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Abstract

The filming of sporting events projects and flattens the
movement of athletes in the world onto a 2D broadcast im-
age. The pixel locations of joints in these images can be
detected with high validity. Recovering the actual 3D move-
ment of the limbs (kinematics) of the athletes requires lifting
these 2D pixel locations back into a third dimension, imply-
ing a certain scene geometry. The well-known line markings
of sports fields allow for the calibration of the camera and
for determining the actual geometry of the scene. Close-
up shots of athletes are required to extract detailed kine-
matics, which in turn obfuscates the pertinent field markers
for camera calibration. We suggest partial sports field reg-
istration, which determines a set of scene-consistent cam-
era calibrations up to a single degree of freedom. Through
joint optimization of 3D pose estimation and camera cal-
ibration, we demonstrate the successful extraction of 3D
running kinematics on a 400m track. In this work, we com-
bine advances in 2D human pose estimation and camera
calibration via partial sports field registration to demon-
strate an avenue for collecting valid large-scale kinematic
datasets. We generate a synthetic dataset of more than 10k
images in Unreal Engine 5 with different viewpoints, run-
ning styles, and body types, to show the limitations of exist-
ing monocular 3D HPE methods. Synthetic data and code
are available at https://github.com/tobibaum/
PartialSportsFieldReg_3DHPE.

1. Introduction
2D Human pose estimation (HPE) has reached a level

of maturity where it is highly accurate and widely avail-
able as models or APIs for developers to integrate into their
apps [4, 13]. Consumer applications in the sports-tech do-
main use 3D human pose estimation to monitor the user
and provide feedback for the safe and successful execu-
tion of movements. While pose estimation methods ex-

ceed in providing the locations of joints, human motion
requires knowledge about sequences of locations and dis-
placements and their interaction. While many biomechan-
ical models of human motion exist [1, 15, 17, 26], there is
no unified approach towards understanding and facilitating
handling human movement on a large scale yet. The cur-
rent rise and mainstream success of large language models
(e.g. ChatGPT [20], LLaMA [29]) demonstrates the emer-
gent potential of foundational machine learning models. In
the recently pre-published MotionBERT [32], the authors
propose a unified model that encodes motion from different
source datasets and is trained to solve a variety of tasks,
thereby resulting in a shared representation of motion to
be used in downstream applications. Scaling such methods
and building a unified representation of human motion, re-
quires large amounts of well-structured and valid kinematic
recordings, e.g., from sports broadcasts. Collecting the re-
quired scale of data will only ever be feasible from video,
ideally from already existing footage. Sports broadcasts are
a promising source of data, and the challenge becomes how
to accurately extract kinematic information from these data.

To develop scalable methods that can accurately extract
kinematically valid data, benchmarks are necessary to eval-
uate the progress of 3D HPE methods. However, ground
truth data is expensive and not readily available, and it is
challenging to collect datasets for 3D human pose estima-
tion. This creates a circular dependency, as we need data
to test the validity of the methods, but we can only collect
the necessary data at scale if gold-standard methods exist.
To break this circular dependency, we propose evaluating
current methods on a synthetic benchmark.

While monocular 3D HPE is widely used and well-
studied [8, 11, 11, 25, 30], it has recently been shown to
not be sufficiently precise for very specific sports use
cases, e.g., analyzing intra-athlete variations as signs of fa-
tigue [3]. Since the variations within athletes can be very
small, the error in the 3D human pose estimation process
needs to be equally small to detect relevant differences.
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Figure 1. Comparison between typical monocular 3D HPE and our approach. (a) Rendered running scene with known camera calibration
and 3D joint locations. (b) In a typical monocular 3D HPE pipeline, the pixel locations of the joints are determined and then lifted into
3D, which implies some geometry. (c) Placing the estimated 3D pose in the actual scene and rendering the projection leads to a significant
deviation from the detected 2D pose. (d) In our approach, we take input (a) and extract the camera parameters (via sports field registration)
and use the detected 3D geometry to cast rays into the scene. (e) The comparison between ground truth (black), a state-of-the-art method
(red), and our approach (blue) shows the differences when viewed from an out-of-camera-plane perspective.

In our work, we focus on the specific domain of middle-
distance running. Running is a fundamental motion and an
integral part of many sports. Additionally, it readily lends
itself to this investigation, as the motion itself is very cycli-
cal and does not vary much in professional athletes over
the course of a short video sequence, which helps to re-
veal problems in current approaches. There is no ground
truth 3D human pose estimation data available for typical
middle-distance running scenarios on the track.

We render a synthetic dataset similar to typical track &
field recordings using Unreal Engine 5 (cf . Figs. 1 and 2), to
generate a ground truth dataset for demonstration purposes.
In our experiments, we will demonstrate that a state-of-the-
art monocular 3D HPE method [23] does not generalize
well to this scenario. In Fig. 1, we illustrate the rationale for
why this is. Typical 3D HPE methods perform 2D HPE and
then lift the 2D pixel locations into 3D by a learned func-
tion. This lifting step implies some geometry (even if not
explicitly modeled), which is indicative of the inductive bias
introduced during the training of the method. When placing

the estimated 3D skeleton into a known scene, and render-
ing its projection, we see in Fig. 1(c) that the re-projection
does not align with the originally used 2D skeleton. It fol-
lows, that the implied geometry of the 3D HPE method must
have been different from the known, correct geometry.

Learning about the geometry in a scene (i.e. camera cali-
bration) is well-studied in the realm of sports, and achieved
via sports field registration [5, 6, 28]. Since many sports
are played on a field or track with pre-defined dimensions,
camera calibration can be achieved by fitting a virtual cam-
era to the visible lines in broadcast footage. Sports field
registration is usually performed on wide camera shots that
show multiple non-co-linear sections of the field, like cor-
ners or end-zone/penalty area markings. On the other hand,
kinematic data is best extracted from close-up viewpoints
that highlight single athletes. Existing methods for sport-
field registration are, therefore, not necessarily applicable
to our use case. The typical broadcast camera setup in
track & field events are stationary cameras that pan, tilt, and
zoom to follow the athletes. During these camera motions,
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only small portions of the track around the athlete are in
frame (cf . Fig. 1(a)), and full sports field registration is in-
feasible.

We use a constructive method to find a complete set of
valid camera calibrations that are consistent with just a sin-
gle vanishing point derived from lanes in the image [3].
This set of camera calibrations has one remaining degree of
freedom, which makes our approach a partial sports field
registration method. Using consistency constraints about a
sequence of frames, we can jointly derive complete field
registration. As illustrated in Fig. 1(d), we use explicit
knowledge about the 3D geometry of the current frame to
cast a ray through the image and lift a 2D skeleton into
3D. The resulting 3D skeleton is, by construction, consis-
tent with its 2D re-projection (as opposed to typical meth-
ods, cf . Fig. 1(c)), and yields a closer 3D estimation in our
scenario than previous methods (cf . Fig. 1(e)).

Overall, we make the following contributions:
1. We generate a novel synthetic running dataset, based on
Unreal Engine 5, Mixamo, and Metahumans. We provide
video renderings with ground truth annotations for 2D for
joint pixel locations, absolute 3D world joint coordinates,
and camera calibrations.
2. We demonstrate that state-of-the-art monocular HPE
methods work well on this data in the case of 2D annota-
tions, but invoke considerable errors in the 3D case.
3. We develop a novel 2D to 3D lifting method that uses
2D annotations together with the overall scene geometry to
ray-cast absolute joint locations into the scene. This allows
for improving the 3D estimation of existing methods.

2. Related
Human pose estimation (HPE). In the field of 2D HPE,

publicly available images can be manually annotated using
crowd-sourcing methods to create datasets and benchmarks
for evaluation [2, 12], resulting in state-of-the-art methods
that closely approach human-level performance [4, 10, 31].
However, for 3D HPE, collecting ground-truth pose data re-
quires a more complex lab setup. The popular Human3.6m
dataset, for instance, contains 11 actors in 17 scenarios with
4 synchronized cameras and marker-based motion-capture,
limiting its scope to close-up shots, despite its large size of
3.6 million images [9].

A common strategy to tackle monocular 3D HPE is
based on video data. If a system can track a 2D skeleton
over consecutive frames, it can merge these frames and re-
solve the joint task of forecasting a 3D skeleton that ac-
counts for all the 2D projections of the individuals in the
scene [8, 11, 25]. Works in this direction aim for consis-
tency by leveraging limb length [25], realistic motion [30],
or temporal context [11]. Gong et al. propose a tech-
nique to enhance the limited existing datasets of 2D/3D hu-
man pose estimation pairs with additional modifications for

viewpoint, posture, or body size to improve the training pro-
cess [7]. Another category of methods aims to infer the 3D
information of human poses by concurrently predicting the
depth of the current image [14, 18, 24, 27]. These meth-
ods do not necessarily require video data. By anticipating
the distance between each object, person, and surface in the
frame to the camera, these techniques produce a so-called
2.5D image that can be combined with 2D HPE to infer 3D
poses. Recent approaches handle these two tasks simulta-
neously, which introduces a bias on the possible configu-
rations of the 3D skeleton. In their investigation [23, 24],
Sárándi et al. also incorporate the intrinsic camera param-
eters to develop a cutting-edge system for monocular 3D
HPE in the wild, which they call MeTRAbs.

Sports field registration. Previous works have per-
formed camera calibration on existing broadcast footage for
analyzing sporting events by sports field registration. Chen
and Little use the known dimensions and line markings of
fields in ball sports to generate synthetic data for training a
Siamese network [5]. Chu et al. solve this task using sparse
keypoint detections [6]. Theiner and Ewerth proposed a
single-shot method that calculates a homography to deter-
mine the camera calibration [28]. However, in our scenario,
where only the distance between parallel lines is known and
co-linearity of input data prevents homography calculation,
we focus on the subtasks of lane detection and vanishing
points. Our approach presents a unique challenge in camera
calibration for sports analysis.

Rendered data for computer vision. There is prece-
dence for using rendered data for creating datasets and
benchmarks. UnrealCV 1 is a plugin for Unreal Engine 4
that can be used to create benchmarks for object detection
or object pose estimation [19]. The authors of Human3.6m
also provide mixed reality scenarios in which they render
3D models of poses recorded in the lab into real-world
scenes [9]. To the best of our knowledge, game engines
have not been previously used to render complete scenes
for generating ground truth for 3D HPE.

3. Method

In this work, we introduce a novel method for monocu-
lar 3D human pose estimation that is specifically designed
for the large-scale collection of valid kinematic data from
middle-distance running broadcasts. We demonstrate how
injecting knowledge about the 3D geometry of a scene can
improve the precision of 3D HPE. The process of recording
sporting footage flattens information about the 3D world
onto a 2D screen. Typical state-of-the-art approaches to-
wards 3D HPE undo this projection by lifting detected 2D
joint locations back into a third dimension (cf . Fig. 1(b)).
In this process, some information about the 3D setup of the

1https://unrealcv.org/
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Figure 2. Illustrating the ambiguity between vastly different cam-
era perspectives. (a) Close-up shot of a certain step (blue camera).
(b) Highly zoomed shot of a very similar situation (orange cam-
era). The athlete’s right foot has been modified to result in the
same 2D image of the athlete, as indicated by the alpha-blend in
(c). (d) The two cameras are positioned at vastly different dis-
tances and have corresponding field-of-views. (e) The 3D limb
configuration differs by 7.8◦, which is more pronounced from the
top-down view in (f).

current image is implied. Whether the monocular 3D HPE
method uses a certain camera-model [24] or inter-frame
consistency [11, 25], it has to somehow inflate information
into a third dimension. The inductive bias from respective
methods is learned over the statistics of the underlying train-
ing set. Most of the existing 3D HPE approaches are trained
on datasets recorded in a laboratory setting with multiple
static cameras, or in the wild with stereo-vision camera se-
tups. In both of these approaches, the recorded subject is
roughly within 6-20 meters of the camera. In the domain
of sports broadcasting, the distances between the camera
and the athletes are significantly larger and tele-zoom lenses
with a narrow field-of-view are commonly used. It is to
be expected, that off-the-shelf monocular 3D HPE methods
will perform worse on these out-of-distribution images.

A typical remedy to overcome this issue would be to
fine-tune existing methods with 2D-3D correspondences in
the required camera setting with large camera-athlete dis-
tances. This is a prohibitively complex task, as there are
vast amounts of possible variations in camera settings, and
collecting ground truth either requires setting and precisely
calibrating multiple cameras in a stadium or for athletes to
wear portable motion capture suits.

To motivate our approach, we first acknowledge, that dif-
ferent camera settings can lead to the exact same projected

2D points, even though the underlying 3D constellation of
the athlete’s limbs were different. This error in 3D projec-
tion is admittedly small but leads to an expected error in
measurement that is prohibitively large to use the resulting
3D pose estimation for kinematic investigations. In Fig. 2
we illustrate a scenario in which the same athlete in (a) and
(b) occupies the exact same pixels in two different broad-
cast shots, which is shown by the blended image in (c). The
respective cameras taking these pictures are located as in-
dicated in (d). In order for the 2D images to be the same,
we manually rotated the right leg of the athlete, which can
be seen in (e) and the top-down view in (f). The difference
between the leg in the two images is an angle of 7.8◦. This
constructed scenario demonstrates, that the exact same im-
age pixels could have resulted from significantly different
3D skeletons, based on the exact camera calibration. The
2D HPE alone does not contain enough information to dis-
tinguish between these two. The deflated information about
the 3D world is irrevocably lost.

In our approach, we use additional clues about the scene
to disambiguate between camera calibrations and, thereby,
between potential 3D estimations. We claim that 2D pose
estimation by itself does not carry enough information
about a scene to recover kinematically valid 3D pose es-
timations.

3.1. Synthetic ground truth

Advances in computer graphics lead to publicly avail-
able game engines that allow for almost photo-realistic ren-
derings of arbitrary scenes. We use Unreal Engine 52 to-
gether with animations from Mixamo3 (based on marker-
based MoCap) and characters generated with MetaHumans4

to generate a dataset of over 10k images. The characters
generated using MetaHumans look realistic enough to be
easily recognized as humanoid by current person detection
methods and we can perform 2D and 3D HPE on the ren-
dered images.

We render a dataset consisting of 31 sequences with
characters varying in height, body composition, limb
length, and running style. Each sequence shows an ath-
lete running down the straight of a 400m track from dif-
ferent camera positions. The static camera pans, tilts, and
zooms similar to a broadcast recording, but does not neces-
sarily point directly at the athlete. Each sequence is man-
ually constructed and animated. We use custom Unreal
Engine blueprints to extract the 3D world location of each
joint and the complete camera calibration (location, orien-
tation, field-of-view). We extract 3D joint locations by us-
ing the character’s rig, i.e., the exact location of their ar-
tificial bones, and map them to the joint definitions from

2https://www.unrealengine.com/unreal-engine-5
3https://www.mixamo.com/
4https://metahuman.unrealengine.com/
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Human3.6m [9]. We project the 3D joint locations into
2D pixel locations using the extracted camera calibrations.
Overall, we generated a ground truth dataset with (1) ren-
dered images, (2) 2D pixel locations of joints, (3) 3D world
coordinates of joints, and (4) camera calibrations for 10571
frames.

3.2. Partial sports field registration on 400m track

As evident by most figures in this paper, we approach the
domain of middle-distance running. In broadcast footage
on the 400m track, the lane demarcations are clearly visi-
ble, even though only a small portion of the overall track
is contained in each frame. Since the visible lines are co-
linear, it is neither possible to pinpoint their exact location
on the track, nor can the camera calibration unequivocally
be determined from just these parallel lanes. We use and
improve a recently proposed method [3] to derive a dense
set of potential camera calibrations using only the visible
parallel lanes.

As elaborated previously, the close-up shots in our tar-
geted scenarios only allow for partial views of a field, or the
400m track of a stadium. In our approach, we locate the
track lane markers (cf . Fig. 5, blue) and use them to deter-
mine a single vanishing point. Using the method described
by XX et al., we generate a set of candidate camera cali-
brations P, which each describe a virtual camera C, and are
consistent with this vanishing point and the visible lanes [3].
This set is constructed in a way that each PC ∈ P describes
one azimuth of the camera to the scene, in increments of 1◦.
The other components of PC (elevation, roll, field-of-view,
camera location) are calculated to match the azimuth and be
consistent with the visible image:
1. Create a lookup-grid of vanishing points when sweeping
the azimuth and elevation under fixed field-of-view.
2. Determine the visible track lanes (cf . Fig. 5, blue) and
their vanishing point v0.
3. For each azimuth in the lookup-grid, create a virtual
camera C and determine the elevation and roll that result
in a vanishing point in the correct direction. This results in
a rotation matrix RC for each azimuth.
4. Alter the distance of the vanishing point to the scene by
adapting the field-of-view. We now have a camera C with a
partial camera calibration (RC , KC) that results in the same
vanishing point as the scene.
5. Place each of the previous cameras C in a simulated
scene and shift it, such that the virtual track markings cor-
respond to the visible lanes. The required transformation
describes a translation tC .
6. Combing the above steps, compute the overall projection
matrix PC = KC · (RC |tC).

Fig. 3 shows three different valid calibrations for a sin-
gle frame. We computed a collection of camera calibrations
with 1◦ difference in azimuth, but can freely interpolate be-

Figure 3. Different exemplar plausible camera calibrations for the
same scene. Each potential calibration is consistent with the lane
demarcations but differs in camera location, field-of-view, and an-
gle to the scene. (a) Low camera height. (b) Approximately correct
height. (c) High camera angle.

tween these to allow for an arbitrary, continuous selection of
camera calibration, which can be interpreted as a slider that
determines the distance of the second vanishing point. We
hence have arrived at a representation with a single degree
of freedom for each of the frames.

From this collection of potential calibrations Pf for each
frame, we now pick a virtual camera Cf for each frame, that
results in a consistent description of the entire sequence. We
know that the camera is static, therefore, the correct subset
of calibrations for each frame share the same height and
orthogonal distance to the track lanes. Our system is de-
signed in a way, such that we can choose any attribute of the
camera (field-of-view, location, tilt angle, . . . ) and adapt its
other attributes to match up with the visible lanes. For each
sequence, we can pick a single camera height and thereby
remove the last degree of freedom from each frame-wise
calibration.

3.3. Monocular 3D HPE from sports field geometry

Assume we have now picked the correct camera calibra-
tion for a frame and know the exact 3D geometry of the
scene and how it lines up with the visible image. We can
now use this 2D-3D correspondence to cast rays into the
scene and determine the exact joint locations of an athlete.

Derive sagittal plane. Whenever the athlete touches the
ground, we can determine the exact location of their foot by
casting a ray through its pixel location into the scene, inter-
secting it with the ground plane. In between two connec-
tions with the ground, the flight path of the athlete does not
change (unless hit by another athlete, which we rule out for
now). We can therefore interpolate the ground-projection of
the athletes’ location in intermediate frames (cf . Fig. 4(a)).
We use this location to determine the athletes’ sagittal plane
(cf . Fig. 4(b)).

Cast pelvis into the scene. Using this sagittal plane of
the athlete, we can now determine the absolute location of
their pelvis, even when they are not touching the ground
by casting a ray into the scene. We find the point of inter-
section between a ray from the camera center through the
pixel location of the pelvis into the sagittal plane of the ath-
lete (cf . Fig. 1(d)). Ray-casting only works, when know-
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Figure 4. (a) Determining the location of the athlete in the scene. Connections to the ground are marked with green crosses. (b) Sagittal
plane of the athlete, even when they do not currently touch the ground. (c) Casting a ray into the scene and intersecting it with a sphere of
limb-length radius around the parent joint.

ing which plane in the scene to intersect with. Typically,
this can be done for feet, as during steps it can be assumed,
that they are on the ground. Assuming a certain height for
the hip would result in faulty localization, since the height
of the hip describes a curve, as exaggeratedly indicated in
Fig. 4(a). Determining the sagittal plane of the athlete is,
therefore, indispensable, as the distance of the athlete to the
camera could not be determined otherwise.

Limb consistency. The length of the athletes’ limbs
does not change between frames. As a rough approximation
for their correct limb length, we chose the average length for
each limb over the course of the entire scene as extracted
with an off-the-shelf monocular 3D HPE method. Start-
ing from the pelvis, we build up the torso and then both
legs and arms by again casting a ray into the scene, inter-
secting it with a sphere with limb length radius around its
parent joint location. In Fig. 4(c), we illustrate this process
by the example of an athlete’s left foot. Assume we have
already placed the left knee (light red line). We now cast
a ray through the pixel location of the right ankle (dashed
green line) and find a point where its distance to the knee
is exactly the previously determined length of the shin. For
every joint, there are two different points in space at which
the limb-length sphere around the parent joint is intersected.
This means, that for a body segment with three limbs (arm
= shoulder, elbow, wrist, leg = hip, knee, ankle), there are
eight potential configurations that are consistent with the
image. These options are pruned down by both range-of-
motion constraints and frame-to-frame consistency.

4. Experiments

We evaluate the above method on our newly gener-
ated special-purpose dataset to showcase the gaps in cur-
rent state-of-the-art approaches and a first baseline to solve
some of the initially described problems. For this inves-
tigation, we chose a very versatile solution by Sárándi

et al. which holds the current state-of-the-art in the ”3D
Poses in the Wild Challenge” (with additional training data,
MPJPE) [24]. In a recent investigation, the authors show-
case the slight differences in joint definitions between pose
estimation datasets [23]. We analyze and evaluate all of
their implemented joint definitions. The lowest pixel er-
ror between 2D joint predictions and our 2D ground truth
was achieved using the MS-COCO joint location defini-
tions [12], which resulted in an average pixel error of
4.66±0.87 pixel over our entire dataset, using their model
MeTRAbs-XL. Throughout our experiments, we use their
suggested MeTRAbs model as a base and use our method
to improve the pose estimation results.

4.1. Camera calibration

Our approach builds on several steps and combines cam-
era calibration with pose estimation. We first evaluate our
approach by investigating each step in the method’s pipeline
(cf . Sec. 3.3. We first extract the visible lanes from each
frame using a default OpenCV implementation of the linear
Hough transform. The endpoints of the detected lanes are
on average 21.98±24.42 pixels off the groundtruth image
lanes. This results in an estimation error of the vanishing
point of 2.58± 1.89%. Overall, the camera location deter-
mined with our partial calibration is 0.85±0.72 m off the
ground truth location, which is 3.97±3.10% of the camera’s
distance to the track lanes. We estimate the field-of-view of
an average error of 3.07±0.88◦.

4.2. Pose Estimation

The following experiments are run on our ground truth
dataset with 10571 frames consisting of different view-
points, athlete compositions, and camera movements. We
evaluate the various approaches using these metrics:

Re-projection. After estimating a 3D skeleton, we place
it into the scene at the exact location of the 3D ground truth
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Method Re-projection 3D Error Knee angle
[pixel] [cm] [degree]

MeTRAbs 6.36 (4.08) 10.33 (1.69) 20.31 (9.74)
+ rotation 5.01 (2.96) 7.92 (2.12) 12.41 (7.94)

Our method 2.76 6.41 (1.65) 9.91 (9.00)
+ context - 2.44 (0.58) 2.87 (3.27)

Table 1. Result on synthetic ground truth dataset with enhance-
ments. By construction, our method does not have any re-
projection error.

(matched pelvis location) and project it into the image using
the ground truth camera calibration. The re-projection score
describes the offset in pixels from the underlying 2D HPE
locations that the 3D skeleton has been computed from.
Fig. 1(c) shows the offset between the detected 2D joint lo-
cations (green dots) and the projected red 3D skeleton. This
metric is a proxy for the error in geometry that the 3D lifting
process implied [3].

3D Error. Next, we measure the difference between es-
timated and ground truth 3D skeletons in centimeters.

Knee angle. Since the previous euclidean distance it-
self does not carry much information about the kinematic
implications of certain errors, we also measure the specific
difference in knee angles, which can directly be interpreted.
This measure is crucial for the feasibility of a method to
be valid for use in kinematic investigations. In the running
literature, effects of angle differences between athletes as
low as 3-4◦ have been reported [3,16,21,22], and therefore
we need to design pose estimation methods that are precise
enough to allow for reporting this level of detail.

In Tab. 1, we compare the following methods and im-
provements:

MeTRAbs. Off-the-shelf Absolute 3D Human Pose Es-
timator and current state-of-the-art [24].

+ rotation. We improve the previous method by includ-
ing our estimated camera calibration and removing the rel-
ative orientation of the athlete to the camera. This improve-
ment already requires information about the 3D geometry of
the scene which is only available through our partial sports
field registration approach.

Our method. Using our estimated camera calibration,
together with pose estimation by ray-casting based on the
same 2D HPE as MeTRAbs.

+ context. Our method, improved by additional knowl-
edge about this exact running scenario and ideal conditions.
We base this method on the ground truth 2D joint loca-
tions and leverage the fact that running is cyclical. We
automatically determine the frequency of the athlete’s step
and optimize the ray-casting portion of our approach to
minimize the self-similarity between the same portion of
a running cycle. This is a highly idealized scenario and is

Figure 5. Application of our method to actual broadcast footage.
Top: a scene with detected track markings (blue), projected
stadium lanes (black), and 2D HPE (green). Bottom: Self-
consistency of 3D pose estimation between similar frames in step-
cycle for typical method (red) and our improvement (blue). There
are notable differences in the estimation of the athlete’s left shin.

meant to showcase the minimal potential error that could
be achieved under ideal conditions and with very specific
domain knowledge.

4.3. Real-world footage

The goal of this line of research is the application of
monocular 3D HPE methods to a broad spectrum of broad-
cast footage in order to extract valid kinematic running data.
We demonstrate the potential of our approach on anecdotal
data from a world-class track & field event. As there is no
ground truth for this data, we demonstrate the qualitative
differences between MeTRAbs+rotation and our method
in Fig. 5. While increased self-similarity is not sufficient
proof, that our method is correct, it is a necessary first step.
The wider spread of the right knee of the red skeleton in
Fig. 5 illustrates the issue with non-specialized pose esti-
mation approaches.

4.4. Lens distortion

Throughout the previous experiments, we assumed a pin-
hole camera without lens distortion. To test the impact that
lens distortion has on our overall findings, we render a pre-
viously analyzed sequence with additional lens distortion.
We manually calibrate a single frame from a broadcasted
running event (cf . Fig. 5), using the different lane and hur-
dle markers present in a frame. We identify 19 keypoints
in the still image, for which the exact corresponding world
coordinates are known. We perform an undistort calibration
implemented in OpenCV to derive the parameters that we
apply to our test scene. As expected, the highly zoomed-in
viewpoint has only small lens distortion. We re-render our
scene with a custom-built add-on to the camera in which
we implement a simple lens distortion model, as used by
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Theiner and Ewerth [28]. For the chosen scene, our method
improves the 3D estimation error from 7.05 to 5.78cm. Per-
forming the same evaluation on the distorted images results
in an improvement from 9.88 to 8.08cm. While the distorted
scene had a larger base error, there is still considerable im-
provement using our suggested method.

5. Discussion
In this work, we developed a method for combining 2D

HPE and partial sports field registration to determine the
3D locations of joints and thereby the kinematics of ath-
letes. On a synthetic dataset, we show that off-the-shelf
pose estimation methods produce errors that would over-
shadow expected effect sizes in kinematic investigations.
We suggest a specialized method with domain knowledge
that could generate the required level of precision. Deploy-
ing our approach at scale and adapting it to further sports
could help in collecting large datasets for the development
of kinematically valid human motion representations.

Our work focuses on a scenario in which the camera
is zoomed-in on the athlete at a level that kinematics are
derivable from that view. In many sports (e.g., soccer), the
field has an extent that does not allow to perform typical ap-
proaches of sports field registration in this case: not enough
area of the field is visible. Specifically, if the entire 400m
track was visible, the athlete would only occupy a few pixels
in the image. Even in scenarios in which a curve of the field
is visible, these must not always be pronounced enough to
be used for a sports field registration task. We circumvent
the problem of missing markers, by only taking into account
a limited subset of straight lane markers. Even though we
render the curved parts of the stadium in our figures, these
were not used for the approximation of camera calibration.

It is tempting to leverage our synthetic dataset to train fu-
ture iterations of typical monocular 3D HPE methods. Af-
ter all, we mentioned that current methods carry inductive
bias from their training sets, which are usually recorded
in multi-camera settings and, therefore, have a reasonably
small epipolar distance, which allows for only limited dis-
tances of the camera to the scene. Using our synthetic
dataset, we could enhance previous training regimes with
novel data. We discourage readers from doing so, as this
would simply shift the issue of ambiguous 2D joint loca-
tions as illustrated in Fig. 2 to a new domain and the flat-
tened 3D world information cannot be recovered. Instead,
scene context and geometry should be considered whenever
possible. The use-case of sports analysis lends itself nicely
to this paradigm, as the dimensions of field markings are
usually known.

Of course, our comparisons are highly unfair and skewed
toward our exact scenario. That is the point we are trying to
make in this investigation. If we want to improve the col-
lection of data for a very narrow domain, special-purpose

approaches should be developed, as off-the-shelf solutions
for general use do not take advantage of the additional in-
formation that can be extracted from broadcast footage. By
showcasing some shortcomings of the current state-of-the-
art, we did not mean to criticize their approach, but rather
to point out, that using the current benchmarks, training
data, and paradigms, misses some opportunities, by using
specialized domain knowledge. Since there is no ground
truth and it is unlikely that there could ever be an actually
recorded ground truth of the magnitude and variation of our
data, we demonstrate qualitatively, what the developed im-
provements could mean in practice (cf . Fig. 5).

5.1. Future work

Optimizing the partial camera calibration and multiple
options for pose estimation by ray-casting jointly could
greatly improve the results of this work. For this, the sin-
gle degree of freedom in the partial sports field registra-
tion could be parametrized in a single variable to allow for
backpropagation through it. By using a differentiable pro-
jection framework, the remaining free parameters, like the
limb lengths and cyclical consistency for a runner could be
optimized jointly.

Our method can readily be adapted to other sports us-
ing existing camera calibration by sports field registration
approaches [5, 28]. Adapting our synthetic data generation
process can be achieved by using sport-specific game-field
assets and movements (cf . unreal marketplace, Mixamo).

Extracting valid 3D kinematics of athletes can be used,
as initially motivated, to generate datasets that aim at large-
scale understanding of human motion for a specific sport.
In addition, providing coaches with valid kinematic data
empowers them to make informed decisions on technique
adjustments and training strategies, which could ultimately
lead to performance enhancements by addressing biome-
chanical inefficiencies and optimizing athletes’ movements.

5.2. Conclusion

In this work, we presented an approach to improve the
precision of 3D human pose estimation during the special
use-case of running by injecting knowledge about the 3D
geometry of the scene. To achieve this, our method gen-
erates a set of potential camera calibrations for each frame
of a sequence and chooses a calibration for each frame to
achieve location consistency of the camera over the entire
sequence. Using this 3D geometry of the scene, the 3D lo-
cation of an athlete is determined by calculating their sagit-
tal plane and casting rays through it. Our method lowers the
expected error for monocular 3D HPE in the special case
of running to a kinematically valid point, enabling a more
detailed and accurate analysis of human movement and per-
formance at scale in the future.

5116



References
[1] Marko Ackermann and Antonie J Van den Bogert. Opti-

mality principles for model-based prediction of human gait.
Journal of biomechanics, 43(6):1055–1060, 2010. 1

[2] Mykhaylo Andriluka, Leonid Pishchulin, Peter Gehler, and
Bernt Schiele. 2D human pose estimation: New bench-
mark and state of the art analysis. In Sven Dickinson, Dim-
itri Metaxas, and Matthew Turk, editors, Proceedings of the
IEEE Conference on Computer Vision and Pattern Recogni-
tion (CVPR), June 2014. 3

[3] Tobias Baumgartner, Benjamin Paassen, and Stefanie Klatt.
Extracting spatial knowledge from track & field broadcasts
for monocular 3d human pose estimation. Scientific Reports
(under minor revision), 2023. 1, 3, 5, 7

[4] Zhe Cao, Tomas Simon, Shih-En Wei, and Yaser Sheikh.
Realtime multi-person 2D pose estimation using part affin-
ity fields. In Rama Chellappa, Zhengyou Zhang, and An-
thony Hoogs, editors, Proceedings of the IEEE Conference
on Computer Vision and Pattern Recognition (CVPR), 2017.
1, 3

[5] Jianhui Chen and James J Little. Sports camera calibration
via synthetic data. In Proceedings of the IEEE/CVF confer-
ence on computer vision and pattern recognition workshops,
pages 0–0, 2019. 2, 3, 8

[6] Yen-Jui Chu, Jheng-Wei Su, Kai-Wen Hsiao, Chi-Yu Lien,
Shu-Ho Fan, Min-Chun Hu, Ruen-Rone Lee, Chih-Yuan
Yao, and Hung-Kuo Chu. Sports field registration via
keypoints-aware label condition. In Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern
Recognition, pages 3523–3530, 2022. 2, 3

[7] Kehong Gong, Jianfeng Zhang, and Jiashi Feng. Poseaug: A
differentiable pose augmentation framework for 3D human
pose estimation. CoRR, abs/2105.02465, 2021. 3

[8] Wenbo Hu, Changgong Zhang, Fangneng Zhan, Lei Zhang,
and Tien-Tsin Wong. Conditional directed graph convolution
for 3d human pose estimation. In Heng Tao Shen, Heng Tao
Zhuang, and John R. Smith, editors, Proceedings of the 29th
ACM International Conference on Multimedia (MM ’21),
page 602–611, 2021. 1, 3

[9] Catalin Ionescu, Dragos Papava, Vlad Olaru, and Cristian
Sminchisescu. Human3.6M: Large scale datasets and pre-
dictive methods for 3D human sensing in natural environ-
ments. IEEE Transactions on Pattern Analysis and Machine
Intelligence, 36(7):1325–1339, jul 2014. 3, 5

[10] Sheng Jin, Lumin Xu, Jin Xu, Can Wang, Wentao Liu,
Chen Qian, Wanli Ouyang, and Ping Luo. Whole-body hu-
man pose estimation in the wild. In Andrea Vedaldi, Horst
Bischof, Thomas Brox, and Jan-Michael Frahm, editors,
Proceedings of the 16th European Conference on Computer
Vision (ECCV), 2020. 3

[11] Wenhao Li, Hong Liu, Runwei Ding, Mengyuan Liu, Pichao
Wang, and Wenming Yang. Exploiting temporal contexts
with strided transformer for 3D human pose estimation.
IEEE Transactions on Multimedia, 2022. 1, 3, 4

[12] Tsung-Yi Lin, Michael Maire, Serge Belongie, James Hays,
Pietro Perona, Deva Ramanan, Piotr Dollár, and C. Lawrence
Zitnick. Microsoft COCO: common objects in context. In

David Fleet, Tomas Pajdla, Bernt Schiele, and Tinne Tuyte-
laars, editors, Proceedings of the 13th European Conference
on Computer Vision (ECCV), pages 740–755, 2014. 3, 6

[13] Camillo Lugaresi, Jiuqiang Tang, Hadon Nash, Chris Mc-
Clanahan, Esha Uboweja, Michael Hays, Fan Zhang, Chuo-
Ling Chang, Ming Guang Yong, Juhyun Lee, et al. Medi-
apipe: A framework for building perception pipelines. arXiv
preprint arXiv:1906.08172, 2019. 1

[14] Diogo C Luvizon, David Picard, and Hedi Tabia. Consensus-
based optimization for 3d human pose estimation in cam-
era coordinates. International Journal of Computer Vision,
130(3):869–882, 2022. 3

[15] Matthew Millard, Thomas Uchida, Ajay Seth, and Scott L
Delp. Flexing computational muscle: modeling and simula-
tion of musculotendon dynamics. Journal of biomechanical
engineering, 135(2), 2013. 1

[16] I. S. Moore, A. M. Jones, and S. J. Dixon. Mechanisms for
improved running economy in beginner runners. Medicine &
Science in Sports & Exercise, 44(9):1756–1763, Sep 2012. 7

[17] Marlies Nitschke, Robert Marzilger, and Anne Koelewijn.
3D full-body optimal control simulations with change of di-
rection directly driven by motion capture data. In 17th Inter-
national Symposium of 3-D Analysis of Human Movement
(3D-AHM), 2022. 1

[18] Georgios Pavlakos, Xiaowei Zhou, Konstantinos G. Derpa-
nis, and Kostas Daniilidis. Coarse-to-fine volumetric pre-
diction for single-image 3D human pose. In Rama Chel-
lappa, Zhengyou Zhang, and Anthony Hoogs, editors, Pro-
ceedings of the IEEE Conference on Computer Vision and
Pattern Recognition (CVPR), 2017. 3

[19] Weichao Qiu, Fangwei Zhong, Yi Zhang, Siyuan Qiao, Zi-
hao Xiao, Tae Soo Kim, and Yizhou Wang. Unrealcv: Virtual
worlds for computer vision. In Proceedings of the 25th ACM
international conference on Multimedia, pages 1221–1224,
2017. 3

[20] Alec Radford, Karthik Narasimhan, Tim Salimans, and Ilya
Sutskever. Improving language understanding by generative
pre-training. OpenAI, 2018. 1

[21] N. K. Rendos, B. C. Harrison, J. M. Dicharry, L. D. Sauer,
and J. M. Hart. Sagittal plane kinematics during the transi-
tion run in triathletes. Journal of Science and Medicine in
Sport, 16(3):259–265, May 2013. 7

[22] P. O. Riley, J. Dicharry, J. Franz, U. Della Croce, R. P.
Wilder, and D. C. Kerrigan. A kinematics and kinetic com-
parison of overground and treadmill running. Medicine &
Science in Sports & Exercise, 40(6):1093–1100, Jun 2008. 7

[23] István Sárándi, Alexander Hermans, and Bastian Leibe.
Learning 3D human pose estimation from dozens of datasets
using a geometry-aware autoencoder to bridge between
skeleton formats. In IEEE/CVF Winter Conference on Ap-
plications of Computer Vision (WACV), 2023. 2, 3, 6

[24] István Sárándi, Timm Linder, Kai O. Arras, and Bastian
Leibe. MeTRAbs: metric-scale truncation-robust heatmaps
for absolute 3D human pose estimation. IEEE Transactions
on Biometrics, Behavior, and Identity Science, 3(1):16–30,
2021. 3, 4, 6, 7

[25] Wenkang Shan, Haopeng Lu, Shanshe Wang, Xinfeng
Zhang, and Wen Gao. Improving robustness and accuracy

5117



via relative information encoding in 3D human pose estima-
tion. In Proceedings of the 29th ACM International Confer-
ence on Multimedia, pages 3446–3454, 2021. 1, 3, 4

[26] Seungmoon Song, Łukasz Kidziński, Xue Bin Peng,
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