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Statement on Al usage

During the making of this thesis, | made extensive use of Al tooling to help plan, code, and write.

For the planning stage, Al was mostly used to validate ideas, find sources and figuring out if | was on
the right track. Most ideas were still my own, but ideas without chance of succeeding were identified
and removed from the planning at an early stage. | mainly used ChatGPTis GPT-40 and GPT-5-mini
for this stage.

During the coding stage, the Cursor IDE was used with the Pro-plan, giving access to a large amount
of usage on Composer 2 and Composer 2.5. These models are specialized for coding tasks and
data logistics. | was responsible for the main logic in the code, porting the open source libraries and
retargeting to bicycles. Al handled a lot of the data transfering logic between machine learning models
and most of the visualizations and table generation from the data acquisition.

The writing stage used a specific ruleset within Cursor that disallowed Al to directly write text in my
repository. | used a custom Teacher-Student ruleset, in which Al was always looking over my shoulder
during writing and giving direct feedback on the text | wrote. | first made the thesis in bullet points and
asked feedback on the contents. | then wrote the thesis in smaller blocks and asked for correctness.
Finally, everything was put together using lots of help in structuring the contents to make it as clear as
possible. In this stage | used many state-of-the-art models including Claude Opus 4.7/4.8/Fable 5 high
thinking models and OpenAl GPT 5.5 medium thinking models.
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summary

Cycling accidents are rising, and most one-sided crashes stem from a loss of control whose cause is
rarely understood. The kinematics that would explain such events, such as roll, steering and crank
angles in the moments before a crash, are not captured by the, sometimes, available video footage
of the crash. This thesis asks whether these kinematics can instead be reconstructed from a single,
static, monocular RGB camera.

The core obstacle is data. Unlike human pose estimation, there is no large public dataset of real bicycle
motion with three-dimensional ground truth. The work therefore contributes a synthetic data generator
that combines MuJoCo rigid-body simulation with photorealistic Blender rendering to produce physi-
cally plausible bicycle motion with exact two- and three-dimensional keypoint annotations. Second,
it introduces 3D-BIiKE, a modular pipeline tool that detects the bicycle with RF-DETR, estimates two-
dimensional keypoints with RTMPose, and lifts them to root-relative three-dimensional keypoints with
PoseMamba, a neural state-space model, from which roll, steering, and crank angle are extracted.
Third, it assesses whether a state-space lifter designed for articulated human motion transfers to the
rigid dynamics of a bicycle.

Trained only on synthetic data, the pipeline reaches a mean per-joint position error of 17:6 mm on
validation data, better than human pose estimation methods trained on far larger real datasets. The
derived roll, steering, and crank angles are recovered to 1:4 , 3:0 , and 5:1 root-mean-square error,
substantially improving over the only comparable prior bicycle estimator. These results, though using
only synthetic data, establish monocular keypoint lifting trained as a credible foundation for video based
cycling safety analysis, with validation on real footage as the essential next step.

11
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Nomenclature
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Symbol Definition Unit
t Frame index [1]
] Keypoint index [
J Number of semantic keypoints [
T Temporal window length [frames]
S Window stride along a clip [frames]
r Root keypoint [
N Number of frames [
d feature width [
L State-space depth [
dm Token embedding dimension [
Roll angle of the rear frame [ ]
Steering angle of the front assembly [ 1]
Crank (pedal) angle []
o - Angular rates of roll, steering, and crank [ /9]
X Three-dimensional position of keypoint j in framet  [m]
Xot;j Root-relative three-dimensional position [m]
Ut Image-plane location of keypoint j [pX]
U Bounding-box-normalised two-dimensional input [i]
tensor
I RGB image at frame t [
Camera projection onto the image plane [1]
h(t) Hidden state [1]
u(t), y(t) Input and output of the state-space model [1]
A B,C State, input, and output matrices [
L Total training loss [
3D, N Vs Weights on MPJPE, N-MPJPE, velocity, and [i]
smoothness terms
v Weights on roll, steering, and their rate losses [1]
St scale used in N-MPJPE calculation [
Vij Inter-frame keypoint velocity [m]
Standard deviation of added two-dimensional train- [i ]
ing noise
r, rq Pearson correlation of roll and steer angles [
f Frequency [HZ]
Cyxy(F) Coherence at frequency f [
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Introduction

N

Cycling is a popular mode of transportation and a healthy activity (Zargarzadeh et al., 2026). However,
in the Netherlands the amount of cycling related accidents is on the rise for electric bicycles. According
to a report by VeiligheidNL, the number of cycling accidents requiring a visit to the emergency room
increased by 100% for electric bicycles in the period 2020-2024 (Krul et al., 2025). The most common
type of severe accident, 65% for electric bicycles, is a one-sided accident due to loss of control of the
bicycle. No reason is given however why the victims lost control of their bicycle. Understanding why
loss of control occurs is crucial for improving safety on bicycles.

Obtaining the bicycleis kinematics during a crash would be ideal for investigating loss of control. Quan-
tities such as roll and steering angle describe how the bicyclei rider system is oriented and controlled
in the moments before and during an incident. Together with translational motion, they specify the bi-
cyclels kinematic configuration (Meijaard et al., 2007). That configuration is the input vehicle-dynamics
models use to assess whether stability limits were approached, if corrective steering inputs were made,
and how the rider interacted with the machine in the pre-crash phase.

In post-incident analysis, this level of detail is rarely available. Police reports and hospital records only
document outcomes and injuries, and the perceived cause of the accident by the rider and possible
bystanders. Crashes are sometimes recorded though, for example by dashcams, traffic cameras, or
smartphones. The footage may be the only remaining trace of the event. Yet, roll and steering can-
not be read directly from a single two-dimensional image. Reconstructing these quantities from such
recordings therefore requires a method that can infer the three-dimensional configuration of the bicycle
from monocular video.

Traditionally, bicycle kinematics are measured in controlled experiments using bicycles fitted with roll
and steer sensors, or using optical motion-capture systems that triangulate markers on the frame and
rider. Both approaches constrain where and how data can be collected. Roll is particularly difficult to
measure in the field because lean angles during normal riding are small, yet roll is central to bicycle
stability (Meijaard et al., 2007). Laboratory setups therefore often rely on a ground-referenced frame
or sensor cart that measures bicycle roll relative to the road surface. That arrangement is unsuitable
for crash analysis: the bicycle may be damaged in the fall or leave the instrumented volume. Motion
capture allows the rider and bicycle to move more freely within a capture volume, but still requires a
multi-camera installation and a bounded workspace. Neither method yields roll and steering histories
for uninstrumented bicycles in uncontrolled, in-the-wild crash footage.

An alternative is to infer the bicyclefs three-dimensional configuration directly from monocular video,
without instrumenting the bicycle beforehand. In computer vision, much attention has been given to
the development of methods capable of estimating the three-dimensional body configuration of humans
from a single camera. They are used, for example, in traffic-safety analysis of pedestrians and in clinical
gait assessment (Chen et al., 2020). Such methods typically output either anatomical landmarks such



1.2. Related work 2

as elbows and knees (Huang et al., 2024; Maiji et al., 2022), or kinematic quantities such as joint angles
(Bittner et al., 2023). Modern estimators are neural networks trained by matching their predictions
to known keypoint locations supplied with each training image or clip (lonescu et al., 2014; Lin et
al., 2014). These datasets are large: COCO alone contains hundreds of thousands of images with
two-dimensional person landmarks in everyday scenes, and Human3.6M supplies 3.6 million frames
of three-dimensional joint positions. Human pose estimators reach useful kinematic accuracy when
that large-scale, high-quality supervision is available. For bicycles, no comparable public resource
exists: there is no large dataset of images or monocular video paired with synchronised two and three-
dimensional keypoints. Without access to this supervision, the same learning approach cannot be
trained or evaluated for bicycle kinematics.

0000 Doooooh Looo

Published bicycle vision work has not matched the scale of human pose estimation (Section 1.1),
though it does receive some attention. In intelligent transportation research, bicycles are usually treated
as vulnerable road users whose global position and orientation must be estimated for behaviour predic-
tion or collision avoidance (Y. Gu & Kamijo, 2014). Six-degree-of-freedom (6D) object-pose methods
(Mousavian et al., 2016) would represent a bicycle as a rigid box and estimate its three-dimensional
translation and rotation in the camera frame. That formulation is insufficient when handlebar steering
or pedal orientation change, because the visible shape of the bicycle and its effective travel direction
decouple from a single rigid bounding box. Recent work therefore extends rigid 6D estimation toward
articulated bicycle models.

To date, the most direct prior study is the monocular eight-degree-of-freedom (8D) pose estimator
of Corral-Soto et al. (2025) for articulated bicycles and cyclists. Their 8D estimation methodology
comprises global three-dimensional translation, three body-frame rotation angles, and two articulation
angles: steering and pedal rotation, both relative to the bicycle frame. Two parallel prediction networks
regress these parameters jointly with 11 keypoints (e.g. wheel centres, handlebars, pedals), using
synthetic renderings for three-dimensional supervision and a small set of hand-labelled real images for
two-dimensional fine-tuning. On synthetic validation images, global rotation and in-plane translation
errors are competitive with similar rigid 6D monocular estimation models, but steering and pedal angles
remain difficult: reported mean absolute errors are approximately 25 and 31 respectively. The method
operates on single RGB frames, does not model temporal dynamics across a clip, does not target roll
angle explicitly, and neither the training data nor the implementation has been released publicly.

Gildea et al. (2024) developed a pipeline that estimates human kinematics during a bicycle crash sce-
nario. They extract rider kinematics from monocular video of cyclist falls and use the reconstructed mo-
tion to initialise forward-dynamics human body models for injury analysis. Their pipeline combines deep-
learning human pose estimation with a temporally optimised inverse-kinematics refinement, KinePose,
that enforces biomechanical joint constraints and temporal consistency on the estimated pose (Gildea
et al., 2022). Although the case study concerns a bicycle crash, the bicycle itself is disregarded: only
the rider is reconstructed. That omission leaves a gap for loss-of-control analysis, where the bicycleis
kinematics are crucial for understanding the cause of the crash. This method does however show that
a modular approach utilizing state-of-the-art human pose estimation methods can work well for esti-
mating kinematics. Together with the limitations of existing articulated bicycle pose estimators, prior
work therefore still lacks a public video dataset of annotated bicycle three-dimensional keypoints and
an evaluation of whether human-pose pipelines can recover bicycle kinematics from monocular video.

000 DoLoDooL 0UoUoibot bot tutibou tiiitoog

This thesis addresses the gaps above by recovering local bicycle kinematics from monocular RGB
video: roll, steering, and crank angle. A modular approach was taken where root-relative three-dimensional
bicycle keypoints are estimated first, and the configuration angles are derived from that skeleton after-
wards. Global translation and full body orientation in the scene are deliberately excluded, except for
the lean recovered as roll, so that the analysis targets local kinematics rather than full six-degree-of-
freedom pose.

Monocular video is a plain sequence of two-dimensional measurements at each instant. A usable three-
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dimensional reconstruction must be consistent across frames: neighbouring images should yield com-
patible keypoint positions, not independent snapshots. Human pose methods therefore analyse entire
sequences at once, combining two-dimensional keypoint estimates over time to reconstruct a three-
dimensional configuration. A recent class of networks known as neural state-space models carries out
this temporal step with a recurrence inspired by dynamical systems: an internal state is propagated
forward and updated as new image information arrives, in the same spirit as state estimation. Because
bicycle motion is comparatively smooth and constrained by a rigid frame, such a state-based temporal
model is a natural candidate for the lifting stage.

The end product of the pipeline is the recovered angles, not the keypoints themselves. However, no
established bicycle benchmark defines a pass/fail threshold on roll or steering for this setting, and no
directly comparable method reports local roll at all. Success is therefore judged primarily by how well
the recovered roll, steering, and crank tracks match simulation ground truth on the validation set of
synthetic clips. Mean per-joint position error (MPJPE), the pose estimation standard accuracy metric,
is retained as a diagnostic of intermediate keypoint quality and for comparison with the human three-
dimensional pose literature. State-of-the-art human three-dimensional pose estimation reaches roughly
35mm MPJPE on large real datasets (Huang et al., 2024). Approaching that value on the bicycle
validation set would indicate a promising intermediate keypoint reconstruction relative to that literature.
Approaching or exceeding this value would suggest that the methods transitioned well from the human
to the bicycle domain.

On that basis, the central research question is:

Can a temporal state-space keypoint estimation pipeline, trained on synthetic video clips,
recover roll, steering, and crank angle from monocular RGB video of a bicycle with accuracy
useful for kinematics analysis, when evaluated against simulation ground truth on a held-out
validation set?

Success is judged as follows.

1. Primary outcomes. Roll, steering, and crank angles derived from the estimated keypoints
are compared with simulation ground truth on the validation set using Root-Mean-Square Er-
ror (RMSE). No single pass/fail threshold is imposed on the angles, because acceptable error
depends on the intended use.

2. Secondary measure. MPJPE on the same validation clips. Values near or below the approxi-
mate 35 mm indicate good transfer from humans to bicycle pose estimation.

000 O00poiooono

This thesis makes the following contributions:

1. The 3D-BIiKE (3D Bicycle Kinematics Estimation) pipeline. A modular chain from monocu-
lar RGB video to local bicycle kinematics: a bounding-box detector localises the bicycle, a two-
dimensional keypoint estimator recovers a fixed set of bicycle landmarks on the bicycle image,
and a temporal state-space lifter reconstructs root-relative three-dimensional keypoints over an
image sequence. Roll, steering, and crank angle are then obtained by post-processing algo-
rithms on the keypoint set, so the end product is configuration over time rather than keypoints
alone. Training and inference both use detected, bounding-box-normalised two-dimensional in-
put so that evaluation matches real-world usage of the pipeline. The model choices and settings
are given in Chapter 3.

2. A synthetic bicycle data generator for supervised training. A MuJoCoi Blender pipeline pro-
duces photoreal images and image sequences of bicycle trajectories with aligned labels: bound-
ing boxes, two- and three-dimensional keypoints, and the corresponding configuration angles.
The generator supplies either single images or temporal clips, closing the annotation gap identi-
fied in prior work. Because trajectories and labels are produced automatically, the tool makes it
practical to generate large training and validation sets without manual annotation.

3. An evaluation of neural state-space models for estimating bicycle kinematics. An assess-
ment of whether a state-space lifter designed for human video can estimate keypoints well enough
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to be able to extract useful roll, steering, and crank angles on image sequences, with MPJPE re-
tained as a diagnostic of intermediate keypoint quality. Roll, steering, and crank are recovered
with three geometric extraction algorithms developed for this work and applied identically to pre-
dicted and ground-truth keypoints.

Training and evaluation in this thesis rely on synthetic data. Generalisation to real monocular footage
remains open and is discussed as a limitation in Chapter 5. The trained 3D-BiKE pipeline will be made
publicly available on the Bicycle Lab GitHub alongside the synthetic dataset generator and the datasets
used in the thesis.

0101 bU0Uo DOodedo

In this thesis, the development of the 3D-BiKE pipeline from the initial idea and dynamics foundation to
the final results is presented in the following chapters. Chapter 2 introduces the dynamics foundation
of the thesis and the problem formulation. Chapter 3 presents the models used in the pipeline, the syn-
thetic dataset generation and the inference and training pipeline. Chapter 4 presents the performance
metrics of the pipeline and the in depth analysis of the SSM based 3D keypoint estimator. Chapter 5
interprets the results and the limitations of the thesis. Chapter 6 concludes the thesis and presents the
future work.

Additional explanations and results are presented in the appendices.



Problem formulation

The introduction motivated why bicycle kinematics are worth recovering from ordinary video. This
chapter states what is estimated, from what, and why the estimation is difficult. The aim is a clear
description of the problem rather than a description of the solution.

0i0] OidoO oo 0obUiiiiot Oo booobooo

The objective of this thesis is not to reconstruct the visual appearance of a bicycle, but to estimate
its mechanical configuration over time. For vehicle-dynamics applications, the quantities of interest in
local frame are a small number of configuration variables that describe how the bicycle is oriented and
controlled. Following the work by Meijaard et al. (2007), with the addition of the crank angle, three
variables are targeted here (Figure 2.1a):

A the roll angle , the lean of the rear frame about its longitudinal axis relative to the vertical (equiv-
alently the road normal under the flat-road assumption);

A the steering angle , the rotation of the front assembly about the steering axis relative to the
midplane of the rear frame;

A the pedal (crank) angle , the rotation of the crank about the bottom-bracket axis, with right-pedal-
up defined as zero.

9

4

|

g 1
(a) Kinematic quantities of interest on the bicycle
estimated in the 3D-BiKE pipeline: roll , steering (b) Semantic bicycle keypoint set. Lefti right pairs that overlap in this view are labelled

,and crank . together.
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These configuration variables describe the bicycle as a mechanical system and are more useful for
model validation, motion analysis, and comparison with conventional sensor measurements than raw
three-dimensional coordinates. The sign conventions and the algorithms used to extract these angles
are fixed consistently across dataset generation, training, and evaluation, so that a single definition is
used throughout the pipeline.

Crucially, this work does not regress these configuration variables directly from images. Instead it
estimates the three-dimensional positions of a fixed set of points on the bicycle, and the angles are
computed from that set afterwards. Some human-motion studies regress joint kinematics directly from
video without an explicit three-dimensional intermediate representation (Bittner et al., 2023), and the
articulated bicycle estimator of Corral-Soto et al. (2025) likewise predicts steering and pedal angles in
a single-frame regression. A direct angle regressor with physical constraints on the estimates and their
rates can be attractive when the only required outputs are , , and . The keypoint intermediate is
retained here for being able to report keypoint estimation accuracy in the same terms as the human
pose estimation literature. The trade-off is that physical constraints are not enforced at inference: the
angles inherit whatever inconsistency remains in the estimated keypoints.

Oiof 00O oot booboodog

The interface between the computer-vision pipeline and the kinematic interpretation is a set of semantic
keypoints. A semantic keypoint is a labelled point with a fixed physical meaning on the bicycle, for
example a rear hub, the bottom bracket, or a wheel ground-contact point. This work uses J = 18 such
keypoints (Figure 2.1b). Their placement was chosen so that the midplane of the rear frame can be
formed reliably from the landmarks, and so that the keypoints used for estimating the steering angle
span as large a distance as possible, which theoretically reduces the sensitivity of the derived angles
to keypoint noise. Indices in the figure match the full name and description list in Appendix A. In side
view, lefti right pairs that coincide (handlebar ends, front hubs, rear hubs) share a single marker and
are labelled jointly.

Keypoints are used in preference to dense mesh reconstruction or CAD-model fitting for four reasons.
First, a sparse keypoint set is compatible with established human pose estimation tooling (COCO Con-
sortium, n.d.; Lin et al., 2014), in which a two-dimensional detector is followed by a three-dimensional
lifting model, and this thesis deliberately reuses that existing tooling. Second, sparse keypoint labels
can be generated exactly and cheaply from the simulation-and-rendering pipeline, whereas dense cor-
respondence labels cannot. Third, a carefully chosen sparse set is sufficient to constrain the wheel
planes, frame orientation, and steering assembly that the roll and steering angles depend on. Fourth,
CAD-model fitting requires a parametric model, such as SMPL for humans, that does not exist yet for
bicycles.

O N

The keypoints are expressed in camera coordinates, which aligns with the intended use case: a static
monocular camera observes the scene, and the estimated three-dimensional configuration is naturally
expressed relative to that camera. The learning target, however, is root-relative. A single reference
keypoint r on the rigid rear frame is subtracted from every joint in each frame,

Xt =Xej Xer; j=1;:009; (2.1)

where X¢j 2 R3 is the position of keypoint j in frame t. This removes the global translation of the
bicycle in the scene, which is only weakly observable from a single camera, while preserving the relative
geometry from which roll and steering are later computed.

The reference keypoint r is chosen to be the bottom bracket. It lies on the rigid rear frame, is near
the centre of the machine, and is visible in most views, so the subtraction in Eq. (2.1) is well defined
for almost every frame. A ground-contact point is the more common root in bicycle dynamics, where it
conveniently places the bicycle on the road. For image-based estimation that choice fails: the contact
point is frequently occluded, does not have clear intersections with other frame geometry, and often
lies near the noisy edge of the bounding box. The steering assembly is equally unsuitable because it
moves relative to the rear frame.
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Roll, steering, and crank are obtained from relative vectors and planes formed by the chosen keypoints,
not from the absolute position of any point in the world. Steering and crank are intrinsic to the bicycle:
they measure relative rotation between assemblies, so the same geometric definitions apply in the
camera frame and in the simulation. Roll is different. In the classical bicycle model, is lean relative to
the global vertical vector (Meijaard et al., 2007). Because the raw keypoint output here is expressed in
camera coordinates following the OpenCV coordinates (X right, Y down, Z forward along the optical
axis) (Bradski, 2000), the roll recovered from them is a local lean relative to the camera, not neces-
sarily the absolute roll stored in MuJoCo. The extraction algorithm and that distinction are detailed in
Chapter 3.

0i0f 000 Loiiodiot boooidd Lo 0o ooty bobomod

The relationship between a bicycleis configuration and its image can be written as a forward chain. Let
gt collect the configuration of the bicycle in frame t (the variables of Section 2.1 together with the global
pose that is later discarded). The chain proceeds in three stages:

Ge @ X¢ ¥oue W oIg 2.2)

Here g is the rigid-body forward kinematics that maps a bicycle configuration gy to the three-dimensional
keypoint positions X; = fX¢jg. is the camera projection that maps each three-dimensional keypoint
to its image-plane location u¢;j 2 R?; and R is the rendering process that turns the scene into pixels I
subject to appearance, lighting, and occlusion. Each stage loses information:  discards depth, and R
entangles the keypoints with everything else in the scene. Estimating bicycle kinematics from video is
the inversion of Eq. (2.2). The pipeline of this thesis performs the inversion in the same staged manner,
which can be summarised as

f
lr 0 Xyt " Moy N o (2.3)

where l1.1 is a monocular RGB image sequence, X,.7 is the estimated sequence of root-relative three-
dimensional semantic keypoints, and Al;T; Al:T; Al;T are the derived configuration variables. The two
maps in Eg. (2.3) are fundamentally different in character. The map h is a deterministic extraction:
given correct keypoints it returns the angles exactly, by construction. The map f is the learned inverse
of the appearance-and-projection part of Eq. (2.2). It must undo a process that is not invertible in the
strict sense, and it is therefore the cause of all of the difficulty. The thesis thus reduces to a single hard
guestion: how accurately can f be learned to recover the configuration variables from the estimated
keypoints?

Four properties of the problem make the learned inverse f in Eqg. (2.3) difficult. The first three are
intrinsic to recovering three-dimensional geometry from a single moving camera; the fourth is specific
to bicycles and is the practical bottleneck of this thesis.

0J0000 00000 000 oo bOoioDoo

The projection in Eg. (2.2) maps three-dimensional points onto a two-dimensional image, and there-
fore throws away information. The quantity that is lost is depth: how far each point lies from the camera.
Because of this, different three-dimensional keypoint configurations X can project to exactly the same
two-dimensional detections u on the image grid. Geometrically this follows from the pinhole camera
model: every point along a ray from the camera centre through a given pixel projects to that same
pixel, so moving a keypoint along the viewing direction leaves its image location unchanged. If several
keypoints can each slide in depth without altering their projected positions, then several distinct bicycle
poses are compatible with one and the same two-dimensional observation. Recovering X from u is
therefore under-determined from one frame alone, and a useful solution requires prior knowledge about
which configurations and motions are plausible.

A second, closely related ambiguity is absolute scale also due to the pinhole camera problem. A small
bicycle close to the camera and a large bicycle far away can produce the same image, so the true size
of the bicycle cannot be read from a single still frame. The root-relative target of Eq. (2.1) removes the
need to recover the absolute position of the bicycle in the camera frame, by expressing all keypoints
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relative to the bottom bracket. It does not resolve the underlying ambiguities: the relative depth of each
keypoint along the viewing direction, and the overall metric scale of the reconstructed skeleton, still
have to be inferred from priors rather than read off the image.

0i0I00 Do0DO0dn 0oboo 00o0oD 0oood toooo

The extraction map h in Eq. (2.3) is exact: given perfect keypoints it returns the true angles by construc-
tion. Its weakness is that it has no way to reject error. Any noise in the estimated keypoints passes
directly into the angles, and the geometry of the bicycle determines how strongly it is amplified on the
way.

For example, roll is derived from the direction of a roughly vertical vector v = X5 X, between two
keypoints on the rear frame, separated by a distance L = kvk, called the baseline. If one endpoint is
displaced sideways by a small error " perpendicular to v, the vector rotates by approximately

—; 24
3 (2.4)
using the small-angle approximation tan . The angle error therefore grows in direct propor-
tion to the keypoint error and in inverse proportion to the baseline: the same 40 mm of keypoint error
produces twice the angle error when the baseline is halved. Substituting representative numbers, a

keypoint error of 40 mm on a half-metre frame baseline gives 0:08 rad, or about 4:6 .

This sensitivity forms the basis for the accuracy target of the research question. For the derived roll
and steering angles to be meaningful at all, the keypoint error budget must stay in the range of a few
tens of millimetres.
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Section 2.3.1 established that f can only succeed by relying on a strong prior over plausible bicycle con-
figurations and their motion. In human pose estimation that prior is learned from large public datasets
that pair real images with three-dimensional ground truth from motion capture, together with very large
two-dimensional keypoint corpora (lonescu et al., 2014, Lin et al., 2014). No equivalent resource exists
for bicycles.

What is scarce is therefore not fidatad in general, and not the ability to render images: itis real monocular
video paired with synchronised three-dimensional semantic keypoints and with roll, steering, and crank
at the scale needed to train and evaluate a three-dimensional lifter, together with broad coverage of
bicycle geometries, riders, and scenes. The conventional response is to collect such a dataset in the
field, which is impractical here precisely because capturing bicycle keypoint and kinematics data is
incredibly difficult as explained in the introduction (Chapter 1).

The data gap is therefore part of the problem formulation. Because the lifter cannot be trained on real
annotated bicycle video at that scale, the prior must be supplied synthetically: motion is simulated,
rendered as standard red-green-blue (RGB) video, and exported with exact paired two- and three-
dimensional annotations. Generating ground truth on demand closes the annotation gap, but it does
not by itself guarantee that the learned prior is realistic compared to physical bicycle behaviour.

The temporal dimension matters here. Because the final estimator uses temporal context to resolve the
per-frame ambiguities of Section 2.3.1, the synthetic sequences must contain plausible frame-to-frame
evolution of roll, steering, and crank not merely visually varied still images. A dataset of uncorrelated
random poses would teach f an unrealistic temporal prior and would sever the link between the esti-
mated keypoints and recoverable bicycle kinematics. The inverse problem therefore imposes a require-
ment on the generator: the synthetic motion must be physically plausible as well as photoreal. How
that requirement is approached in MuJoCo (controller design, fall-over filtering, and the limits of those
checks) is described in Chapter 3; full validation of the simulator against real-world bicycle dynamics
is outside the present scope and remains a limitation.

Oiol o oot boo 0oooo

In short, the thesis inverts Eqg. (2.2) through a learned keypoint estimator f and a fixed angle extractor
h. Depth and scale are ambiguous from one camera, angle extraction amplifies keypoint error, and the
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motion prior has to come from synthetic data. Scope is limited to root-relative local kinematics of one
bicycle under a static monocular camera and a flat-road assumption. The next chapter describes the
pipeline that implements this inversion.



Methods: data generation and
learning pipeline
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This thesis attempts to solve the inversion of Chapter 2 in two parts: a synthetic generator that supplies
labelled training data for training the required models, and an estimation pipeline that utilizes these
trained models to recover local bicycle kinematics from monocular RGB video. The estimation side is
split into four subproblems:

1. localise the bicycle in the image;

2. estimate two-dimensional semantic keypoints on the focused bicycle;

3. lift those landmarks over a temporal window to root-relative three-dimensional keypoints;
4. recover roll, steering, and crank by geometry from the three-dimensional keypoints.

That decomposition follows the standard process used in human pose estimation: bounding box, then
two-dimensional keypoints, then a lift to three dimensions. It is reused because each stage is indepen-
dently replaceable and evaluable, and because proven tooling already exists for these stages. What
is bicycle-specific is the landmark set (Figure 2.1b), the synthetic training motion, the lifter trained on
bicycle clips, and the local angle extraction algorithms. Chosen model and their corresponding settings
for each stage follow below; Figure 3.1 summarises the overall estimation pipeline graphically.
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To train the models for the estimation pipeline, the data problem needs to supply temporally coherent bi-
cycle motion with exact configuration ground truth (Section 2.3.3). Synthetic trajectories are generated
in the MuJoCo rigid-body dynamics simulator (Todorov et al., 2012). MuJoCo is used so that motion is
smooth across frames by imposing dynamical constraints rather than a sequence of unrelated poses.
The three-dimensional lifter is trained on clips, so unrealistic jumps in position would corrupt the tempo-
ral prior it learns. The same physically driven poses are also assumed to help single-image training. By
exposing the two-dimensional detector to configurations that arise from continuous motion, the training
data distribution also contains more data of situations that are most likely to occur.

A bicycle model was built in the standard model format used by MuJoCo with dimensions and inertial
properties of a standard city bicycle (Figure 3.2). In human pose estimation the root joint is often
the pelvis, chosen for its central location and robustness under occlusion. In bicycle modelling the
rear-wheel contact point is a common road reference, but for image-based estimation that point is
frequently occluded and difficult to infer due to being isolated from other well-defined geometry. The
bottom bracket is therefore used as the root: it lies near the centre of the rigid rear frame and has clear
intersections with the frame tubes.

10
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The simulated bicycle follows a randomised yaw direction along time built from a library of manoeuvres

A Raw Image B Bounding boxing

C 2D Detection D 3D Lifting

=

(4
E Local Kinematics
Stear | Roll vs Frame
40 — sieer pred ideq) |
/\ o ]
E] 3 ﬁ - mTﬂl:-lil 1
0 fyur® \\'_ |

Crank Anghe vs Frame

Figure 3.1: The 3D-BIiKE pipeline from raw image to bicycle kinematics

typical of ordinary riding (Figure 3.3):

A Straight riding
A Smooth turn
A Circle

A zigzag

A Avoidance

A Lane change
A Figure eight
A Accelerate

A Decelerate

A Coast
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Manoeuvres are randomly sampled and concatenated into a complete trajectory (Figure 3.3). The
heading change is set by the manoeuvre type, while the time allowed to execute it is randomised,
which varies turning rates across clips.

Figure 3.2: The bicycle model in MuJoCo.
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(b) Example randomised full trajectories formed by concatenating sampled manoeuvres from a shared start.

Figure 3.3: Trajectory generation: individual manoeuvre patterns (top) and randomised concatenations used for simulation
(bottom).
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Tracking of the yaw trajectory uses two PID controllers: a forward-velocity controller that applies torque
to the rear wheel to hold the speed set by the trajectory, and a heading controller that applies a roll torque
to the frame to lean the bicycle into a turn. A steering-angle controller was considered but rejected as
it was too complex for this use case, because it would require a difficult to tune two-loop controller.
The goal of this controller is to allow smooth trajectory generation, not completely accurate bicycle
control. The currently implemented, simpler, heading controller has the side benefit that it can apply
a restoring torque when roll grows too large, which improves stability during aggressive manoeuvres.
Pedal motion is not independently controlled: a rotational coupling between the rear wheel and the
crank, with a randomised gear ratio, drives the crank angle.

Stable motion is ensured by two closed-loop controllers for the speed and heading instead and an
algorithm assertion that discards any trial whose roll exceeds a fall-over threshold. Heading is actuated
by a roll torque applied to the bottom bracket rather than by counter-steer as on a real bicycle, the rider
is not part of the physics, and crank cadence is tied to wheel speed. A full comparison of the simulated
motion to real-world bicycle dynamics is outside the present scope (Section 2.3.3).

Trajectories are simulated at 200 physics steps per second and record the following generalised coor-
dinates: a seven-dimensional floating-base pose (Cartesian XYZ position and orientation quaternion)
plus rear- and front-wheel rotation, pedal angle, and steering angle. The output generalized coordinates
are resampled to 60 steps per second using linear interpolation for use in Blender.

00 DUU000IOd 000 boUbitogoo

MuJoCo trajectories are transferred onto four different bicycle models in Blender, with each time step
stored as a keyframe. Linear keyframe interpolation is used so that Blender does not alter the physics-
driven motion. Six Blender-ready riders with varied appearance and gender obtained from Mixamo
(Adobe, 2026) are attached to the bicycle and animated using inverse kinematics. The riders were not
part of the simulation but were added after the simulation to add appearance diversity and occlusion of
the keypoints on the bicycle.

Scene appearance is varied with publicly available High Dynamic Range Image backgrounds. These
backgrounds contain 360 degree photos of real-world locations with accurate lighting information for
accurate shadows in the Blender rendering Lighting strength is randomised to mimic different times of
day, and fog with randomised density is added to produce lower-contrast images. This visual diversity
is aimed mainly at the two-dimensional keypoint detector, which must generalise across scenes and
lighting.

Two camera modes are used because the two training tasks impose different geometric constraints. In
fixed mode, used for static images for the two-dimensional detector, the camera is placed at a random
point on a sphere of radius 8i 14 m around the bicycle at one instant of the trajectory. Elevation is drawn
from a Gaussian distribution about the horizontal plane with standard deviation 20 , the polar angle is
uniform from 0 to 360 , and the camera is aimed at the middle of the handlebars. A ray-cast occlusion
check rejects blocked views and resamples until the bicycle is visible. That placement gives useful
depth and scale variation for the detector, but a fixed camera that must cover a long path sits far away
and the bicycle often leaves the camera view, impractical for high-quality long clips. Tracking mode
solves this: the camera is again placed on a sphere around the bicycle but then follows the same path,
keeping the subject relatively large and centered for temporal windowing of the three-dimensional lifter.
Because the lifter consumes bounding-box-normalised two-dimensional coordinates, absolute depth is
less critical at that stage than for the two-dimensional detector.

Rendered frames are exported as PNG images at 1920 1080 pixels. For each frame the pipeline stores
semantic keypoints in image coordinates and in OpenCV camera-space three dimensions, together
with ground-truth bounding boxes so the same generator can feed detector training and the later lifter
dataset.
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The renders above are organised into two separate datasets, one for each learning stage.
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Static-image dataset This set contains 10 000 images rendered with the fixed-camera protocol above,
labelled with bounding boxes and two-dimensional keypoints, and split 8000=1000=1000 for training/val-
idation/test. Assets include four bicycle frames, manually modified and rigged in Blender to match the
MuJoCo degrees of freedom, and six unique riders. Scene appearance, weather, lighting, frame, and
rider vary as in the previous section.

Clip dataset This set preserves sequence structure: 43 unique tracking-camera clips of 2189 frames
at 60 fps (94 101 unique frames), each with randomised trajectories. Clips store two-dimensional key-
points, confidences, bounding boxes, and root-relative three-dimensional keypoint targets. The lifter
does not consume a full 2189-frame clip at once. Instead, each clip is cut into shorter windows of T
consecutive frames; T is the temporal context length of the model (default T = 243). Windows are
advanced along the clip by a fidatad stride s: the next window starts s frames after the previous one.
For training, s  T=3 (default s = 81), so consecutive windows overlap by about two thirds of their
length and the same motion is seen in several slightly shifted sequences. For the validation and test
parts of the dataset the stride is set to s = T, so windows do not overlap and each frame is scored
once. Table 3.2 lists how many windows result for each (T;s) configuration discussed later.

The default lifter training set uses detected two-dimensional inputs: bounding boxes from RF-DETR
and keypoints from RTMPose, normalised by the detected box so that training matches real world use
of the pipeline. A parallel set with ground-truth projected two-dimensional keypoints is kept only to
isolate how much three-dimensional error comes from the lifter itself when upstream detection noise is
removed.
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Figure 3.4: RF-DETR performance on the COCO dataset (Robinson et al., 2025).
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The following subsections cover the first three estimation pipeline subproblems: localise the bicycle,
estimate two-dimensional landmarks, then lift them over time. Each subsection states the subprob-
lem, the method class, and the chosen model before going into architecture and settings. Landmark
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definitions are those of Figure 2.1b and Appendix A.

A Input figure

C Middle DINOw2 laver 6 features (PCA RGB)

B Early DINOw2 patch features

Figure 3.5: First stages of RF-DETR processing an input image.
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The first subproblem is to find a rectangular image region that contains the bicycle so that later stages
process a crop: a cut-out of that region rather than the full frame. Cropping removes background clutter
and presents the bicycle at a more consistent scale to the two-dimensional keypoint estimator, which
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