, we improve the keypoint detection on the limbs such that arbitrary
keypoints on bend elbows and knees are detected correctly. We use the same TokenPose
based architecture as in the last chapters. To be precise, we use the architecture with
the adapted attention mechanism V2-B explained in Section 7.4.3. In this chapter, we
evaluate two approaches for the arbitrary keypoint queries, similar to Section 7.3.2. To
add more body parts and improve the detection of arbitrary keypoints on the limbs,
we introduce new and enhance existing techniques to generate ground truth keypoints,
which we will explain in the following. 1

7.5.1 Ground Truth Generation

For the limbs, we follow the strategy described in Section 7.3 to generate ground truth
keypoints. We quickly recap this method so that we can extend and reference it after-
wards. Consider a body part which is enclosing two standard keypoints, as it is the case
for the limbs. At first, we draw a vector from one standard keypoint to the other enclos-
ing standard keypoint, which represents a directed skeleton line and which we will call vs
in the following. Second, an orthogonal line lo to vs is created and the furthest points cl
and cr that lie on lo and the segmentation mask are retrieved. In this chapter, contrary
to the last chapters, cl is always located on the left side relative to the orientation of vs
and cr on the right side. Arbitrary keypoints are then located on the line between the
intersection points cl and cr. We incorporate the same technique for the feet, using the
toe tip and the heel as the keypoints that are enclosed by the body part. For the torso,
we use the neck as the first enclosed keypoint and the virtual keypoint in the middle
of the hip keypoints as the second one. Regarding the hands, this technique has the
drawback that it only detects keypoints that lie between the enclosed keypoints. If we
use the hand and wrist keypoint as enclosed keypoints, our model would not be able
to detect the fingertips. Since the fingertips are not annotated, an alternative strategy
is required, which will be explained in Section 7.5.1.1. The same applies to the head,
where we use both this strategy and an additional one (see Section 7.5.1.2).

Since our segmentation masks are automatically generated, many of them contain
errors. We remove the masks with large errors by hand, but keep many masks with
small errors like having two left hands and no right hand (see the first image of Figure
5.5). Another error that we observe very often is a left/right confusion at the boundary
of body parts, especially the legs, meaning that at the boundary of the left body part,

1The code for this chapter is publicly available on GitHub: https://github.com/kaulquappe23/

all-keypoints-jump-broadcast.

94

https://github.com/kaulquappe23/all-keypoints-jump-broadcast
https://github.com/kaulquappe23/all-keypoints-jump-broadcast


7.5 Detecting Arbitrary Keypoints on the Whole Body

a small stripe is labeled as the right body part and vice versa. This can be seen in the
fourth and fifth image of Figure 5.5. These errors lead to the problem that the furthest
intersections cl/r of lo can be located at a completely wrong position. We overcome
this problem by determining cl and cr as the last points that lie both on lo and the
segmentation mask before leaving a coherent area of the segmentation mask, viewed
from the intersection of vs and lo.

7.5.1.1 Edge Body Parts: Head, Hands, and Feet

For body parts that are located at the edge of the human body, like the head, hands,
and feet, the respective body part is not always enclosing two standard keypoints or
the enclosed keypoints are not suitable for generating arbitrary keypoints on the whole
body part: If the used standard keypoints lie on the edge of the body part, the described
generation mechanism can create arbitrary keypoints on the whole body part. For the
head, hands, and feet, we need to adapt the generation strategy if such keypoints are not
available. In our dataset, such keypoints are available for the feet (toe tip and heel), but
not for the hands and the head. We describe the generation strategy for the head and
the hands in the following, using the head as an example. The strategy for the hands is
analogous and can also be used for the feet if necessary for other datasets.

Standard keypoints that are enclosed by the head are the neck and the head keypoint
itself. The head keypoint is located in the middle of the head in our datasets. Therefore,
we cannot use it, since we would only be able to detect keypoints on the lower half of the
head in this case. Hence, we use the following strategy, which is also visualized in Figure
7.13 on the left. At first, the vector vs through the neck and head keypoint is created
and extended to the head top phead top and the chest pchest , visualized with orange dots
in Figure 7.13 on the left. We select a random intermediate point pinter on vs (visualized
with a green dot in Figure 7.13), draw the orthogonal line lo to this line, determine the

phead_top

cl cr

pchest

vs

lo pinter
parb

φcl

cr
phead parb

la
vs

Figure 7.13: Two versions of generating ground truth keypoints on the head. On the left,
the line through the head and neck keypoint is extended to the head boundary
(orange), an orthogonal line to this line is drawn (white) and a keypoint on this
line between the boundary points of the segmentation mask (blue and yellow)
is chosen (red). On the right, a line (white) rotated around the head keypoint
(green) at a random angle is generated and a keypoint on this line between the
boundary points of the segmentation mask (blue and yellow) is selected (red).
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intersection points cl and cr with the boundary of the segmentation mask and select a
random point parb between pinter and cl/r. Since we extend vs to the boundary of the
body part, we call this the extension method. In case of the hands, we use the wrist and
hand keypoint as enclosed keypoints.

7.5.1.2 Head

Since the head is rather round, the described creation process seems counterintuitive close
to the head top. The distance between cl and cr is decreasing and even approaching
0, the closer pinter is to phead top . Hence, we propose a second strategy to generate
keypoints on the head. We use the head keypoint as the center, choose a random angle
φ ∈ [0, 2π) and rotate a line la counterclockwise around the center according to φ, while
φ = 0 corresponds to vs. Then, we continue as before with detecting cl and cr as the
intersection of la with the boundary of the segmentation mask and randomly choosing a
point parb between the head keypoint and cl/r, which is visualized in Figure 7.13 on the
right. cr is used for angles φ ∈ [0, π) and cl for φ ∈ [π, 2π). Since we rotate for a certain
angle, we refer to this as the head angle method.

7.5.1.3 Bent Limbs: Elbows and Knees

With the keypoint generation strategy on the limbs as used in Sections 7.3 and 7.4,
arbitrary keypoints on the upper arm, forearm, thigh, and lower leg could be detected if
they lie in between the enclosed keypoints. This works well in most cases, but not if the
limbs are strongly bent, which happens frequently in the case of triple, high, and long
jump. Therefore, we adapt the generation strategy to fit also the case of bent elbows
and knees. For that purpose, we determine the point on the inner side of the bent joint
at first, which we call the anchor point or pa in the following. To retrieve that point,
we calculate the bending angle γ of the joint, which is the angle enclosed by the line
through the hip and the knee and the line through the knee and the ankle, or the angle
enclosed by the line through the shoulder and the elbow and the line through the elbow
and the wrist. Then, we generate a line li through the knee or elbow keypoint with
half of the bending angle. We determine the intersections of li with the boundary of
the segmentation mask and set the anchor pa as the point on the side with the acute
angle. The other point on the opposite side will be called po in the following. We unify
the segmentation mask for the lower and upper body part in this case (see Figure 7.14a
for details). In the next step, as visualized in Figure 7.14b, we rotate a line la for a
random angle around the anchor point, starting in a 90◦ angle to the upper body part
(yellow line in Figure 7.14b) and stopping at a 90◦ angle to the lower body part (green
line in Figure 7.14b). We determine the intersection point pinter of la with the vector vs
through the enclosed keypoints of the corresponding body part (upper or lower one) and
chose a random final keypoint parb either between pinter and pa or between pinter and
po. We do not discriminate between the segmentation mask for upper and lower body
part in the whole process since the boundary is often detected rough, and it is somehow
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pa

γ
γ
2

li

(a) Anchor generation

pa

la

po

pinter

vs

parb

(b) Keypoint generation

Figure 7.14: Visualization of the keypoint generation process on bent limbs. (a) Visualization
of the anchor generation at a bent knee. We generate a line with half the bending
angle γ through the knee keypoint, visualized in yellow. Then, we determine the
intersection of that line with the segmentation mask boundary (orange and green)
and select the anchor point within the acute angle, so the anchor is the orange
point in this image. (b) Visualization of the keypoint generation on a bent knee.
The anchor point is visualized in orange, the line la in blue. The intersection point
pinter is colored green and the point po yellow. The final keypoint is visualized in
red. The line la always lies somewhere between the yellow and the green line.

not clearly defined where the thigh/upper arm ends and the lower leg/forearm begins.
With this strategy, arbitrary points on bent limbs can be generated.

7.5.2 Query Encoding

With the described strategies, it is possible to generate arbitrary ground truth points
on the whole body of humans. In this section, we analyze the same two approaches as
in Section 7.3 to encode the desired keypoint in the token domain. In the following, we
describe how we include the head, torso, hands, and bent limbs in the approaches.

7.5.2.1 Keypoint Vectors

The keypoint vector approach uses multiple vectors to encode the desired keypoint. For
the limbs, it is explained in detail in Sections 7.4.2 and 7.3.2.1. We quickly recap this
mechanism to easily explain its extensions. Let the dataset contain n keypoints, then
the first vector called keypoint vector has dimensionality n and the second vector called
thickness vector has dimensionality 3. Let pi, pj be two keypoints enclosed by a body
part and pinter be the orthogonal projection of the desired keypoint on the skeleton line
vs between pi and pj . Then pinter = α ·pi +(1−α) ·pj . We set the entries belonging to pi
and pj in the keypoint vector to α and 1 − α, respectively. All other entries are 0. The
thickness vector is created similarly. Let the final keypoint be parb = β·cl/r+(1−β)·pinter ,
then we set the middle entry of the thickness vector to 1−β and either the first or the last
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entry to β, depending on whether cl or cr is chosen. See Equation 7.8 for details. This
technique ensures that flipping the input image horizontally corresponds to a flipping of
the thickness vector and switching the corresponding entries in the keypoint vector for
left and right keypoints.

For the torso, we set the keypoint vector entry belonging to the neck to α and the
entries belonging to the left and right hip joint to 0.5(1 − α), since we use the middle
of the two hip keypoints as the reference point. In case of the extension method for the
head, where we extend the line through the reference keypoints phead and pneck to the
points phead top and pchest , pinter = α · phead top + (1 − α) · pchest . We set the entries in
the keypoint vector in the same way as before, meaning that the keypoint vector entry
corresponding to phead is set to α and the entry corresponding to pneck to (1 − α). We
do not introduce new entries for the keypoints phead top and pchest . The same applies to
the hands with their respective reference keypoints. The thickness vector is created as
explained before.

If the angle method is used for the head, this approach is not applicable as the creation
logic is completely different. Therefore, we introduce a third vector called the angle
vector. It has just one entry which is set to 0 in case of all other body parts, meaning
that it is not used. For the head, its value q indicates the rotation angle φ in percent,
starting with the line through head and neck keypoint and rotating counterclockwise
around the head keypoint as described in Section 7.5.1.2. This means that the lines la
for rotation angle percentages 0 < q <= 0.5 and 0.5+q are identical. They differ in their
corresponding intersection point. cr is used for percentage q and cl for 0.5 + q. The final
keypoint can now be calculated as parb = β ·cl/r +(1−β) ·phead, and we set the thickness
vector to [0, 1 − β, β] no matter which intersection point is used as this information is
already encoded in the angle vector. We further set the entry of the keypoint vector
corresponding to the head keypoint to 1.

For elbows and knees, we adapt the encoding slightly. In these cases, pinter is not
projected perpendicular (along lo) on the line between pi and pj , but along the line la,
and we further use la to determine the intersection points cl and cr and the thickness
percentage β.

7.5.2.2 Normalized Pose

The second approach involves a normalized human pose, similar to the approach pre-
sented in Section 7.3. The normalized human pose contains the standard keypoints and
the body part segmentation masks of a human in a T-shaped pose, visualized in Figure
7.15. In contrast to Section 7.3.2.2, we use feet turned outwards and hands downwards
such that the maximum area of these body parts is visible in the segmentation masks
of our T-shaped pose template. Each desired keypoint is now represented with the nor-
malized x- and y-coordinates of this pose. Normalized coordinates mean that the upper
left corner has coordinates (0, 0) and the lower right corner (1, 1). Hence, each keypoint
is characterized by only two values in this encoding approach, no matter to which body
part it belongs.
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Figure 7.15: Visualization of the normalized pose. All used body parts are colored and the
fixed keypoints are visualized in white.

7.5.3 Keypoint Token Embedding

Each keypoint encoding, no matter which of the three described options is used, needs
to be converted to one single token of the same size as the visual tokens in order to be
compatible with the ViT. This process is called embedding. The straightforward way is
to use a linear layer to convert a vector of arbitrary length to a vector with the desired
length. In case of the keypoint vector approach, we have more than one vector in the
encoding. Hence, we have the option to concatenate the vectors to one vector at first
and then embed them, or to embed them at first to tokens with a half or a third of
the embedding size and concatenate them afterwards. Furthermore, apart from using a
single linear layer, we try to enhance the embeddings by adding more layers combined
with ReLU operations, hence incorporate a small MLP.

7.5.4 Experiments

As in the previous sections, the base architecture for all our experiments is TokenPose-
Base [48] with an input image size of 192 × 256, an embedding dimension of 192 and a
conversion of the final embeddings to heatmaps of size 48 × 64. Athletes are cropped
before the images are fed through the network. We pretrain our model on the COCO
dataset [50] and fine-tune it on our individual sports related datasets. Random flipping,
random rotation of up to 45◦, random scaling in the range of [0.65, 1.35], and color jitter
are applied as augmentation techniques during training.

7.5.4.1 Evaluation Scheme

We use the Percentage of Correct Keypoints (PCK) and the Percentage of Correct
Thickness (PCT) as evaluation metrics. We use PCK thresholds of t = 0.1 and t = 0.05
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Figure 7.16: Collapsing points around the right elbow and knee (first image) and the left elbow
(second image) in the case that cl and cr swap sides between the lower and upper
body part.

in our evaluations, which corresponds to approx. 6 cm and 3 cm, respectively. For PCT,
we use t = 0.2 as before.

In Section 7.3, we use a random number of up to 50 freely chosen keypoints per image
during evaluation. In Section 7.4, we increase the evaluation strategy to a fixed number
of 200 randomly created keypoints. In this section, we aim to evaluate the full range
of possible keypoints together with the different encoding and embedding strategies for
certain body parts. Hence, on each body part, we create a specific set of evaluation
keypoints: we use thickness 0, 0.5 and 1 and create 25 equally spaced keypoints with
these thicknesses to both sides of the body part, resulting in 125 keypoints per body
part. During evaluation, we treat elbows and knees as individual body parts, too. Hence,
if all body parts are completely visible, this results in a total number of 2250 keypoints
per image. The benefit of this strategy is that it is reproducible and hence provides a
comparable metric for future work. It also weights all body parts equally and allows a
separate comparison of the results for each body part.

7.5.4.2 Collapsing Elbow and Knee Keypoints

Elbows and knees connect the upper arm with the forearm and thigh with the lower
leg, respectively. Including them in our method enables retrieving continuous keypoints
along the whole arms and legs. Especially in these cases, it is very important to interpret
vs as a vector and define cl and cr relative to its direction.

This ensures that cl and cr are always located on the same side of the upper body
part (thigh or upper arm) and the lower body part (lower leg or forearm). Without this
method, cl and cr could swap the side between the lower and upper body part. This
leads to an unwanted collapse of the keypoints around the swapping location, visualized
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Enc. E C
PCK@ PCT@

head torso u.arm elbow f.arm hand thigh knee l.leg foot
0.1 0.05 0.2

V3-VE 1 1 94.1 82.1 69.9 81.0 76.0 77.7 66.1 67.9 55.1 82.2 71.7 77.7 49.9
V3-VE 2 1 94.2 82.3 71.0 82.0 76.6 78.7 68.2 68.6 56.7 82.7 71.9 77.9 52.4
V3-VE 2 0 94.0 82.0 70.3 81.6 74.9 78.1 67.2 68.4 55.4 82.2 71.8 78.3 51.3
V3-VE 3 1 94.2 82.4 71.0 81.6 76.6 78.4 68.0 68.9 57.1 82.7 71.9 78.6 52.2

V3-VA 1 1 94.3 82.6 71.6 94.4 75.9 78.9 68.3 68.5 55.7 82.7 71.9 78.0 51.2
V3-VA 2 1 94.3 82.5 71.6 92.8 76.1 78.8 68.0 69.1 56.3 82.3 71.9 78.2 51.0
V3-VA 2 0 94.5 82.7 71.9 93.2 76.9 79.0 68.4 69.1 56.2 82.8 71.8 78.3 52.3
V3-VA 2 2 94.3 82.2 71.5 92.5 76.5 78.5 68.0 68.8 56.4 82.4 72.0 77.8 51.6
V3-VA 3 1 94.3 82.4 71.5 94.4 76.0 78.4 67.9 68.4 56.1 82.8 71.4 78.0 51.2

V3-NP 1 - 92.5 79.7 66.6 94.6 72.2 73.6 63.2 63.4 48.9 81.7 70.8 73.7 33.6
V3-NP 2 - 92.6 78.9 65.5 94.2 71.2 73.2 62.8 63.0 48.8 81.1 70.0 72.3 27.6
V3-NP 4 - 92.5 79.6 66.8 94.5 73.0 73.4 63.3 62.5 48.0 81.7 71.3 75.4 34.8

Table 7.4: Recall values for the BiSp-Jump v2 test set in % at PCK@0.1 and PCK@0.05 and
PCT@0.2. These scores are evaluated on the test set with the fixed keypoints and on
the described 125 keypoints per body part as far as these keypoints exist in the image.
The first column indicates the used encoding: V3-V indicates the keypoint vector
approach, either with the head extension strategy V3-VE or the head angle strategy
V3-VA. V3-NP refers to the normalized pose approach. The second column (labeled
E) names the total number of layers used for the embedding and the third column
(labeled C) the number of layers that is executed before concatenation of the vectors.
Hence, C denotes how many layers of E are executed before the concatenation. The
third table section contains the average metric results over all keypoints in the test
set, the fourth section lists the PCT scores separately for each keypoint type, left
and right keypoints are combined. Best results are highlighted.

in Figure 7.16. Therefore, we always interpret vs as a vector and define cl/r relative to
its direction, which prevents such collapses.

7.5.4.3 BiSp-Jump v2

We first evaluate our methods on the BiSp-Jump v2 dataset. The quality of its images
is higher than that of the Jump-Broadcast dataset since the cameras were installed
specifically for the analysis tasks and not for TV broadcasts. It is labeled with the same
20 keypoints as the Jump-Broadcast dataset. Segmentation masks are also obtained
with detectron2 [95] and kept for all images.

We execute four experiments with different embedding strategies using the keypoint
vector encoding with the extension technique for the head (called V3-VE ), five expe-
riments with the angle technique (called V3-VA) and three experiments with the nor-
malized pose encoding (called V3-NP). The results are displayed in Table 7.4. Overall,
the different strategies achieve similar results. All are capable of detecting arbitrary
keypoints on all body parts. Generally, the approaches with the vector encoding achieve
better results for most body parts. The number of layers in the embedding process does
also not make a large difference independent of the encoding type, which is in contrast
to the results reported in Section 7.3. Concatenating before or after the embedding also
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Figure 7.17: Detection results for images of the BiSp-Jump v2 dataset (first two images) and
the Jump-Broadcast dataset (last four images), visualized with equally spaced lines
to both sides of each body part including the outer boundary in pure color and the
central line in white with a color gradient from the boundary to the skeleton line.
The first two images are generated with the keypoint vector encoding using the
extension strategy and the last four images with the angle strategy for the head in
order to show the differences between the strategies. Occluded/overlapping body
parts are omitted for clarity.

does not show a difference. For the angle strategy V3-VA, concatenating before the em-
bedding performs slightly better, for the extension strategy V3-VE, concatenating after
one layer is better. Hence, these differences are not significant and might just be due
to typical training performance variance. A significant difference is observed regarding
the head keypoint. V3-VA achieves an absolute improvement of over 10% for all expe-
riments. Although the normalized pose approach V3-NP achieves worse results for all
other body parts, its performance on the head keypoint is as good as V3-VA. The de-
tection scores vary largely among different body parts. The feet and the hands seem the
most challenging body parts, since the PCT is at most 52.4% and 57.1%, respectively.
Head, thighs, upper arms, and lower legs are the body parts with the best scores over all
experiments. These results might be explained by the fact that these body parts gener-
ally lead to larger (and therefore also thicker) segmentation masks, which make it easier
for the network to learn and detect precise keypoints. Furthermore, their boundaries are
easier to determine than for (maybe bent) elbows and knees or hands and feet. V3-NP
has especially difficulties with the hands and feet. The reason might be that the area of
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Enc. E C
PCK@ PCT@

head torso u.arm elbow f.arm hand thigh knee l.leg foot
0.1 0.05 0.2

V3-VE 1 1 90.5 71.8 61.3 69.8 79.6 65.8 48.1 51.4 38.5 79.5 64.5 67.5 42.8
V3-VE 2 1 90.8 72.1 62.5 71.3 80.2 67.6 49.4 53.5 40.2 80.4 64.9 66.2 47.9

V3-VA 1 1 91.0 71.9 63.1 83.5 80.4 66.4 49.1 53.0 39.2 80.2 64.4 66.8 46.0
V3-VA 2 1 91.2 72.1 63.3 83.0 79.3 67.7 49.2 52.6 40.4 80.8 65.0 66.1 46.8
V3-VA 2 2 91.0 71.9 63.0 82.7 79.8 66.6 48.0 53.9 40.6 80.2 63.4 66.1 47.1

V3-NP 1 - 88.0 67.9 57.9 83.5 77.3 54.6 41.1 44.8 32.6 79.8 63.3 65.8 31.7
V3-NP 4 - 88.1 67.9 58.1 83.4 77.9 56.5 41.1 45.8 33.3 79.0 63.0 65.0 31.5

Table 7.5: Recall values for the Jump-Broadcast test set in % at PCK@0.1 and PCK@0.05 and
PCT@0.2. These scores are evaluated on the test set with the fixed keypoints and
on the described 2250 keypoints per body part as far as these keypoints exist in the
image. The first column indicates the used encoding: V3-V indicates the keypoint
vector approach, either with the head extension strategy V3-VE or the head angle
strategy V3-VA. V3-NP refers to the normalized pose approach. The second column
(labeled E) names the number of layers used for the embedding and the third column
(labeled C) the number of layers that is executed before concatenation of the vectors.
The third table section contains the average metric results over all keypoints in the
test set, the fourth section lists the PCT scores separately for each keypoint type,
left and right keypoints are combined. Best results are highlighted.

these body parts has the lowest size in the normalized pose template. The best overall
PCT and PCK@0.05 score is achieved with V3-VA and a two layer embedding with
concatenation right at the beginning. Qualitative results for this dataset are visualized
in the first two images in Figure 7.17.

7.5.4.4 Jump-Broadcast

For the Jump-Broadcast dataset, we execute two experiments with the keypoint vector
encoding and the extension strategy V3-VE, three experiments with the head angle
strategy V3-VA, and two experiments with the normalized pose encoding V3-NP. The
results are shown in Table 7.5. Since the quality of the images is worse than for the
BiSp-Jump v2 dataset, the scores are generally lower. The effect that the results of the
angle strategy V3-VA improve the score for the head can be observed for this dataset
as well. The improvement is even slightly larger, with an absolute increase of over
11% for all variants. The score for the other body parts are similar across all variants
of V3-VE and V3-VA. Using more layers or other concatenation techniques shows no
significant difference. Keypoints on the hands and feet stay the most challenging ones
in this dataset. For the keypoint vector encoding approaches V3-VA and V3-VE, the
scores for the feet are better than the scores for the hands, which is different from the
results of the BiSp-Jump v2 dataset. However, this changes for the normalized pose
approach V3-NP, which might be due to the fact that the feet are slightly smaller in
the pose template than the hands. Moreover, the scores of the elbow are significantly
lower relative to the score of the upper arm and forearm compared to the other dataset.
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The best scores are achieved for the head, the thigh, and the torso. V3-NP achieves
again the lowest overall scores. The largest drop is also observable for keypoints on the
feet, while the score for keypoints on the head are better than for the extension strategy.
Furthermore, V3-VA achieves the best overall results (PCT, PCK@0.05 and PCK@0.1)
with a two layer embedding and the concatenation after one layer. Example detections
for this method are displayed in the last four images in Figure 7.17.

7.6 Summary

In this chapter, we have introduced a method to detect arbitrary keypoints on the whole
human body. We started with an approach that is applicable to the limbs. Next, we
extended this approach to the skis of ski jumpers and evaluated strategies to apply this
approach to scenarios with only very few available segmentation masks. We found that
in contrast to segmentation models, our method has the advantage to be trained with
partly correct segmentation masks. This is especially useful when using automatically
generated segmentation masks, which always contain errors.

In the last step, we have extended our approach to make our model capable of estimat-
ing arbitrary keypoints on all body parts, including limbs as before and further head,
torso, hands, and feet. We further enhanced the approach to cope with bent limbs.
We have evaluated our approach on two challenging datasets of triple, long, and high
jump athletes. To generate ground truth keypoints for the hands, which have no second
annotated enclosed keypoint at the border, we extend the line through wrist and hand
keypoint to the boundary of the segmentation mask to obtain a second point. For the
head, we use either the same technique, or we rotate a line around the head keypoint.
We further calculate the points on the inner side of the elbow and knee joints and rotate
around these points in order to generate arbitrary points on the elbow and knee, since
these joints are often heavily bent during jumps and could not be estimated correctly
with the first two approaches. We have evaluated our model with different encodings
of the arbitrary keypoints, either as keypoint vectors with the extension strategy for
the head or the angle strategy, or as keypoint coordinates of a normalized human pose.
In the vector case, we have introduced a third vector in case of the angle strategy and
evaluated the performance depending on the number of embedding layers used before
we concatenate the embeddings of the single vectors. Evaluations on the BiSp-Jump
v2 dataset and the Jump-Broadcast dataset have shown that the results for all variants
are generally similar. The normalized pose approach achieves slightly lower scores re-
garding all experiments. Concatenating the vector embeddings later results in minimal
better scores. For both datasets, keypoints on the hand are most challenging. The ex-
tension and angle approach for the head have strengths for different keypoints. For the
BiSp-Jump v2 and the Jump-Broadcast dataset, the angle approach with a two-layer
embedding achieves the best overall score. Hence, the final method proposed in this
chapter is capable of detecting arbitrary keypoints on the whole human body, exem-
plary shown in the application of triple, long, and high jump athletes, including bent
elbows and knees.
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Part III

3D Human Pose and Mesh
Estimation in Challenging Scenarios
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8 Foundations

2D HPE is not enough for many applications. Especially for some high-performance
sports, but also for 3D animation, gaming, fashion, and many other fields, a human pose
in 3D is necessary. Further, for an even more precise estimation, a human mesh can be
estimated. Human Mesh Estimation (HME) covers the human pose like 3D HPE and
further includes the human shape.

However, estimating any kind of three-dimensional object from videos or images which
are naturally only 2D is a challenging task. With multiple synchronized camera views
of the same scene, the best quality of the 3D reconstruction can be achieved. However,
in many cases, only a single camera view is available or possible. Therefore, monocular
3D HPE and HME are of high interest and an active area of research.

In this chapter, we introduce the necessary foundations for 3D human pose and mesh
estimation. We start with the definition of the tasks for 3D HPE and HME. Next, we
explain the human body model SMPL-X, which is the most commonly used model for
HME. We further introduce the necessary metrics for evaluation, along with common
everyday and sports datasets for 3D HPE and HME.

8.1 Task Definitions

At first, we define the two tasks of estimating a human in three dimensions: 3D Human
Pose Estimation (3D HPE) and 3D Human Mesh Estimation (3D HME). Both tasks are
well established within the field of computer vision and have been researched for many
years. We will define the tasks in their typical form and explain the differences between
them in this section.

8.1.1 3D Human Pose Estimation

Generally, 3D HPE is closely related to 2D HPE. The goal is to estimate the 3D pose of
a human. The pose is represented by the 3D coordinates of certain desired keypoints on
the human body. Hence, the output of a 3D HPE model are the x-, y-, and z-coordinates
of each desired keypoint, just like 2D HPE with one additional coordinate. Formally,
if we want to estimate k keypoints in 3D, we need a model M3D-HPE that operates on
input I such that

M3D-HPE(I) = p3D ∈ Rk×3. (8.1)

The input I is either an image or a video. In contrast to 2D HPE where the output
measurement unit are pixels, the 3D pose is often given in a metric unit, typically meters.
We will stick to this convention and use meters throughout this thesis. In most cases,
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8 3D Human Pose and Mesh Estimation: Foundations

the output is a single pose as denoted in the equation, even in the case when the input
is a video. In such cases, the output is the pose of the central frame of the video. This
also applies to the 3D HPE approach that we are using in the next chapter.

Estimating 3D keypoints instead of 2D keypoints is much more challenging. Inferring
the depth from images or videos is not trivial and requires additional information. This
information can be provided by multiple synchronized cameras, depth sensors, or other
additional information. However, in many cases, only one camera view is available
and no additional sensors. In this case, the depth information has to be inferred from
the single image or video, which is even more challenging. Recent research focuses on
the estimation of 3D human poses from monocular videos, since most 3D datasets and
applications are based on videos. Using a video as an input, the temporal information
can be used to infer the depth of the human pose. Since images contain a large amount
of parameters, designing a model that can take long sequences of images as an input is
not feasible. However, long sequences are necessary to achieve a good 3D pose result.
Therefore, the currently most popular approach in 3D HPE is to first apply a 2D HPE
model to each frame of a video to obtain a sequence of 2D poses for this video. The
number of values defining a single 2D pose is much smaller than the number of values
defining an image. In a second step, a long sequence of 2D poses is then used as an
input for a so called 2D to 3D uplifting model that estimates a single 3D pose. Formally,
a 2D to 3D uplifting model M2D-to-3D is applied to a sequence of 2n + 1 2D poses
p2Di−n, ..., p

2D
i+n ∈ R(2n+1)×k×2 to obtain the 3D pose p3Di ∈ Rk×3 of the central frame i:

M2D-to-3D(p2Di−n, ..., p
2D
i+n) = p3Di . (8.2)

The sequence length n is a fixed number and can usually not be changed. Models
can be trained with different sequence lengths n, but this results in different models.
During inference, the exact same sequence length as during training needs to be used.
2D HPE models achieve a high accuracy and are well established, since many datasets
with annotations are available. Therefore, 2D to 3D uplifting models are currently the
most common and successful approach for 3D HPE. A visualization of the 2D to 3D
upsampling pipeline is shown in Figure 8.1.

8.1.2 3D Human Mesh Estimation

3D HPE models a human pose as a set of 3D keypoints and a skeleton. However, the
real 3D pose is not completely defined by joint positions, the rotations of the body parts
are missing in the 3D HPE representation. Further, the human body is not only defined
by the pose, but also by the shape. The body shape is described by the surface of the
body and can be represented by a mesh. Human mesh models have typically around
10,000 vertices and are much more complex than a skeleton. Estimating this amount
of vertices is not feasible. Therefore, a human mesh is usually represented by a low-
dimensional, parametrized model. The number of free parameters is kept low, and the
model generates a final mesh based on the free parameters. Formally, an HME model
MHME operates on an input image I and estimates the parameters q ∈ Rw, w ≪ v of a
human mesh model Mmesh:
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Figure 8.1: The 2D to 3D upsampling pipeline for 3D HPE.

MHME(I) = q. (8.3)

The human mesh model creates the mesh m ∈ Rv×3, whereby v is the number of
vertices of the mesh, and in the magnitude of 10, 000:

Mmesh(q) = m. (8.4)

There are multiple different mesh models Mmesh used in research, but the most com-
mon model is the Skinned Multi-Person Linear model (SMPL) [51] and its successor
SMPL-X [69], which we will explain in the next section.

8.2 SMPL-X Body Model

SMPL-X [69] is the currently most common body model used for 3D HME. The model
is based on the SMPL model [51]. SMPL-X extends SMPL by adding a more detailed
hand and face model, resulting in more vertices in the mesh. Generally, SMPL and
SMPL-X work very similar, therefore we explain SMPL in the following and point out
the differences to SMPL-X in the end.

The main idea of SMPL is the separation of the pose and the body shape component. A
unique person is characterized by their body shape parameters β, and these parameters
do not change if this person changes the pose. The pose parameters θ, in contrast,
model only the pose and do not have an influence on the basic body shape. In contrast
to 3D HPE, the SMPL pose parameters θ describe the rotations of the body parts
around certain fixed joints. So-called blend weights W define how much influence the
rotation of each body part has on each vertex of the mesh. The location of the joints
can be regressed from the mesh and depend on the body shape. Formally, the joints
are regressed with a regressor matrix r ∈ Rk×v from the mesh m, which depends on the
body shape parameters β: p3D = r ·m.

However, stating that pose and shape can be modeled independently is not entirely
correct. The pose causes some deformations to the body surface, e.g., the bending of
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(a) T̄, W (b) T̄ + BS(~�), J(~�) (c) TP (~�, ~✓) = T̄+BS(~�)+BP (~✓) (d) W (TP (~�, ~✓), J(~�), ~✓, W)

Figure 3: SMPL model. (a) Template mesh with blend weights indicated by color and joints shown in white. (b) With identity-driven
blendshape contribution only; vertex and joint locations are linear in shape vector ~�. (c) With the addition of of pose blend shapes in
preparation for the split pose; note the expansion of the hips. (d) Deformed vertices reposed by dual quaternion skinning for the split pose.

the transformation matrix. Such changes are expressive but are not
compatible with existing animation systems.

To maintain compatibility, we keep the basic skinning function and
instead modify the template in an additive way and learn a function
to predict joint locations. Our model, M(~�, ~✓; �) is then

M(~�, ~✓) = W (TP (~�, ~✓), J(~�), ~✓, W) (5)

TP (~�, ~✓) = T̄ + BS(~�) + BP (~✓) (6)

where BS(~�) and BP (~✓) are vectors of vertices representing off-
sets from the template. We refer to these as shape and pose blend
shapes respectively.

Given this definition, a vertex t̄i is transformed according to

t̄0i =

KX

k=1

wk,iG
0
k(~✓, J(~�))(̄ti + bS,i(~�) + bP,i(~✓)) (7)

where bS,i(~�),bP,i(~✓) are vertices in BS(~�) and BP (~✓) respec-
tively and represent the shape and pose blend shape offsets for the
vertex t̄i. Hence, the joint centers are now a function of body shape
and the template mesh that is deformed by blend skinning is now a
function of both pose and shape. Below we describe each term in
detail.

Shape blend shapes. The body shapes of different people are rep-
resented by a linear function BS

BS(~�; S) =

|~�|X

n=1

�nSn (8)

where ~� = [�1, . . . , �|~�|]
T , |~�| is the number of linear shape coeffi-

cients, and the Sn 2 R3N represent orthonormal principal compo-
nents of shape displacements. Let S = [S1, . . . ,S|~�|] 2 R3N⇥|~�|

be the matrix of all such shape displacements. Then the linear func-
tion BS(~�; S) is fully defined by the matrix S, which is learned
from registered training meshes, see Sec. 4.

Notationally, the values to the right of a semicolon represent learned
parameters, while those on the left are parameters set by an anima-
tor. For notational convenience, we often omit the learned parame-
ters when they are not explicitly being optimized in training.

Figure 3(b) illustrates the application of these shape blend shapes
to the template T̄ to produce a new body shape.

Pose blend shapes. We denote as R : R|~✓| 7! R9K a function
that maps a pose vector ~✓ to a vector of concatenated part relative
rotation matrices, exp(~!). Given that our rig has 23 joints, R(~✓) is
a vector of length (23⇥ 9 = 207). Elements of R(~✓) are functions
of sines and cosines (Eq. (1)) of joint angles and therefore R(~✓) is
non-linear with ~✓.

Our formulation differs from previous work in that we define the
effect of the pose blend shapes to be linear in R⇤(~✓) = (R(~✓) �
R(~✓⇤)), where ~✓⇤ denotes the rest pose. Let Rn(~✓) denote the nth

element of R(~✓), then the vertex deviations from the rest template
are

BP (~✓; P) =

9KX

n=1

(Rn(~✓) � Rn(~✓⇤))Pn, (9)

where the blend shapes, Pn 2 R3N , are again vectors of vertex
displacements. Here P = [P1, . . . ,P9K ] 2 R3N⇥9K is a matrix
of all 207 pose blend shapes. In this way, the pose blend shape
function BP (~✓; P) is fully defined by the matrix P , which we learn
in Sec. 4.

Note that subtracting the rest pose rotation vector, R(~✓⇤), guaran-
tees that the contribution of the pose blend shapes is zero in the rest
pose, which is important for animation.

Joint locations. Different body shapes have different joint loca-
tions. Each joint is represented by its 3D location in the rest pose.
It is critical that these are accurate, otherwise there will be artifacts
when the model is posed using the skinning equation. For that rea-
son, we define the joints as a function of the body shape, ~�,

J(~�; J , T̄, S) = J (T̄ + BS(~�; S)) (10)

where J is a matrix that transforms rest vertices into rest joints.
We learn the regression matrix, J , from examples of different peo-
ple in many poses, as part of our overall model learning in Sec. 4.
This matrix models which mesh vertices are important and how to
combine them to estimate the joint locations.

SMPL model. We can now specify the full set of model parameters
of the SMPL model as � =

�
T̄, W, S, J , P

 
. We describe how

to learn these in Sec. 4. Once learned they are held fixed and new

Figure 8.2: The steps of creating a human mesh from body shape parameters β and pose
parameters θ with the SMPL model. [51]

the arms or legs. This is taken into account by the SMPL model as well. The final body
mesh is created from the pose parameters θ and the body shape parameters β in the
following way. The steps are visualized in Figure 8.2.

(a) The basic human body model is a pre-defined T-shaped pose T of a standard body
shape. The blend weights W are also visualized in the figure.

(b) A shape blend shape function BS takes the body shape parameters β and creates
the blend shape offsets BS(β). Adding those to the basic body model results in a
T-posed human mesh with the individual body shape. The joints can be regressed
from the mesh with a joint location function J , which uses the regressor matrix r
as explained above.

(c) The pose blend shape function BP takes the pose parameters θ and creates the
blend shape offsets BP (θ). Adding those to the T-posed human mesh results in
the human mesh with individual body shape and pose dependent deformations,
called TP (β, θ).

(d) The mesh is rotated around the joints J(β) to create the final human mesh by a
blend skinning function W . This function takes the blend weights W into account,
which define the influence of the rotations on each vertex. This is especially relevant
in border regions between two body parts.

The shape blend shape function BS , the pose blend shape function BP , and the joint
regression function J are linear functions and learned from data. The SMPL model is
trained with a large dataset of registered meshes. Some example meshes for varying poses
and body shapes are shown in Figure 8.3. The standard T-pose mesh is also learned. Its
shape and the body shape parameters are extracted via principal component analysis.
In the case of the body shape parameters, the first principal component of the PCA
executed on the body shape parameters is the first β parameter, and so on.

SMPL-X extends SMPL by adding a more detailed hand and face model, which are also
learned from data. Further, the mesh is more fine-grained and contains more vertices.
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Figure 13: Animating SMPL. Decomposition of SMPL parameters into pose and shape: Shape parameters, ~�, vary across different subjects
from left to right, while pose parameters, ~✓, vary from top to bottom for each subject.

pose blend shapes; this cost corresponds to 0 shape coefficients.

For meshes with the same number of vertices, SCAPE will always
be slower. In SMPL each blend shape is of size 3N , requiring that
many multiplications per shape. SCAPE uses triangle deformations
with 9 elements per triangle and there are roughly twice as many
triangles as vertices. This results in roughly a factor of 6 difference
between SMPL and SCAPE in terms of basic multiplications.

5.5 Compatibility with Rendering Engines

Because SMPL is built on standard skinning, it is compatible with
existing 3D animation software. In particular, for a given body
shape, we generate the subject-specific rest-pose template mesh and
skeleton (estimated joint locations) and we export SMPL as a rigged
model with pose blend shapes in Autodesk’s Filmbox (FBX) file
format, giving cross-platform compatibility. The model loads as a
typical rigged mesh and can be animated as usual in standard 3D

animation software.

Pose blend weights can be precomputed, baked into the model, and
exported as an animated FBX file. This kind of file can be loaded
into animation packages and played directly. We have tested the
animated FBX files in Maya, Unity, and Blender.

Pose blend weights can also be computed on the fly given the pose,
~✓t, at time t. To enable this, we provide scripts that take the joint
angles and compute the pose blend weights. We have tested loading
and animating SMPL in Maya 2013, 2014 and 2015. The anima-
tor can animate the model using any of the conventional animation
methods typically used in Maya. We will provide a Python script
that runs inside Maya to apply blend-shape corrections to an ani-
mated SMPL model. The pose blend shape values can be viewed
and/or edited manually within Maya if desired. We have also tested
SMPL in Unity. In SMPL, the blend weights range from -1 to +1
while in Unity they range form 0 to 1. Consequently, we scale and
recenter our weights for compatibility. For runtime computation of

->

B
->

↓

Figure 8.3: Example meshes generated by the SMPL model for varying poses and body shapes.
The shape changes along the x-axis, the pose along the y-axis. [51]

Although we do not model the hands and face in this thesis, we use the SMPL-X model
because of its finer mesh and because it is the more recent model.

Summarizing, the SMPL-X body model is a parametrized human mesh model that
can generate a human mesh for a given pose and body shape. This mesh m is defined by
the function m = W (TP (β, θ), J(β), θ,W). Since W , TP , J and W are fixed functions
for the SMPL-X model, we will abbreviate it in the following as m = MSMPL-X(β, θ).

8.3 Evaluation Metrics

There are two most commonly used metrics for 3D HPE and an additional one for HME.
These metrics are based on the distance error per joint (or vertex) of the estimated and
ground truth joints (or vertices). Since the locations of the joints (or vertices) are given
in relation to the real world, often in metric units, a mean distance error is meaningful
and interpretable. We will describe the metrics in the following subsections.
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8.3.1 Mean Per Joint Position Error (MPJPE)

The Mean Per Joint Position Error (MPJPE) is the most commonly used metric for 3D
HPE. It calculates the mean distance error between the estimated and the ground truth
joints, whereby the root of the coordinate system is shifted to a special root joint. The
error is calculated for each joint and then averaged over all joints.

Let k be the number of joints to estimate, P ∈ Rk×3 be the predicted pose and
G ∈ Rk×3 be the ground truth pose. Pi are further the coordinates of the i-th joint of
the pose. Let r be the index of the root joint, which is usually the pelvis or hip joint.
Then, the MPJPE is defined as follows:

MPJPE(P,G) =
1

k

k∑
i=1

∥(Pi − Pr) − (Gi −Gr)∥2 , (8.5)

The MPJPE is further averaged over all poses of the dataset to condense the metric
into a single value.

8.3.2 Procrustes Aligned Mean Per Joint Position Error (PA-MPJPE)

The Procrustes Aligned Mean Per Joint Position Error (PA-MPJPE) is a commonly used
variant of the MPJPE that only measures the inner structure of the estimated pose. It
first aligns the predicted pose to the ground truth pose with a Procrustes transformation.
The Procrustes transformation is defined by a rotation, a scaling, and a translation to
align two point sets optimally. Thus, it is a linear transformation. The transformation
is calculated in a way that the sum of the squared distances between the corresponding
points of the two point sets is minimized. The PA-MPJPE is then calculated as the
MPJPE between the aligned predicted pose and the ground truth pose. Hence, the PA-
MPJPE is the lowest MPJPE that can be achieved by rotating, scaling, and translating
the predicted pose. The MPJPE already accounts for some translation errors by shifting
the root joint to the origin, but the PA-MPJPE accounts for all translation, scaling and
rotation errors. Therefore, it does not measure how well the scaling and rotation of the
pose is estimated, but only the inner structure.

Let P , G, and k be defined as in Section 8.3.1. Let R ∈ R3×3 be a rotation matrix,
s ∈ R+ be a positive scaling factor, and t ∈ R3 be a translation vector. Then, the
PA-MPJPE is defined as follows:

PA-MPJPE(P,G) = min
R,s,t

1

k

k∑
i=1

∥sRPi + t−Gi∥2 , (8.6)

Like the MPJPE, the PA-MPJPE is averaged over all poses of the dataset and typically
given as a single value.

8.3.3 Mean Vertex Error (MVE)

The Mean Vertex Error (MVE) is a common metric for 3D HME. It is similar to the
MPJPE, but instead of measuring the error per joint, it measures the error per vertex
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of the mesh. Hence, in contrast to (PA-)MPJPE, it measures the precision of the whole
mesh, and not only the precision of the keypoints. To calculate it, both meshes are
aligned at a root joint, which is most typically the hip or pelvis joint. The error is
calculated as the mean distance between the estimated and the ground truth vertices. Let
M be an estimated human mesh with v vertices Mi, i = 1, ..., v and G the corresponding
ground truth mesh. Let Pr be the ground truth root keypoint and P̂r the root keypoint
of the estimated mesh. The MVE is defined as follows:

MVE(M,G) =
1

v

v∑
i=1

∥∥∥(Mi − P̂r) − (Gi − Pr)
∥∥∥
2
, (8.7)

The main difference between the MPJPE and the MVE is the amount of points, 3D
poses consist only of a few joints, whereas 3D meshes consist of thousands of vertices.
Moreover, the root keypoint does not necessarily have to be a vertex of the mesh, it is
mostly regressed with the vertices of the mesh and lies inside the body.

8.3.4 Problems

MPJPE and PA-MPJPE have some drawbacks. First, they are very sensitive to outliers.
If all joints despite one are estimated correctly, but a single one very poorly, this can
lead to a high error. Considering averaging over the whole dataset, this outlier problem
also persists with poorly estimated poses. A single pose with a very high error can
lead to a high total MPJPE or PA-MPJPE, although all other poses are estimated well.
Hence, single outliers can affect the total metric to a large extent. Further, the metrics
do not take into account undetected poses. There is no option to include missing poses,
despite just adding an arbitrary pose, which has the problem of being an outlier, like
described before. This problem also applies to MVE. A metric like PCK for 2D HPE
would be more suitable in these cases, but is not used in 3D HPE nor HME. We stick to
the metrics that are typically used in the literature, but the drawbacks should be kept
in mind.

8.4 Datasets

For 3D tasks, creating datasets is far more difficult than for 2D tasks. The annotations
are not only the 2D coordinates of the joints, but also the depth information. This
requires additional sensors or multiple camera views. The most common ways are to
create the annotations by 2D annotations and triangulation with multiple camera views
[67], or through marker-based systems [38, 26]. Therefore, 3D datasets are much more
complex and expensive to create. For that reason, less 3D datasets than 2D datasets
exist. Another alternative are synthetic datasets. Large advances in the quality of
synthetic datasets have been made in the recent years, e.g., the diversity of the poses
and body shapes have increased, and the images are more realistic, with background and
humans matching better. However, the quality of synthetic datasets is still not as good
as real datasets, but they can help, e.g., by using them as a large-scale pretraining. In
this section, we introduce some datasets for 3D HPE and HME that we use in our work.
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8.4.1 Human3.6M

Human3.6M [38] is a large scale 3D human pose dataset. It contains 3.6 million 3D
poses of 11 subjects performing 15 different everyday actions like discussing, taking a
photo, talking on the phone, etc. The dataset is captured with a high-resolution multi-
camera setup consisting of four calibrated cameras recording at 50Hz. All recordings
are captured in an indoor studio, resulting in the same background for each video. 3D
annotations for 17 joints are available for all frames and created by a marker-based
motion capture system. In practice, not all the annotations are public, so only the
accessible data is used for training and evaluation. This results in the training dataset
consisting of all actions from 7 subjects and the evaluation dataset of all actions from 3
subjects. The dataset is widely used in research and is the most commonly used dataset
for 3D HPE.

8.4.2 MPI-INF-3DHP

MPI-INF-3D Human Person [64] is another 3D human pose dataset. It is recorded in a
green screen studio with 14 cameras. Hence, the background can be replaced with any
background, leading to more realistic scenarios than the single studio background from
Human3.6M. The dataset contains 3D poses of 8 subjects performing 8 different actions.
It is further intended to cover a wider range of motions, poses, camera viewpoints and
backgrounds than Human3.6M. The dataset is smaller than Human3.6M, but still large
scale with over 1.3 million frames. The dataset is also annotated with 17 joints, the
annotations are obtained with a markerless motion capture system.

8.4.3 AMASS

The Archive of Motion Capture as Surface Shapes (AMASS) [63] is a large dataset of
human motion capture data. The dataset contains 4D sequences (time and 3D coordi-
nates) of 3D human poses and shapes. It is a pure motion capture dataset, meaning that
there is no image or video data. The dataset unifies 15 different optical marker-based
motion capture datasets and contains a large variety of different human activities. It
consists of more than 40 hours of motion data, covers over 300 subjects and 1,100 mo-
tions. The dataset can not be used for computer vision tasks directly, since it does not
contain vision data. However, it can be used for 2D to 3D uplifting models and other
tasks that do not require vision data.

8.4.4 AGORA

The AGORA dataset [68] is a synthetic, large scale 3D human pose and mesh dataset.
4,240 commercially available, high-quality, textured human scans in diverse poses and
natural clothing together with accurate SMPL-X body model fits are used to create the
dataset. In total, the dataset contains 14,000 training and 3,000 test images created
by rendering between 5 and 15 people per image. In total, AGORA consists of 173K
individual person instances.
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8.4.5 fit3D

Due to high velocities and a great variation of poses, sports is a challenging scenario for
all kinds of human pose and shape estimation. The fit3D dataset [26] is a dataset which
consists of videos from gym sports exercises with repetitions and is annotated with hu-
man meshes. It is the only sports dataset with public SMPL-X annotations. The public
training set contains 8 different subjects recorded from four synchronized camera per-
spectives. The 3D ground truth poses are obtained with a marker-based motion capture
system. The SMPL-X meshes are created by fitting to the markers, multi-view image
evidence and body scans. The 3D skeleton consists of 25 joints, including the popular
Human3.6M joints. All subjects perform 47 exercises with multiple repetitions, catego-
rized in warm-ups, barbell exercises, dumbbell exercises and equipment-free exercises.
Example images are provided in Figure 8.4.

Figure 8.4: Example images from fit3D.

8.4.6 ASPset

ASPset [67] is a 3D human pose dataset. It consists of various different sports motion
clips recorded from three camera perspectives. 17 different amateur subjects each per-
form 30 sports-related actions, which results in a total of 510 action clips. Performed
actions contain throwing, catching, swinging a bat/racquet, etc. The footage is recorded
outdoors and markerless. Using no markers results in slightly worse annotation quality.
On the other side, having no markers in the footage is more realistic. Training HPE
models on marker-based datasets can lead the models to rely on the markers. The anno-
tations for 17 joints per person are created by 2D HPE models, triangulation, and some
correction mechanisms based on temporal continuity. In total, the dataset consists of
109,901 unique poses. A significant difference to daily life datasets like Human3.6M is
the amount of dynamic motion. The authors of the dataset calculate the average mo-
tion of the Human3.6M dataset to be 0.27m/s, whereas the average motion of ASPset
is 1.21m/s. This is a significant difference and makes the dataset more challenging.
Example images from the dataset are shown in Figure 8.5.
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Figure 8.5: Example images from ASPset.
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9 3D Human Pose and Mesh Estimation
with Consistent Body Shapes

In Chapter 7, we focussed on detecting more than the standard keypoints of humans in
2D. We showed that it is possible to estimate keypoints on the border of body parts,
the centerline and anywhere in between. This is a first step towards achieving a full
understanding of the human body with neural networks. Detecting the standard joints
results in a skeleton, but there is no information about the body shape and outline of
the person. With our approach of Chapter 7, we capture the shape of each body part
and let the 2D HPE model learn a kind of structure of the human body. However, this
approach has still some drawbacks. It is a 2D model, meaning that we can identify
body parts, borders and keypoints in pixel coordinates of each image, but we do not
know how the persons are positioned in the 3D world. Further, the border of body parts
depends on the perspective. If the image is taken from the front, the borders of the
legs are left and right side of thigh and lower leg. In contrast, if the image is taken
from the side, the borders of the legs are the front and back side of it. Hence, the
position of the borders on the human body varies with different perspectives. To solve
this problem, we need to know where the front, left, right and back side of the human
are. This is only possible by introducing the third dimension into the task, at least in
the annotations. We go one step further and leverage the research in the field of HME
for our purpose. Already having a realistic, adaptable human mesh model solves errors
like the output of completely impossible, wrong estimates. However, we find that the
currently best performing HME models perform not as good as (3D) HPE models in
challenging scenarios like sports regarding the accuracy of the joint estimates. We try
to tackle this problem, among others, in this chapter, which is based on the following
publication, with some text passages directly taken from it:

Leveraging Anthropometric Measurements to Improve Human Mesh Esti-
mation and Ensure Consistent Body Shapes [56], Katja Ludwig, Julian Lorenz,
Daniel Kienzle, Tuan Bui, and Rainer Lienhart, IEEE/CVF International Conference on
Computer Vision and Pattern Recognition Workshops (CVPRW), Nashville, TN, June
2025.

Another significant problem that we tackle with our work is the following. The basic
body shape (i.e., the body shape in T-pose) of a person does not change within a
single video. However, most state-of-the-art Human Mesh Estimation (HME) models
output a slightly different, thus inconsistent basic body shape for each video frame.
Furthermore, we find that state-of-the-art 3D HPE models outperform HME models
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9 3D Human Pose and Mesh Estimation with Consistent Body Shapes

regarding the precision of the estimated 3D keypoint positions. We solve the problem
of inconsistent body shapes by leveraging anthropometric measurements like taken by
tailors from humans. We create a model called A2B that converts given anthropometric
measurements to basic body shape parameters of human mesh models. By combining
the A2B model results with the keypoints of 3D HPE models using inverse kinematics
(IK), superior and consistent human meshes can be obtained. We evaluate our approach
on challenging datasets like ASPset or fit3D, where we can lower the MPJPE by over
30 mm compared to state-of-the-art HME models. Further, replacing estimates of the
body shape parameters from existing HME models with A2B results not only increases
the performance of these HME models, but also guarantees consistent body shapes.
Moreover, using A2B body shape parameters instead of HME models’ estimates not only
increases the performance of these HME models, but also leads to consistent body shapes.
IK created meshes with A2B body shapes can in turn be used for fine-tuning HME models
on datasets without mesh annotations, which improves the HME performance by 12 mm
on ASPset.1

9.1 Introduction

Creating an accurate 3D human mesh from monocular images or videos creates new
opportunities in fields like 3D animation, gaming, fashion, sports, etc. In many of these
application fields, videos are of main interest. While applying HME to videos, analyses
of results of state-of-the-art HME models show that the basic body shape of the meshes
of the same person differs from frame to frame.2 Worse, an analysis of currently used 3D
mesh and pose datasets reveals the same inconsistencies in the provided ground truth
data. For a precise body posture analysis, as it is necessary in many sports disciplines, an
exact model of the athlete’s body shape is required. Therefore, most professional athletes
are measured anthropometrically during performance assessments today. Moreover, the
body shape of an actor performing motions for 3D animations needs to be consistent as
the basic body shapes does not change during performances. Thus, the changing body
shapes of HME models for the same person are highly unwanted and simply wrong.

Our work aims to create a single perfectly fitting basic body shape for each human
and reuse it for all videos with this person. Measuring the human body has already
been done for centuries to fit suits or dresses perfectly to a specific body shape. In many
applications, measuring the person in action beforehand would add only a marginal
overhead, but improves the results dramatically. For this reason we propose to use these
measurements. Body shape parameters of common human mesh models like SMPL-X
[69] are not human interpretable, as discussed in Section 9.4. Therefore, it is not possible
to obtain the perfect body shape parameters by anthropometric measurements. Hence,
we train a machine learning model (called A2B, anthropometric measurements to body

1The code for this chapter is publicly available at https://github.com/kaulquappe23/a2b_human_

mesh.
2The body shape in a given pose is usually modeled by a basic body shape (given in T-pose) plus
an additional pose-dependent deformation. We call the basic body shape just body shape in the
following, as the pose-specific correction is computed from the pose and does not need to be estimated.
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OursSMPLer-X

Ex
am

pl
e 

1
Ex

am
pl

e 
2

X Regressed keypoints

X Ground truth keypoints

/  Corresponding keypoints

Figure 9.1: Two qualitative examples from the ASPset sports dataset. The result from a state-
of-the-art HME model, SMPLer-X [7], is shown on the left, the result from our
model on the right, respectively. ground truth joints and estimated joints are color-
coded. Corresponding joints are connected.

shape) to translate those measurements into body shape parameters for HME. With
this approach, measuring a person once creates the body shape that can be used for all
frames in all evaluation videos.

Contemporary HME models are performing well on everyday data. However, in more
challenging scenarios like sports, their performance is inferior to fine-tuned state-of-the-
art 3D HPE models. 3D HPE models only predict 3D keypoints resulting in a stick-figure
pose, whereas HME models output a posed mesh including the human’s surface. Due to
the lack of ground truth meshes, HME models cannot be trained on datasets with solely
3D keypoint annotations. The usage of synthetic data is emerging in the field, but is not
applicable to challenging or specific scenarios like sports. In this chapter, we propose a
solution to that problem. With our A2B model and anthropometric measurements, we
can now create the body shape parameters of humans needed for HME. We further apply
inverse kinematics (IK) to produce the rotations that are missing in the 3D stick-figure
model that is created by 3D HPE models. IK takes 3D poses as an input and outputs pose
and shape parameters. Discarding the IK shape parameters and replacing them with
our A2B body shape, we are able to generate human meshes that have a consistent body
shape and a precise pose. The main goal is to estimate the best possible human mesh
with a consistent body shape by adding the marginal overhead of measuring humans.
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9 3D Human Pose and Mesh Estimation with Consistent Body Shapes

Since our main focus is sports, this overhead is negligible, as professional athletes are
commonly measured anyway. We show qualitative examples of our model and a state-of-
the-art HME model, SMPLer-X [7], in Figure 9.1. Moreover, we show that by replacing
the estimated body shapes of existing HME models with our A2B results, the results
of the models can be improved and a consistent body pose is achieved. Our approach
is generally applicable to any HME problem. We choose sports datasets to validate our
proposed approach, since the poses in sports are challenging for existent HME models
and athletes are measured. The performance of existing HME models is currently not
good enough to use them in performance assessments of athletes, which we try to change.

Our contributions can be summarized as follows:

• We reveal inconsistencies in the ground truth data of ASPset [67] and fit3D [26].
The body shape of a single person varies mistakenly in the ground truth.

• We create and evaluate different models to convert between anthropometric mea-
surements and SMPL-X body shape parameters. We call these models A2B. We
introduce a possibility to convert from those measurements to body shape param-
eters. The reverse direction, B2A, is a deterministic function of the human mesh,
as the anthropometric measurements are a direct result of the mesh.

• We analyze and compare the performance of existing HME models on ASPset and
fit3D. Replacing the estimated body shape parameters (and keeping the pose) of
each HME model with A2B body shape parameters increases the performance of
all models.

• With fine-tuned state-of-the-art 2D and 3D HPE models [98, 21], IK, anthropo-
metric measurements, and our A2B model, we estimate accurate human meshes
with a consistent body shape. We show that this approach achieves superior re-
sults to state-of-the-art HME models, although still evaluated on the inconsistent
ground truth.

• We generate pseudo ground truth meshes by applying IK to 3D ground truth
poses. With these meshes, fine-tuning HME models is now possible. We show
exemplary with one HME model that such a fine-tuning can improve the results
for the specific dataset.

9.2 Related Work

Human Mesh Estimation (HME) is an active area of research. Body models like SMPL
[51] and its successor SMPL-X [69] are broadly used. An in-depth explanation of SMPL-
X can be found in Section 8.2. The advantage of these models is that they decouple
human pose and shape. The pose parameters θ give the rotation of the joints relative to
the parent joint. The shape parameters β model the basic body shape. At first, a mesh
is created with a linear mapping from β parameters to a T-shaped pose. Next, some
pose-specific shape deformations are applied, and then the mesh is rotated at the joints
according to the θ parameters.
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9.2 Related Work

Along introducing SMPL-X, Pavlakos et al. [69] propose the first HME model that es-
timates SMPL-X meshes from images. This model, called SMPLify-X, detects 2D image
features and then fits an SMPL-X model to these. To achieve that, they incorporate
a pose prior trained on a large motion capture dataset and an interpenetration test.
A more recent model for HME is Multi-HMR [2]. It predicts 2D heatmaps for person
centers and based on that the human mesh with a human prediction head. OSX [49]
is another HME model. It uses a component aware Transformer that is composed of
a global body encoder and local decoders for face and hands. Cai et al. [7] introduce
a generalist foundation model for HME called SMPLer-X, which is trained on a large
amount of datasets and mainly uses Vision Transformers. There is a multitude of other
recent HME models, some focussing more on whole-body HME [16, 24, 65], others on
multi-person HME - either with a two stage approach using a person detector and a
single person human mesh estimator [14, 29, 73], or a single stage approach estimating
the meshes of all persons at once [72, 85, 103].

Choutas et al. [15] realized that existing HME models focus more on the body pose
than the shape, although the shape is equally important for many applications. They
propose SHAPY, a model that uses anthropometric and linguistic attributes to create
accurate body shapes. Moreover, Sarkar et al. [77] introduce SoY, which contains specific
loss functions to enhance the output’s body shape accuracy. They further propose a
refinement step during test time that enhances the shape quality even more. KBody
[104] follows a predict-and-optimize approach for HME. It leverages virtual joints in
order to achieve that and focuses on pixel alignment to accurately capture the shape
of the human. AnthroNet [71] propose a new body model that is learned with an end-
to-end trainable pipeline. It takes anthropometric measurements as an input to learn
a mesh model that accurately captures shapes of humans, but this model is different
from the commonly used SMPL-X model. Sengupta et al. [78] include a learned linear
regressor from anthropometric measurements to body shape parameters in their image
based HME model.

Inverse kinematics (IK) are common in the field of robotics. In the last years, 3D
HME approaches leveraged IK to enhance their output. HybrIK [44] transforms 3D
joint coordinates to relative body-part rotations for 3D HME by using a twist-and-
swing decomposition. HybrIK-X [42] further enhances HybrIK with expressive face and
hands. Cha et al. [8] leverage IK to tackle the challenge of person-to-person occlusions in
images with interacting persons. PLIKS [79] (Pseudo-Linear Inverse Kinematic Solver)
approaches HME as a model-in-the-loop optimization problem by analytically recon-
structing the human model via 2D pixel-aligned vertices in an IK-like manner. NIKI
[41] tries to unite robustness to occlusions and pixel-aligned accuracy in non-occlusion
cases by modeling bidirectional errors. NIKI can learn from both the forward and in-
verse processes, whereby it emulates the analytical inverse kinematics algorithms with
the twist-and-swing decomposition for better interpretability.

Although HME is an active area of research, it is yet not common in computer vision
for sports. Due to high velocities and a great variation of poses, sports is a challenging
scenario for all kinds of human pose and shape estimation. The fit3D dataset [26] is a
dataset which consists of videos from gym sports exercises with repetitions and is anno-
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9 3D Human Pose and Mesh Estimation with Consistent Body Shapes

ASPset fit3D
Measure σ r. σ r. range Measure σ r. σ r. range

head 0.91 5.98% 57.91% head 0.73 2.73% 17.52%
hip width 1.71 9.48% 85.46% hip circ. 0.87 0.84% 8.17 %
forearm 1.99 8.37% 92.04% forearm 0.34 1.40% 9.24%

upper arm 1.72 6.29% 66.35% arm 0.76 1.51% 9.42%
lower leg 1.44 3.60% 41.36% lower leg 0.52 1.31% 13.80%

thigh 1.65 4.23 % 35.46% thigh 0.43 1.17% 11.74%
height 1.60 0.94% 8.69%

β param. 0.64

Table 9.1: Ground truth data analysis for ASPset (left) and fit3D (right): Standard deviation
σ, relative standard deviation σ

avg and relative range max−min
avg of anthropometric

measurements. Standard deviations are given in cm, but not for the β parameters.
The values are averaged between left and right body parts and between all persons
from the respective dataset that we use in our evaluations (see Section 9.5). The β
parameter standard deviation is averaged over all β parameters.

tated with human meshes. AIFit [26] is a tool trained on fit3D which can reconstruct
3D human poses, reliably segment exercise repetitions, and identify the deviations be-
tween standards learned from trainers, and the execution of a trainee to give feedback
to trainees. Other sports datasets only consist of 3D joint annotations, like ASPset [67]
or SportsPose [37]. SportsCap [11] is an approach for simultaneously capturing 3D hu-
man motions and understanding fine-grained actions from monocular challenging sports
videos. Moreover, Baumgartner et al. [3] make use of partial sports field registration to
enhance 3D HPE results for athletes running on a track. More common are daily life
datasets like Human3.6M [38] or MPI-INF-3DHP [64]. They consist of everyday activi-
ties like discussing, walking, talking on the phone, etc., which are not as challenging as
sports activities with faster motions and a broader range of poses.

9.3 Analysis of Errors in 3D Human Ground Truth

Each person has a specific basic body shape that does not change over a short time
period. Therefore, the SMPL-X body model decouples the human pose encoded by θ
parameters from the basic body shape encoded by β parameters. Deformations to the
basic body shape that are caused by the current pose are modeled separately. Therefore,
it makes sense to assign a single set of shape parameters β to a person for a given short
time period such as a recorded action to describe his/her shape. Further, there are
lengths that can be calculated from 3D joints that should never change, since individual
bones of humans are rigid and should not be deformed by different poses. Our approach
enforces a single set of shape parameters per person and immutable bone lengths.

As a first step, we analyze if the ground truth data of our used datasets fulfills these
properties. In this work, we use ASPset [67] and fit3D [26], since both datasets consist
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MPI-INF-3DHP
3D joint annotations SMPL-X annotations (NeuralAnnot)

Measure σ r. σ r. range Measure σ r. σ r. range

head 0.19 1.03% 2.08% head 0.21 0.75% 4.87%
hip width 0.22 0.89% 1.80% hip circ. 1.16 1.16% 9.13 %
forearm 0.21 0.87% 1.77% forearm 0.45 1.80% 9.75%

upper arm 0.29 0.90% 1.82% arm 0.83 1.59% 8.19%
lower leg 0.60 1.49% 3.06% lower leg 1.05 2.56% 11.54%

thigh 3.83 7.91 % 41.90% thigh 0.77 2.02% 9.47%
height 2.76 1.56% 8.24%

β param. 0.18

Table 9.2: Ground truth data analysis for MPI-INF-3DHP [64]. Bone length analysis based on
the 3D joint locations (left) and on SMPL-X annotations by NeuralAnnot (right).
Standard deviation σ, relative standard deviation σ

avg and relative range max−min
avg

of anthropometric measurements are reported. Standard deviations are given in cm,
despite for the β parameters. The values are averaged between left and right body
parts and between all persons in each dataset. The β parameter standard deviation
is averaged over all β parameters.

of videos with fast changing poses and 3D ground truth. Results for the Human3.6M
[38] and MPI-INF-3DHP [64] datasets are presented in the next paragraph. For ASPset,
we analyze bone lengths, since it has only ground truth annotations for 3D joints. For
fit3D, ground truth SMPL-X β parameters are available, hence we can analyze the β
parameters directly and further the derived anthropometric measurements. These values
are the output of our deterministic B2A function: It generates a standard T-pose with the
given β parameters and computes 36 anthropometric measurements from the resulting
mesh. Results of our ground truth analysis for a subset of the anthropometric values
are shown in Table 9.1. We can see that the ground truth itself is not consistent. The
deviations are larger for ASPset. Although we have ground truth SMPL-X meshes for
fit3D, every β parameter of a single person has a standard deviation of 0.64 on average.3

ASPset reveals a standard deviation of 1.44 cm to 1.99 cm for all limbs (forearm, upper
arm, lower leg, thigh).

Compared to the average length of such a body part, this is a large deviation. The
deviation in relation to the average size is given by the relative standard deviation
in the table. The relative range denotes the range of the lengths that appear in the
ground truth in relation to the average length. This value is not robust to outliers, but
shows that lengths contained in the ground truth vary a lot, especially the length of the
forearm and the hip width for ASPset, which have a relative standard deviation of over
8% and a relative range of over 85%. This is a relevant flaw in the ground truth shape
annotation, since based on the model, the ground truth shape should be consistent for

3Averaged standard deviation means (in the whole chapter) that the standard deviation is calculated
per person over all video sequences, and the mean of the resulting standard deviations is calculated
afterwards.
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9 3D Human Pose and Mesh Estimation with Consistent Body Shapes

each human. Nevertheless, we use the given inconsistent ground truth for our evaluations
for comparability with related work and as we have no good means to correct them. The
reader should keep this in mind.

We further analyze the ground truth shape consistency for the common datasets Hu-
man3.6M [38] and MPI-INF-3DHP [64]. We find that for Human3.6M, the bone lengths
derived from the 3D annotations are fixed and contain no errors, but not for MPI-
INF-3DHP. Therefore, we do not report the deviations of 3D joint annotations for Hu-
man3.6M, since there are none. We further evaluate the SMPL-X annotations for both
datasets provided by NeuralAnnot [66] which are used by HME models as ground truth
for training. See Tables 9.2 and 9.3 for details. In total, the deviations are smaller than
for the sports datasets. This might be due to the fact that the poses are less dynamic
and the movements are slower. The original 3D joint annotations of Human3.6M are
well-prepared and contain no error, but the annotations of MPI-INF-3DHP contain er-
rors, especially the thigh length is very inconsistent. The SMPL-X annotations provided
by NeuralAnnot that are broadly used for HME training also contain inconsistencies
for both Human3.6M and MPI-INF-3DHP. For example, the standard deviation of the
height of a person is 2.76 cm for MPI-INF-3DHP and 3.40 cm for Human3.6M, which
should not be the case. Therefore, we want to encourage future research in the field of
3D human pose and mesh data collection to try to eliminate these flaws in the provided
ground truth.

Human3.6M: SMPL-X annotations (NeuralAnnot)
Measurement σ r. σ r. range

head 0.41 1.51% 10.28%
hip circ. 1.24 1.19% 8.90%
forearm 0.83 3.30% 27.93%

arm 0.77 2.58% 22.88%
lower leg 0.43 1.18% 12.20%

thigh 0.66 1.27% 9.43%
height 3.40 2.06% 15.66%

β param. 0.20

Table 9.3: Ground truth data analysis for Human3.6M [64]: Analysis of SMPL-X annotations
by NeuralAnnot. Standard deviation σ, relative standard deviation σ

avg and relative

range max−min
avg of anthropometric measurements are reported. Standard deviations

are given in cm, despite for the β parameters. The values are averaged between left
and right body parts and between all persons in each dataset. The β parameter
standard deviation is averaged over all β parameters.

9.4 From Anthropometric Measurements to Body Shape

Humans have been measured for centuries [19]. Tailors know exactly which measure-
ments to take for perfectly fitting a suit or dress to the body shape of a customer. In
sports, it is already common practice that professional athletes are measured for precise
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performance assessments. Measuring a human is easy and well understood. In contrast,
the parameters of the body shape for human mesh models like SMPL-X [69] are not hu-
man interpretable. The β parameters describe the principal components of the human
body shape with typically around 10 to 16 values and are the result of a PCA executed
on the human meshes of a training dataset while learning the SMPL-X model. Fixing
all β parameters except for one and looking at the results lets human observers get a
notion of what this parameter might mean, see Figure 9.2 for an example, but in total,
the β parameters and their interactions are not well interpretable. Therefore, we want
to leverage the well established technique of measuring humans to create precise body
shape parameters for the commonly used SMPL-X human mesh model. We call our
approach to convert from 36 Anthropometric measurements to Body shape parameters
A2B. Since there is no known relation between anthropometric measurements and β
parameters, our aim is to learn this mapping. The reverse direction, B2A, is a determin-
istic function of the human mesh, as the anthropometric measurements can be measured
from the mesh.

Figure 9.2: Visualization of changing the first three β parameters while keeping the rest of the
β parameters fixed. [51]

9.4.1 Data Generation

We select the anthropometric measurements for our models based on the selections of
AnthroNet [71] and an anthropometry study of the U.S. army [31]. In total, 36 mea-
surements are selected. They can be categorized into 23 lengths and 13 circumferences.
All measurements are taken based on the standard SMPL-X T-pose. The reference
landmarks are chosen by matching the vertices on the default mesh with the landmarks
defined by the anthropometric survey of the U.S. army personnel [31]. A visualization of
the landmarks can be found in Figure 9.3. The lengths are calculated by computing the
Euclidean distance between two landmarks, or the difference along the coordinate axis
pointing upwards for certain heights. The lengths are visualized in Figure 9.4. Table 9.4
lists the enclosing landmarks for each length. To measure the circumferences, we adopt
the code from [5]. For each measurement, a plane is created, the intersection between the
mesh and the plane are extracted and the convex hull of the result is calculated. During
this process, the mesh is restricted to the body part to be measured. A visualization
of the circumferences can be found in Figure 9.5 and a list of the landmarks and the
normal vectors spanning the plane in Table 9.5.
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9 3D Human Pose and Mesh Estimation with Consistent Body Shapes

Idx Length Name From To

1 Shoulder width Left shoulder tip (left acromion) Right shoulder tip
2 Back torso height Cervicale Back belly button
3 Front torso height Suprasternale (top of the breastbone) Belly button
4 Head Head top Cervicale
5 Midline neck Chin Suprasternale
6 Lateral neck Center between the ears Cervicale
7 Height Head top Center between heels

8/9 Hand right/left Center between middle and ring finger Stylion rotated downwards
10/11 Arm right/left Acromion Wrist
12/13 Forearm right/left Elbow Stylion rotated downwards
14/15 Thigh right/left Outer point at the femur (Trochanterion) Knee cap
16/17 Calf right/left Knee cap Ankle
18/19 Foot width right/left Small toe Big toe
20/21 Heel to ball right/left Heel Ball
22/23 Heel to toe right/left Heel Big toe

Table 9.4: Definitions of lengths by their two enclosing landmarks.

Figure 9.3: Visualization of the used landmarks for a standard T-pose SMPL-X mesh in front
view (left) and side view (right).

126



9.4 From Anthropometric Measurements to Body Shape

Figure 9.4: Visualization of used lengths for a standard T-pose SMPL-X mesh in front view
(left) and side view (right).

Figure 9.5: Visualization of used circumferences
for a standard T-pose mesh in front
view.

Many existing datasets provide a wide
range of different poses, but most incor-
porate the same humans. For learning
a conversion model from anthropomet-
ric measurements to β parameters, we
need a lot of samples for different hu-
mans, no matter the pose. With given
shape parameters, we can use the B2A
function to compute the measurements.
Recall, B2A is a deterministic function
measuring the anthropometric measure-
ments from meshes in T-pose.

Because many different body shapes
are required for the learning process, we
use the AGORA [68] dataset. It consists
of 1447 male and 1588 female subjects.
We are not able to use the larger dataset
from AnthroNet [71], since it uses its
own mesh model and the authors did not
publish their conversion to the SMPL-X
model, which we want to use as it is most
commonly used in research. Although
comparably large, 1447/1588 subjects is
still only a little amount of data to learn
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Idx Circumference Normal Vector Position

1 Waist Up Belly button
2 Chest Up Nipple
3 Hip Up Pubic bone
4 Head Up Head temple
5 Neck Spine to head Adam’s apple

6/7 Upper Arm Shoulder to elbow Center of the bicep
8/9 Forearm Elbow to wrist Widest point of the forearm

10/11 Thigh Up Center of the thigh
12/13 Calf Up Widest point of the calf

Table 9.5: Definitions of circumferences by landmarks and the normal vector spanning the
plane.

a model. Hence, we analyze the β parameters in the AGORA dataset with the aim to
randomly sample more data with realistic body shapes. Histograms (see Figure 9.6) of
the occurring β parameters show that their distribution roughly follows a normal distri-
bution. Therefore, we train our models with randomly sampled data according to these
distributions, either assuming a normal distribution fitted to the histograms or a uniform
distribution with the same minimum and maximum values as in the data analysis. This
means that we sample each β parameter according to the selected distribution, create
the mesh according to the sampled values and derive the measurements with B2A. With
this strategy, we can create a dataset with as many subjects as we need. As we do not
expect the analyzed AGORA data to cover the full range of human body shapes, we
also train with extended distributions, meaning that we increase the standard deviation
σ to αnσ in the case of a normal distribution or stretch the interval by a factor αu in
case of a uniform distribution.

9.4.2 Models

We use the same number of β parameters for each gender as used in the AGORA dataset,
meaning 11 for male, 10 for female, and 16 for neutral subjects. With 36 measurements
as input values and 10–16 output values for our A2B models, the dimensionality of the
data is low. Therefore, we experiment with Support Vector Regression (SVR) and with
small neural networks (NNs). We split the AGORA dataset in an 80% train, 15% test
and 5% validation subset. For SVR, we additionally randomly sample 10, 000 subjects
for training. We use a hyperparameter search based on the validation split to determine
the optimal settings, which leads us to a radial basis function kernel, an error margin of
ϵ = 0.012 and a regularization constant of C = 3791. For the NNs, we randomly sample
new data in each iteration. The hyperparameter search for the NNs results in a model
with 4 layers, 330 neurons per layer, tanh as activation function, and Xavier Glorot as
initialization. We use mean squared error on the model output (the β parameters) as
training loss.
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Figure 9.6: Histograms and fitted normal distribution (orange) for the first three β parameters
for all male (left) and female (right) subjects of the AGORA [68] dataset.

9.4.3 Results

We train each model (NN and SVR) for each gender and with different dataset variants:
We train solely on the AGORA train split, as well as on uniformly and normally dis-
tributed randomly sampled data according to the data analysis, and we further extend
the range of the data as described in Section 9.4.1 with αn = αu = 1.5. The results
are displayed in Table 9.6. We evaluate the performance of our models in two ways. At
first, we calculate the error of the predicted and ground truth β parameters. Second,
we calculate the mean deviation of the anthropometric measurements of the meshes
from the predicted and ground truth β parameters (A). Therefore, this evaluation can
further be seen as a kind of cycle consistency evaluation of A2B (our learned model)
and B2A (the deterministic measuring function). Figure 9.7 provides a visualization of
the evaluation scheme. The part that is also included in the training is highlighted.

A2B

GT Anthropometric 
Measurements AGT Shape β

A2B Shape ̂β
A2B Anthropometric 

Measurements ̂A
B2A

B2A

Anthropometric Error Parameter Error

(Train Loss)

β

Figure 9.7: Visualization of the A2B evaluation and training procedures. The training part is
highlighted with thicker arrows.
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9 3D Human Pose and Mesh Estimation with Consistent Body Shapes

The anthropometric error A is our main metric as these values reflect the desired body
shape given as an input by the user and are further interpretable. The β parameters are
arbitrary in their scale. For all genders and SVR, using an extended uniformly sampled
dataset works best. For the NNs, a uniformly sampled dataset works best for male (m)
and female (f) genders and an extended normally sampled dataset for the neutral (n)
meshes. The results for the neutral model are worse in general, especially in the case of
the NNs, which might be due to the fact that the neutral model needs to express a more
diverse range of body shapes. Furthermore, the SVR achieves better results for all gen-
ders. Thus, we use these models for all datasets, without any fine-tuning or adaptation
to specific datasets.

β-Error A-Error
Model train data m f n m f n

NN AGORA 9.11 13.9 24.0 0.814 0.934 1.459
NN normal 2.62 4.34 18.0 0.356 0.392 1.711
NN normal ext. 1.87 3.69 14.8 0.248 0.285 1.384
NN uniform 5.08 1.25 18.3 0.243 0.268 2.381
NN uniform ext. 1.61 3.20 16.3 0.274 0.419 1.774

SVR AGORA 2.56 16.1 3.82 1.659 5.195 2.557
SVR normal 4.08 17.8 59.0 2.975 4.303 14.63
SVR normal ext. 0.210 4.60 6.27 0.280 1.090 2.211
SVR uniform 0.0396 0.0350 0.162 0.124 0.284 0.214
SVR uniform ext. 0.0252 0.0193 0.306 0.082 0.136 0.164

Table 9.6: Results of our A2B models on the test split of the AGORA dataset. The first block
(β) shows the error if we take the ground truth β parameters, derive anthropometric
measurements (B2A), input them into the A2B models and evaluate the MSE of the
predicted β parameters in the scale 10−3. The second block (A) calculates B2A from
the predicted β parameters and evaluates the mean difference between the ground
truth and predicted anthropometric measurements (all 36) in mm. Results are given
for m(ale), f(emale), and n(eutral) models.

9.5 Leveraging A2B Model Results for HME

Now that we have trained the A2B models, we can use them to generate precise body
shape parameters upfront and reuse them for every evaluation of a specific person. In
the next section, we describe how the A2B results can be used to improve existing HME
models (see Section 9.5.1). Further, we introduce a new approach to HME (see Section
9.5.2). We leverage the good performance of a sequence-based 2D-to-3D uplifting HPE
model and convert the 3D stick-figure poses to human meshes with the help of our A2B
models. With this approach, we achieve superior results compared to existing HME
models. However, we want to emphasize that our approach is not exactly comparable to
existing ones since it uses the additional information of anthropometric measurements.
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9.5 Leveraging A2B Model Results for HME

Since the performance of existing HME approaches is not good enough to be used for
sports analyses, our main goal is to achieve the best possible performance with marginal
additional information. As professional athletes are measured anyway, this results in no
actual overhead in these use cases.

We evaluate all models on ASPset [67]. This 3D human pose dataset consists of
various different sports motion clips performed by different subjects and recorded from
three camera perspectives. We evaluate on the test set, which contains two subjects
and 30 videos for each subject. In the test set, only one camera perspective is public,
so we evaluate on this perspective. Evaluating SMPL-X meshes for ASPset is non-
trivial. Regressing standard SMPL-X joints from SMPL-X meshes is built-in, but for all
other keypoint definitions it is necessary to define a custom regressor. Since there is no
regressor available for ASPset, we create a custom SMPL-X regressor with the method
presented by Russo et al. [75] for the keypoints head, head top, neck, l./r. hip, and
torso. For left ankle and elbow, we mirror the corresponding right regressor, as it is not
the exact mirrored version in the standard regressor.

We further evaluate on fit3D [26], since this is the only sports dataset with public
SMPL-X annotations. Meshes and SMPL-X joints are evaluated since they are available.
We select a subset of 37 SMPL-X joints. Since our focus is mainly on the body and not
on the hands and face, we remove a lot of these joints. The used joints for the MPJPE
calculation are pelvis, left hip, right hip, spine1, left knee, right knee, spine2, left ankle,
right ankle, spine3, left foot, right foot, neck, left collar, right collar, head, left shoulder,
right shoulder, left elbow, right elbow, left wrist, right wrist, left index, left thumb, right
index, right thumb, left big toe, left small toe, left heel, right big toe, right small toe,
right heel, right eye, left eye, right ear, left ear, nose. Further, we consider only the main
body pose for Mean Vertex Error (MVE) calculation. This means that we ignore the
specific pose of the hands and face, since our focus is mainly on the body and we do not
estimate the hand and face pose in our approach.

Hence, we achieve a fair comparison with this evaluation scheme. For both datasets, we
do not have access to the athletes to take their anthropometric measurements. Therefore,
we simulate athlete measuring by measuring the ground truth meshes. Details can be
found in Section 9.5.2.2. Since there is no ground truth available for the official test set
evaluation on the evaluation server of fit3D, we split the official training dataset into a
training, validation, and test set for our evaluations. We perform a leave-one-out cross
validation and average the results.

Sports datasets differ from most commonly used everyday activity datasets in the
aspect that the poses are more diverse and the motions are faster, which makes sports
datasets more difficult. In some cases, the poses are so difficult that some models do not
detect a human at all. This makes a fair evaluation hard, since the standard MPJPE
metric takes the mean of the joint position errors. Assuming a default pose for all
frames where no person is detected would result in a very high error that shifts the
mean enormously. Hence, we report the MPJPE only on the frames where persons are
detected. Since mostly difficult frames are omitted, this will result in a slightly easier
setting for methods that find fewer persons, but we include the number of missing frames
in our results for comparison.
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Model orig. ↓ σ ↓ A2B ↓
no r. ↓

NN m SVR m NN n SVR n

A
S

P
se

t SMPLer-X 86.0 2.9 78.9 78.5 78.4 78.5 0.11%
OSX 92.3 0.2 89.6 89.3 89.4 89.6 0.10%

Multi-HMR 102.5 3.6 100.0 100.3 99.3 99.5 0.44%
SMPLify-X 138.2 13.0 127.7 127.4 126.8 126.9 0.02%

fi
t3

D OSX 94.2 3.9 88.9 88.6 87.1 87.2 3.45%
Multi-HMR 74.6 3.3 69.6 69.6 68.0 68.4 1.54%

Table 9.7: MPJPE results in mm for existing models on the test splits of ASPset (top) and fit3D
(bottom). The second column (orig.) contains the original results, the other columns
show results with replaced β parameters from our A2B models with pseudo
ground truth anthropometric measurements as input and either gendered (g)
or neutral (n) meshes, and the percentage of frames with no result (no r.). The σ
column displays the mean standard deviation of the body height per subject in cm
for the original results, while all A2B body shapes have σ = 0.

9.5.1 Improving HME Model Results

A major problem for HME based analyses is a varying basic body shape within a single
video. Existing HME models output different β parameters for each frame. Exemplarily,
we show the standard deviation of the body height of one subject in Table 9.7. Recall
that these measurements and β parameters are based on a T-pose mesh, hence varying
poses have no influence on measuring and β parameters. Using β parameters generated
with A2B models solves this problem. The necessary 36 measurements are either mea-
sured from the human directly as already done for most professional athletes, or real
measurements are simulated as explained in Section 9.5.2.2. We combine existing HME
models with the body shape estimated by our A2B models by replacing the estimated
β parameters with the ones predicted by the A2B models. We select three recent well
performing models on the AGORA dataset (SMPLer-X [7], OSX [49], Multi-HMR [2]),
and the first HME method developed by the SMPL-X authors, SMPLify [69]. Since
SMPLer-X is trained on the official training data of fit3D, an evaluation with this model
is not meaningful, and we omit it here. Moreover, SMPLify-X is not state of the art
anymore and achieved the worst results for ASPset. Therefore we omit it, too.

The first evaluation contains the original result from the respective model, and eval-
uations where the pose from the model is kept, but the β parameters are replaced with
the A2B body shape parameters with pseudo ground truth input. Results are displayed
in Table 9.7. The results for the MVE of the meshes for fit3D are included in Table 9.9.
We can see that for all models, replacing the estimated β parameters by β parameters
from our A2B models with pseudo ground truth input leads to an improvement. For one
model, the gendered meshes outperform the neutral ones and for all other models, the
neutral meshes perform best. We use the correct gender (male or female) of the subject
in the gendered results in all tables of this chapter. Interestingly, the NN outperforms
the SVR for all neutral experiments, although the SVRs achieved better results on the
AGORA dataset evaluation. The reason could be that the difference in the anthropo-
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Model orig. ↓ median ↓ A2B ↓
no r. ↓

NN m SVR m NN n SVR n
A

S
P

se
t SMPLer-X 86.0 86.0 85.9 85.7 86.0 86.0 0.11%

OSX 92.3 92.4 92.4 92.2 92.3 92.4 0.10%
Multi-HMR 102.5 102.1 102.6 103.0 102.1 102.2 0.44%
SMPLify-X 138.2 133.6 133.8 133.5 133.6 133.5 0.02%

fi
t3

D OSX 94.2 93.0 95.0 94.8 93.2 93.0 3.45%
Multi-HMR 74.6 73.9 75.8 76.1 73.9 74.1 1.54%

Table 9.8: MPJPE results in mm for existing models on the test split of the ASPset (top)
and fit3D (bottom) datasets. The second column contains the original results, the
other columns results with replaced β parameters. Either the median β parameters
are used or the results from our A2B models with median anthropometric
measurements from the respective model as input. The percentage of frames
with no result is mentioned in the last column (no r.).

metric error between the models is very small and not significant for downstream tasks.
SMPLer-X achieves the best results for ASPset and Multi-HMR for fit3D, both with a
significant margin. OSX performs worse on fit3D than on ASPset, but Multi-HMR per-
forms better by a large margin and surpasses OSX. All methods benefit from our A2B
β parameters based on pseudo ground truth with MPJPE improvements from 11 mm
to 3 mm regarding both datasets and MVE improvements of approx. 8 mm regarding
fit3D.

Although it is not our main goal, we further evaluate the capabilities of a fixed body
shape without available ground truth measurements to ensure consistent body shapes in
the case that no measurements are available. The simplest approach is to use the median
of the β parameters across all frames of the respective model. However, the β parameters
have no real meaning. Therefore, we compare this approach to taking the median of the
anthropometric measurements of the generated meshes and then converting them to
β parameters via the A2B models. Results are displayed in Table 9.8. For SMPLer-
X and OSX, using the median β parameters lead to equal or even worse results on
ASPset. Regarding ASPset, using our A2B models increases the performance of all
models slightly. Switching from the neutral output that these models all have to a
gendered model works best in most of these cases, but the neutral A2B models also lead
to a marginal improvement. Regarding fit3D, using the median β parameters already
enhances the MPJPE and MVE results. Using β parameters from an A2B model leads
to the same improvement for both metrics, OSX achieves the best results with SVR and
the neutral model, Multi-HMR with NN and the neutral model. Hence, our A2B models
can be used to improve the results of existing models in most cases.

Anthropometric measurements can further be used to easily convert between neutral
and gendered (male or female) models. In contrast, β parameters are not transferable
between models of different genders. Using the same β parameters for a male and neu-
tral model would result in a completely different body shape. Therefore, until now, the
conversion could only be achieved by minimizing the MVE between meshes of different
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genders in an iterative process and obtaining the new β parameters with the least MVE
after the process finishes. Now, we can use the B2A function to obtain measurements
for a mesh of one gender and apply the A2B model of the other gender to these anthro-
pometric measurements in order to get the corresponding β parameters for the other
gender.

9.5.2 HME with Sequence Based 3D HPE and A2B

All evaluated HME models are working image-wise. In contrast, state-of-the-art 3D HPE
models obtain 2D poses from all video frames and take long sequences of 2D poses as
an input, which helps to capture movements precisely. The models are called uplifting
models, since they lift 2D pose sequences to 3D pose sequences. We use the efficient
state-of-the-art 3D HPE model uplift and upsample (UU) [21] to estimate the 3D poses
on videos. To estimate the required 2D poses from the video frames, we use ViTPose [98],
a state-of-the-art 2D pose estimation model. It is important to note that UU operates
on pose sequences instead of single frames like the HME models in Section 9.5.1 and can
leverage the information of neighboring frames to estimate a more precise pose. Since
we have ground truth 3D joints available, we can fine-tune the models (ViTPose for 2D
HPE and UU for 3D HPE) on our data. This is also necessary to adapt the model to the
dataset specific joint definitions since many 3D HPE models like UU are pretrained on
datasets like Human3.6M [38], but those joint definitions do not match ASPset nor fit3D.
We fine-tune both 2D and 3D HPE models on the training subsets. On the test subsets,
UU achieves an MPJPE of 63.85 mm on ASPset and an MPJPE of 29.60 mm on fit3D,
which is better than the best existing HME model for both datasets (see Section 9.5.1).
However, UU only outputs 3D joints, no meshes. Moreover, a stick-figure 3D pose is not
sufficient to model the pose parameters θ of the SMPL-X mesh, since some rotations are
missing. Hence, it is impossible to calculate the necessary rotation parameters directly
from the UU result.

9.5.2.1 Inverse Kinematics for Full Pose Estimation

Therefore, we use the well established approach of inverse kinematics (IK) with a pose
prior to obtain the missing rotations by fitting an SMPL-X mesh to the 3D joint locations
estimated by UU. IK outputs the best SMPL-X parameters (β and θ) that fit the mesh
to the given k 3D joint locations p3D. Hence, IK can be formally defined as the following:

IK(p3D) = β, θ with β, θ = arg min
β,θ

LIK(p3D, β, θ). (9.1)

The output of the IK algorithm is a solution to the optimization problem, which is the
best fitting SMPL-X mesh to the given 3D joint locations under additional constraints.
Finding the optimal solution is achieved by a gradient descent minimization approach,
since the SMPL-X body model is a linear model.

We use the inverse kinematics approach with a VPoser extension, as proposed in
the code by Pavlakos et al. [69]. VPoser is a learned prior for human poses, since
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9.5 Leveraging A2B Model Results for HME

the raw SMPL-X model definition allows impossible poses for humans. VPoser has
learned plausible poses from the large AMASS [63] dataset and helps IK to generate
only plausible poses. IK finds the best SMPL-X parameters (β and θ) that fit the mesh
to the given 3D joint locations by minimizing the error LIK which consists of three parts:

LIK = λ1Ljoint + λ2LVPoser + λ3Lβ. (9.2)

The first loss term, Ljoint , calculates the distance between the given joint locations and
the regressed joint locations from the mesh. Let m = MSMPL-X(β, θ) be the SMPL-X
mesh and pm = r ·m the regressed 3D pose from the mesh. Then,

Ljoint =

k∑
j=1

∥∥p3Dj − pmj
∥∥2 . (9.3)

The other two loss components, LVPoser and Lβ, represent the sum of squared values of
the VPoser and β parameters, respectively. Penalizing the β parameters in this manner
is reasonable, as they are designed in the SMPL-X model to follow a normal distribution
centered at zero. Consequently, values closer to zero are statistically more probable,
which is enforced by the loss to encourage realistic body shapes.

VPoser is an autoencoder that encodes pose parameters θ into a lower-dimensional
latent space. The original θ parameters, represented in an axis-angle format, describe
3D rotations for 21 joints, resulting in a 63-dimensional vector. In contrast, the VPoser
latent space has 32 dimensions and is also normally distributed. Therefore, a lower sum
of squared elements in the VPoser latent space indicates a pose that aligns more closely
with the learned distribution.

The weighting factors are set to λ1 = 10, λ2 = 0.0007, and λ3 = 0.01 in our expe-
riments. We use relatively low values for λ2 and λ3, since sports datasets incorporate
extreme poses and our main interest is to achieve the most perfect pose.

We execute IK per frame, which results in a slight jitter between the frames, but
leads to more accurate joint positions. Since IK needs multiple iterations to adjust the
standard T-pose parameters to achieve a pose that is roughly close to the desired UU
pose, we speed up the process by initializing the pose and shape parameters with the
result from the previous frame if available. This also enhances the final result slightly.
We acknowledge that IK is relatively slow regarding the runtime, but our main focus is
the precision. For sport analysis, which is our focus, the runtime is not critical, but a
very precise result is crucial.

9.5.2.2 Generation of Ground Truth Shape Parameters

As we do not have access to the athletes of ASPset and fit3D to obtain real anthropo-
metric measurements, we need an alternative to simulate this process. For ASPset, as a
first step, we run IK on the ground truth 3D joint locations. From the generated meshes,
we obtain the necessary anthropometric parameters with B2A. Then, we use the median
values of these measurements as the ground truth anthropometric values. We call these
parameters pseudo ground truth throughout this chapter, since this is not directly the
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9 3D Human Pose and Mesh Estimation with Consistent Body Shapes

ground truth, but obtained from IK executed on the ground truth 3D joint locations
and the B2A computation from the created meshes. These parameters are used in this
chapter to generate the pseudo ground truth β parameters by A2B prediction.

We do not have access to the athletes of the fit3D dataset either. Therefore, we
need ground truth data to mimic measurements. Obviously, there is no ground truth
available for the official test set evaluation on the evaluation server. We therefore split
the official training dataset into a training, validation, and test set for our evaluations.
We perform a leave-one-out cross validation, therefore all eight athletes from the official
training dataset are used in our evaluation. With this selection, we have real ground
truth shape parameters available. We do not use these directly, since this would skip
the measuring process that is needed in real applications. Further, the ground truth
data is not consistent (see Section 9.3). Therefore, we apply B2A and use the median
measurements over time in order to simulate the measuring process and obtain a single
set of anthropometric measurements per person. In real applications, this step is omit-
ted because the anthropometric parameters can be measured directly from the athletes
before starting the recording.

We consider this strategy as a valid method for evaluations, since our main goal is to
improve the HME performance as much as possible with only marginal overhead. Our
main focus is sports, which contains extreme poses that let existing HME models fail,
sometimes even to detect a human at all. As professional athletes are measured anyway,
the additional effort for the measurements is negligible in this context.

Shape A2B
GT

IK

HME Model
Pose

3D keypoints

PosePosePose θi

Shape Shape Shape βi

parameters per frame

Anthropometric 
Measurements ̂A Shape ̂β

PosePosePosePose θi

Human MeshHuman MeshHuman MeshHuman Mesh

for our evaluation

for real applications
Real Human

or

because of 

missing 

rotations

copy

parameters

per person

Figure 9.8: Overview of our inference pipeline. The pose and shape parameters are obtained
either from IK applied to UU results (Sec. 9.5.2.3) or from an HME model (Section
9.5.1). In real applications, the anthropometric measurements will be taken directly
from the humans. For our evaluations, we use the ground truth shape parameters
and further experiment with the shape parameters of the respective model (IK or
HME).

9.5.2.3 Experiments and Results

We evaluate different experiments in Table 9.9. For comparison, we mention the UU 3D
HPE performance (first rows for each dataset in Tab. 9.9). These results correspond
to stick-figure poses and not the required meshes. Therefore, they are not directly
comparable to the other results.
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9 3D Human Pose and Mesh Estimation with Consistent Body Shapes

Our main approach is shown in the second rows in Table 9.9. We evaluate the results
of IK applied to the UU joint locations with original, median, and pseudo ground truth
based A2B β parameters. The real-world scenario corresponds to the following: Ground
truth measurements can be measured from the athlete directly and the 3D pose can be
estimated with UU and IK. The β parameters are estimated with the A2B models. A
visualization of this pipeline can be found in Figure 9.8.

We include the best result(s) from existing HME models in the respective last rows for
comparison and provide qualitative results in Figure 9.1, 9.9, and 9.10. Our approach
outperforms the best existing HME model for both datasets by a large margin. But we

Figure 9.9: Example detection result of our approach compared to Multi-HMR for fit3D. In the
upper row, we display the ground truth meshes in green and the estimated meshes
in gray. The ground truth joints are also displayed in green while the estimated
joints from our model are visualized in blue. The Multi-HMR joints are shown in
red. Corresponding joints are connected. We display the exact MPJPE values in
the top left of each frame. In the lower part, we show the estimated body shapes
in T-pose. The ground truth body shape is shown in green and the estimated body
shape from our model in blue. The Multi-HMR body shape is shown in red.
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9.5 Leveraging A2B Model Results for HME

Figure 9.10: Qualitative results of SMPLer-X and our approach for an example frame from
ASPset. We display the estimated meshes and the ground truth and estimated
joints. Ground truth joints are shown in green, estimated joints from our model
in blue and the SMPLer-X joints in red. Corresponding joints are connected. In
the lower part, we show the ground truth and estimated joints in the same way,
but without the mesh and image to reduce distraction. We further display the
MPJPE values.

need to mention that our approach is not directly comparable to the original results of
the HME models, since our approach needs the additional information of measurements,
but they already exist in our scenario. However, our approach still outperforms the
existing HME models even when they use the same measurements and A2B results as
our model does. Further, our model provides results for all frames, while the other HME
models fail to detect a human in some frames and therefore do not output a mesh at all.
See the last column (no r.) in Tables 9.7, 9.8, and 9.9.

We analyze the results of the building blocks of our model in detail. Applying IK to
the UU results deteriorates the UU results by nearly 4 mm for ASPset and 5 mm for
fit3D (see Tab. 9.9, first and second rows, column orig.), but this step is necessary since
the UU result is only a stick-figure pose and not sufficient for our purpose. Moreover,
these results are still better than the best existing HME model (see last rows in Tab.
9.9).
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9 3D Human Pose and Mesh Estimation with Consistent Body Shapes

Next, we replace the inconsistent β parameters with the results from our A2B models.
This is especially helpful for our approach since IK produces body shapes with high
inconsistencies, as shown by the larger standard deviation of the body height compared
to other HME models. For ASPset, using pseudo ground truth measurements results in
a large improvement of over 12 mm. Remarkably, this result surpasses even the original
UU result by 8 mm. It seems that incorporating a clearly defined mesh helps to fix
some typical errors of UU and enhances its result in case of ASPset. In general, the
error on fit3D is much lower for UU based approaches. The reason might be that it
consists of much more data, such that we can fine-tune UU for a longer time. Further,
the videos are recorded in a lab in comparison to the in-the-wild videos of ASPset.
The lab environment is very similar to the Human3.6M dataset [38], which serves as a
training dataset for most recent HME models. Therefore, the results of ASPset are more
relevant for future applications of our approach, where we assume only a few available
3D annotations and in-the-wild recordings. For fit3D, applying the A2B body shapes
from pseudo ground truth measurements leads to a slight decrease in performance of
0.2 mm. Inconsistent shapes in the ground truth (see Section 9.3) are likely to cause this
behavior. Still, our approach using a 3D HPE model and IK outperforms all existing
HME models, no matter if the original inconsistent or the consistent body shapes from
A2B are used.

Regarding the gendered meshes, we observe that the performance is slightly better for
male than for female subjects. fit3D consists of two female and six male subjects. The
best score of 40.2 mm for the male subjects is achieved with the SVR model. For the
female subjects, the best score is 42.1 mm with the NN model.

As described in Section 9.5.1, we further evaluate the capabilities of a consistent
shape without available ground truth measurements. The naive approach is to use
the median of the estimated inconsistent β parameters (Tab. 9.9, column median).
Another approach is to use the meshes created by IK applied to the UU results, compute
the anthropometric measurements with B2A, calculate the median measurements and
convert them to β parameters via the A2B models. Results are displayed in Table 9.9,
row three. For ASPset, using fixed body shape parameters from A2B models based on
the measurements from UU results achieves a slightly better score than the results with
inconsistent body shapes. For fit3D, the MPJPE increases by 0.9 mm, but the A2B
model results are a slightly better alternative for consistent body shapes compared to
the median β parameters.

9.5.3 Fine-Tuning Existing HME Models

Fine-tuning existing HME models on pure 3D joints datasets is not possible, since they
need mesh annotations for training. However, we can generate pseudo ground truth
meshes by applying IK to the ground truth 3D poses. We exemplary test a fine-tuning
of SMPLer-X on ASPset with this approach. Using their fine-tuning script with 1.6M
iterations leads to worse results than the results without fine-tuning. We find that the
fine-tuning faces heavy overfitting. Therefore, we reduce the number of iterations with
early stopping and achieve better results with fine-tuning only for 32K iterations.
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The results shown in Table 9.10 prove that fine-tuning on IK generated meshes can
lead to a significant improvement of the scores. Replacing the β parameters of the fine-
tuned results with the ground truth A2B β parameters boosts the performance even
more. These are the best results achieved with any existing HME model throughout
this study, although still worse than the results with our approach.

Moreover, we experiment with using the SMPLer-X body shape parameters with the
poses estimated by IK applied to the UU results (see last two rows of Table 9.10). Using
the β parameters from SMPLer-X leads to a slightly better result than the original 3D
joint based result (without IK). This evaluation shows that 3D HPE models are better in
precisely locating the joints of humans than HME models, and HME models are better
in estimating the shape of humans. We also try to use the β parameters of the fine-
tuned variant for the UU IK results like before. However, this resulted in a performance
drop compared to the body shape parameters from the original SMPLer-X without fine-
tuning. These experiments show that fine-tuning HME models on pseudo ground truth
leads to a better performance regarding the keypoints, but the estimated β parameters
have worse quality. This can further be proven by replacing the β parameters from
the fine-tuned SMPLer-X variant with the β parameters from the not fine-tuned model,
which results in a performance gain of over 5 mm compared to the original results from
the fine-tuned version (rows 2 and 4 in Table 9.10).

9.5.4 Overview of the Results

We have executed a multitude of experiments with different combinations of pose and
shape parameters. Figure 9.11 summarizes the results with their pose and shape origins
for ASPset. In general, the poses estimated by IK based on the UU results (red branch in
Fig. 9.11) are more precise than the poses estimated by SMPLer-X (light blue branch in
Fig. 9.11). Further, the body shape parameters from our A2B models with ground truth
anthropometric measurements as they already exist for professional athletes (green boxes

Model shape/measure orig. median
A2B

NN m SVR m NN n SVR n

1 SMPLer-X SMPLer-X 86.02 86.04 85.89 85.69 86.03 85.99
2 SMPLer-X FT SMPLer-X FT 79.09 79.44 78.92 78.88 79.44 79.37
3 SMPLer-X FT ground truth - 64.79 65.63 65.84 64.71 64.76
4 SMPLer-X FT SMPLer-X - 73.66 73.41 73.29 73.65 73.63

5 UU IK UU 67.54 67.16 66.92 66.60 67.25 67.12
6 UU IK SMPLer-X - 63.82 63.80 63.64 63.81 63.78
7 UU IK SMPLer-X FT - 69.69 69.46 69.27 69.70 69.63

Table 9.10: MPJPE results in mm for different methods and β parameters on the test split of
ASPset. SMPLer-X FT stands for the best fine-tuned variant of SMPLer-X (fine-
tuned with the meshes obtained from IK executed on the ground truth 3D joints).
The orig column contains the results without replaced β parameters.
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SMPLer-X Mesh
86.02

UU Mesh
67.54

3D Pose
63.85

IK

67.16

86.04

85.69

78.38

66.60

55.14

63.64

69.27

finetuned SMPLer-X

Mesh
79.09

79.44

78.88

64.71

median beta

GT a2b beta

a2b beta

median beta

GT a2b beta

a2b beta

median beta

a2b beta

GT a2b beta
SMPLer-X a2b beta
SMPLer-X FT a2b beta

IK meshes

73.29

SMPLer-X a2b beta

Figure 9.11: Overview of the main results for the ASPset dataset. All results are MPJPE
results in mm. Results below “Mesh” boxes show the result with the original
β parameters. All results after arrows to the right are results with replaced β
parameters. The type of the β parameters is noted on the arrow and is color-
coded.

in Fig. 9.11) achieve the best results for all poses. Without access to the ground truth,
all models benefit slightly from A2B model results with the median anthropometric
measurements from B2A of the estimated meshes by the respective model (boxes with
same color for all three branches in Fig. 9.11). Moreover, SMPLer-X A2B body shape
parameters perform best when analyzing body shapes without ground truth access (light
blue boxes in Fig. 9.11). Fine-tuning SMPLer-X with IK created meshes (dark blue
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branch in Fig. 9.11) improves the performance of SMPLer-X, although the quality of
the body shape deteriorates. This can be seen as by comparing the shapes from SMPLer-
X and fine-tuned SMPLer-X (dark blue and light blue boxes in Fig. 9.11) with fine-tuned
and IK poses.

Since fit3D is a larger dataset, fine-tuning UU works better, which further leads to
better IK meshes with an MPJPE of 37.02 mm. Enforcing consistent meshes with ground
truth or IK A2B shape parameters decreases the performance slightly in this case. How-
ever, A2B shape parameters achieve slightly better scores than median values. This
also holds for OSX and Multi-HMR. Overall, the approach with UU, IK, and A2B body
shape parameters reduces the MPJPE by 33 mm over any (tested) SOTA HME model.

9.6 Summary

We addressed the problem of inconsistent estimated basic body shapes of humans in
videos in this chapter. We analyzed the ground truth data of 3D pose and mesh datasets
and found inconsistencies in their annotations. We proposed a family of learned A2B
models to convert 36 anthropometric measurements to SMPL-X β parameters. This
can be used to measure a human once (as it is established practice for athletes, our
main focus) and use the resulting shape of the A2B model for all following evaluations.
With this strategy, the body shape is accurate and consistent per person. Evaluations
have shown that using IK on the results of a state-of-the-art 3D HPE model to estimate
the mesh pose combined with our A2B model’s shape parameters leads to superior
and consistent results compared to existing HME models. Moreover, HME models also
benefit from our approach. Replacing their estimated shape parameters with the A2B
shape parameters leads to an improvement of their score and consistent body shapes.
However, our approach based on 3D HPE still outperforms these improved scores.

143





145





10 Conclusion and Outlook

We conclude this work with a brief recap of the main aspects and contributions of all
parts. Additionally, we relate current and future research areas to the topics of this
thesis.

10.1 Conclusion

This thesis is founded on computer vision techniques to ease or enable performance
analyses of athletes in various sports disciplines. Many analyses are very time-consuming
or just infeasible if executed manually. Therefore, this thesis presents a set of methods to
automate these analyses, making them accessible to more athletes and making it possible
to introduce new kinds of analyses. Since sports is a domain with very challenging
datasets, we focus at first on creating well-performing 2D HPE models in such scenarios,
including low image quality or a low number of annotated images. We further extend
these models to be able to detect more than just a set of standard keypoints. Our new
models are able to detect any point on the human body, including knowledge about the
body boundary, bent limbs, etc. However, these points are still in 2D, limiting their
usability. Therefore, we propose a method to estimate the 3D mesh of humans which
additionally preserves a consistent core body shape over time, since this is crucial for
sports analyses.

The first part of this thesis focused on 2D HPE with imperfect data. In Chapter 3,
we have introduced a method to robustly estimate relevant flight angles for ski jumpers
during their flight phase. To analyze the performance of their athletes, ski jumping
coaches place several cameras along the ski jumping hill. For each camera view, the
relevant flight angles are calculated based on a small amount of frames which show the
athlete, since their speed is high. We automated this process, making this analysis
accessible to all ski jumpers using that hill. Our approach incorporates a CNN trained
on the relevant keypoints of ski jumpers and their skis. We further apply heuristics to
filter our obviously wrong poses and use RANSAC to achieve a robust estimate of the
flight angles. This process is especially challenging since the image quality is low due
to bad resolution, lighting, weather, motion blur, etc. In cooperation with the Institute
of Applied Training Science (IAT) in Leipzig, we improved our model so far that the
Olympic Ski Jumping Team of Germany can now use our system in their daily business.
The ski jumping coaches already performed such analyses manually in the past, which
lead to the advantage that this data could be used as labels to train our model. However,
for most sports disciplines, no labels are available at all. Therefore, we investigated in
Chapter 4 the usage of semi-supervised learning techniques to train usable 2D HPE
models on a small amount of labeled data for sports disciplines. We have shown that
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with 50 labeled images, we can achieve a reasonable performance of 83.8% PCK@0.1
compared to 91.9% with the fully supervised training on our main dataset with triple
and long jump athletes. Our best approach is an iterative self-training mechanism. At
first, pseudo-labels are generated for all unlabeled images with a baseline model solely
trained on the few labeled images. We filter the pseudo-labels to train only on the most
reliable ones. Then, we train a new model on the pseudo-labeled images and the labeled
images until convergence and repeat this process multiple times. Moreover, we evaluate a
mean teacher approach, which consists of a single training with alternately using labeled
and unlabeled images. Pseudo labels for the unlabeled images are generated on the
fly by the teacher, which is an exponential moving average of the student model. This
approach works as well, although slightly outperformed by the first approach.

In the second part of this thesis, we gradually improved a 2D HPE model to detect
arbitrary keypoints on the human body. In Chapter 6, we introduced a method to detect
keypoints on the line between two standard keypoints and in Chapter 7, we extended
this approach at first to points on the limbs, then to points on skis of ski jumpers, and
eventually to all points on the human body. We could prove in experiments that our
approach is able to detect such points. Moreover, we introduced a new metric such
that we can evaluate if the model can estimate the right distance from the boundary of
the body, which is the case for our approach. Since this method requires segmentation
masks for label generation, we additionally proposed methods to deal with only few
segmentation masks and with only partly correct masks. Our model is designed based
on a Transformer architecture. We leverage the ability of Transformers to deal with
sequences of arbitrary length to train our model on an arbitrary number of keypoints.
The users can define which keypoints they require for their analyses in a human-readable
way and pass all these queries to the model. The model learns how to interpret these
queries, and we ensure by using a special attention design that the output of each query
is independent of the other queries processed at the same time. This way, our model
produces robust results no matter the input.

Having a full overview of the human body empowers coaches to create more sophis-
ticated analyses. However, these points are two-dimensional, which is not sufficient for
some analyses. Therefore, we focused in the third part of this thesis on estimating three-
dimensional meshes of the human body surface. While analyzing 3D HPE and HME
datasets, we found that for most of them, the ground truth data is inconsistent. Human
meshes are mostly represented by a separate pose and body shape, and the latter should
be consistent for the same person across all frames of a video or multiple videos in a
short time frame. However, this is not the case for many datasets. Furthermore, existing
well-performing HME models do not estimate consistent body shapes. Therefore, we pro-
posed a novel approach to HME in Chapter 8 that ensures consistent body shapes with
marginal overhead for sports applications. At first, we introduced novel small models
that can convert between anthropometric measurements and the body shape parameters
of the common SMPL-X body model. Next, we leveraged the state-of-the-art 3D HPE
model Uplift and Upsample to estimate precise 3D poses from sports videos. Inverse
kinematics helped us to extract the full body pose out of the insufficient 3D stick-figure
pose. By combining this pose with the body shape estimated from anthropometric mea-
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surements using our model, we achieved superior results compared to state-of-the-art
HME models and further ensured the consistency of the body shape.

10.2 Outlook

Finally, we highlight currently ongoing and potential future research directions that are
related to the main topics of this thesis.

The research in the field of 2D HPE is still evolving, but it has reached a performance
level which is hard to improve further. For a long time, CNN based models were the state
of the art, but recently, Transformer based models have shown to be superior [98, 28].
The drawback of Transformer networks requiring huge amounts of training data could be
addressed by using self-supervised representation learning tasks such as masked image
modeling, making it feasible to pretrain large Transformers [98]. With such pretrainings,
they can be trained efficiently for 2D HPE tasks, making it unnecessary to use techniques
to reduce parameters like token clustering or token pruning [101, 59]. Research further
focuses on alternative ways to represent the final keypoint detections. Instead of using
the most popular 2D heatmaps, more fine-grained 1D heatmaps [47], direct regression
[43], and more recently lookup tables [28] have been explored. Semi-supervised learning
techniques are further investigated to train 2D HPE models on few labeled images [36].
Since 2D HPE models serve as an input for 2D to 3D uplifting models, which is the
current state of the art for 3D HPE, the quality of the 2D HPE models is crucial for the
final 3D pose estimation. Therefore, the research in 2D HPE is still highly relevant.

Focussing on more than just standard keypoints has proven to be effective in recent
3D HPE and HME research [76, 61]. It has shown to be successful to estimate human
meshes based on a learned set of intermediate markers [61]. The position of these
markers is learned until now. Our approach for estimating arbitrary keypoints enables
the extraction of a set of dense 2D keypoints on the human body. These keypoints could
potentially be used to train a 2D to 3D mesh uplifting model with these dense keypoints
as an input. Uplifting methods have shown to be successful in 3D HPE [21, 82], but are
yet not explored for HME. Most HME methods are operating on single images, although
sequence based methods show significant advantages. With dense 2D keypoints, the
spatial information of the human body is preserved, which could be leveraged by 2D to
HME models.

Our work on HME achieves superior results in challenging scenarios with consistent
body shapes, but is rather inefficient regarding the runtime. IK is an iterative process
which has to be run for each image, which is well-known to be slow. We need IK to
extract the full body pose from the 3D stick-figure pose, which is estimated by a 3D HPE
model, and discard the body shape that IK estimates. A more efficient approach would
be to train a model to estimate the full body pose directly from the 2D pose sequence.
In order to achieve a high precision for such a model, the 2D keypoints have to be chosen
carefully. Since large motion capture datasets like AMASS [63] contain the full body
pose, they can be leveraged to pretrain such a model, similar to the approach Uplift
and Upsample [21]. This could also help to remove the small jitter in the estimated 3D
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meshes, which is caused by the IK process running per frame. Removing such a jitter
by enforcing physical consistency is further not yet explored in the field of HME and
could be further investigated for 3D HPE. Recent research has shown promising results
by leveraging a physics simulator for motion augmentation [62] and as a building block
for 3D HPE [30]. Especially in the field of sports, where human motions contain fast,
complex and sometimes unusual movements, such a physics simulator could be beneficial.

The breakthrough of large language models (LLMs) is increasingly influencing human
pose and mesh estimation tasks. While less precise than anthropometric measurements,
linguistic attributes can effectively describe human shapes and enhance the accuracy of
estimated meshes [15]. Additionally, LLMs have demonstrated promising capabilities
in estimating keypoint coordinates by relying solely on textual descriptions of these
keypoints [90]. This approach enables the retrieval of any visually describable keypoint,
aligning with the methodology outlined in the second part of this thesis. Beyond keypoint
estimation, LLMs can be utilized to generate meshes in specified poses, identify poses of
described individuals in images, interpret poses represented by meshes, compare poses
to highlight differences, propose adjustments needed to transition between poses, and
edit existing poses based on textual descriptions [25, 60, 46]. These multimodal LLMs
integrate language and vision modules, including specialized pose estimation building
blocks, which are jointly trained. Further exploration of such approaches holds significant
potential for advancing detection accuracy in challenging scenarios such as sports, and
for enabling innovative motion analysis applications for athletes.
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7.1f) show detection results from our Jump-Broadcast dataset using our
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7.7 Examples for model predictions on the DensePose subset of the COCO
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7.13 Two versions of generating ground truth keypoints on the head. On the
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