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Kurzfassung

Einer der entscheidendsten Aspekte der Fahrzeugherstellung ist die Gewährleistung der
Sicherheit der Fahrzeuginsassen. Da fahrerbedingte Faktoren wie Müdigkeit und Ablen-
kung zu einem Großteil der Unfälle beitragen, ist die Überwachung der Fahrer*innen
wesentlich, um die Verkehrssicherheit zu verbessern. Fortschritte im Bereich des maschi-
nellen Sehens haben den Einsatz kostengünstiger Bildsensoren zur Implementierung von
Fahrerüberwachungssystemen ermöglicht. In dieser Arbeit interessierten wir uns für die
Schätzung der 3D-Pose von Fahrer*innen mit dem Ziel, menschliche Skelettdarstellun-
gen aus Eingabebildern mithilfe von Deep-Learning-Methoden zu rekonstruieren. Da
Deep Learning jedoch große Datenmengen erfordert, ist die Erfassung realer Datensätze
kostspielig und herausfordernd. Synthetische Daten bieten eine attraktive Alternative,
die die Menge an benötigten realen Daten verringern kann, ohne die Genauigkeit zu
beeinträchtigen.

Unser Ansatz folgt einem dreistufigen Framework zur 3D-Pose-Schätzung. Die Pose-
Schätzungspipeline besteht aus vorgefertigten Modellen für die Personenerkennung und
die 2D-Pose-Schätzung. Anschließend verwendeten wir synthetische Daten, um verschie-
dene 2D-zu-3D-Human-Pose-Lifting-Modelle basierend auf unterschiedlichen neuronalen
Netzwerkarchitekturen für die letzte Stufe vorzutrainieren. Schließlich wurden diese
Modelle mit zunehmenden Mengen realer Daten feinabgestimmt.

Ein Experiment mit Drive&Act als Benchmark-Datensatz zeigte Genauigkeitsgewinne
für vortrainierte Modelle bei jeder Menge realer Daten, obwohl diese Gewinne mit
zunehmender Menge realer Daten abnahmen. Hybride Modelle wie GraphMLP und
GraFormer erzielten die besten Ergebnisse, wenn sie mit geringen bis mittleren Mengen
realer Daten trainiert wurden, während JointFormer, ein Transformer-Modell, die anderen
übertraf, wenn das vollständige reale Datenset verwendet wurde. Darüber hinaus stellten
wir fest, dass das nur mit dem synthetischen Datensatz vortrainierte Lifting-Modell
selbst dann eine angemessene Pose-Schätzungsleistung erreichte, wenn keine 3D-Pose-
Annotationen für die Ziel-Realweltdaten verfügbar waren, beispielsweise wenn deren
Erfassung zu kostspielig ist. Insgesamt deuten die Ergebnisse klar auf den Vorteil der
Verwendung synthetischer Daten zur Verbesserung der Genauigkeit der 3D-Fahrer*innen-
Pose-Schätzung hin, insbesondere wenn 3D-Pose-Annotationen für reale Datensätze nur
eingeschränkt verfügbar sind.
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Abstract

One of the most crucial aspects of vehicle manufacturing is ensuring passenger safety. As
driver-related factors such as fatigue and distraction contribute to a majority of accidents,
monitoring drivers becomes essential to improve road safety. Advances in computer
vision have enabled the use of affordable image sensors to implement driver monitoring
systems. In this work, we were interested in estimating 3D driver pose with the goal
of reconstructing human skeletal representations from input images using deep learning
methods. However, deep learning requires large amounts of data, and real-world dataset
collection is expensive and challenging. Synthetic data offers an appealing alternative
that might reduce the amount of real-world data needed while maintaining accuracy.

Our approach adopts a three-stage 3D pose estimation framework. The pose estimation
pipeline consists of off-the-shelf models for both human detection and 2D pose estimation.
Then, we used synthetic data to pre-train various 2D-to-3D human pose lifting models
based on different neural network architectures for the last stage. Finally, we fine-tuned
these models with increasing amounts of real-world data.

An experiment with Drive&Act as a benchmark dataset revealed accuracy gains for pre-
trained models with any amount of real-world data, though these gains diminished as more
real data became available. Hybrid models like GraphMLP and GraFormer performed
best when trained on low to moderate amounts of real-world data, while JointFormer, a
transformer model, outperformed others when trained with the full real-world dataset.
In addition, we found that the lifter pre-trained only with the synthetic dataset still
achieved reasonable pose estimation performance even when 3D pose annotations for the
target real-world data were not available, such as when they are too costly to obtain.
Overall, the findings clearly suggest the advantage of using synthetic data for improving
the accuracy of 3D driver pose estimation, especially when 3D pose annotations for
real-world datasets are limited.
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CHAPTER 1
Introduction

In recent years, the way we drive our cars has rapidly transformed. At the beginning of
the 21st century, we saw vehicles with simple parking sensors that sounded when other
objects came too close. Some cars also came with rear cameras to help drive backward.
However, these features only provide information to make driving easier. Newer cars offer
even more advanced driving assistance features that control our vehicles directly. These
features include lane control, automatic slowing down, and braking when too close to the
vehicle in front. We move closer and closer to manufacturers’ ultimate goal: to build fully
autonomous vehicles. Having such a system will be beneficial to road users. Not only is
it a convenience for passengers, it is also safer. Dingus et al. [DGL+16] estimated that
driver-related factors such as fatigue and distraction lead to 87.7% of crashes. People
sometimes use phones or messaging applications while driving. At other times, they may
be fatigued and fall asleep. These behaviors could lead to fatal accidents. Self-driving
vehicles have the potential to mitigate such risks. Moreover, the economy could benefit
from higher efficiency. Trucks can deliver goods without rest, and taxis and buses can
service passengers all night.

There is still a long way to reach the goal of fully autonomous vehicles. Currently, many
car manufacturers are offering semi-autonomous systems for certain high-end automobiles.
These systems, at their best, can drive the car for us most of the time, but they still
require drivers to pay full attention to the road and take control when necessary, as the
systems may make mistakes in unexpected situations. However, maintaining this level
of vigilance is increasingly difficult due to human nature. We tend to become bored or
sleepy when we need to sit still without activity, causing us to shift our attention to
distractions, such as mobile phones [KSZ15, AMA+23].

Because human behaviors are a major factor in road accidents, a necessary step to prevent
risky actions is to implement a driver monitoring systems (DMS). Car manufacturers
have been constantly improving these systems to enhance passengers’ safety. Initially,
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1. Introduction

cars simply checked if occupants used seat belts. Then, in 2008, they began checking
for drowsiness from steering patterns, and by 2016, vehicles were equipped with in-
cabin cameras facing the driver to monitor face and eyelid movements [MBB+21]. These
systems can alert passengers [NPN+24], or even apply emergency brakes if they determine
that a driver is unable to respond to dangerous scenarios [MKM22]. The potential for
enhanced safety is so significant that the European New Car Assessment Programme
(Euro NCAP) included the system as part of its safety rating in 2023, and the European
Union has mandated all new vehicle models to include the DMS from 2024 in the recent
General Safety Regulation [The23].

Recent advancements in computer vision have opened up vast possibilities for the DMS.
One exciting task for such systems is human pose estimation (HPE), a classic computer
vision challenge. It involves calculating the position in either 2D or 3D coordinates
of critical key points of the human body, such as the head, arms, and hands. The
results are typically visualized as stick figures with dots representing anatomical joints
and lines representing bones. We can use these poses as a compact representation of
the body, free from challenges associated with raw images, such as lighting conditions,
varied environments, and large data sizes. With pose data, we can classify human
actions [XLL+23, RLDL24], perform human tracking [ZML+23], and enable gesture
recognition [DSWV16]. All of these capabilities provide valuable information for creating
a sophisticated DMS.

3D human pose estimation (3D HPE) is the ultimate goal as it is less ambiguous than
2D approaches. Traditionally, we can use multiple cameras to determine the accurate
position of each joint using triangulation methods. However, there are practical obstacles,
as we need to carefully calibrate the cameras’ parameters, and even slight perturbations
in camera position or angle can lead to significant errors. Advancements in deep learning
now allow us to achieve comparable results with only monocular images [ZWC+23]. Using
a single camera could simplify installation and reduce costs. Yet, a significant barrier
remains: the lack of labeled data. Recording drivers in various environments, poses, and
actions can be expensive and potentially dangerous. Furthermore, annotating 3D poses
is inherently challenging. We typically acquire high-quality ground-truth data using
motion capture technology, which is generally confined to controlled studio environments
[WTZ+21, LBSM23].

1.1 Aim of the Work
This thesis investigates the possibility of using synthetic datasets to alleviate the need for
extensive real-world data acquisition. We aim to evaluate the effectiveness of synthetic
data as a foundation for transfer learning of monocular 3D HPE models to real-world
scenarios. Using synthetic data provides significant advantages. Not only do we know
the exact position of every joint, even when occluded, but it is also cheaper to produce
more samples with higher variation. Pre-training with synthetic data may reduce the
quantity of real-world data needed, with potentially only a minor trade-off in accuracy.
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1.2. Research Questions

Our research will clarify how effectively synthetic images can support deep learning model
training, determine the minimum amount of real-world data required, and assess whether
generated images remain valuable when real-world 3D annotations are unavailable.

The scope of this study focuses on a top-down multi-staged approach, employing an off-the-
shelf single-person 2D pose estimator followed by a 2D-to-3D pose lifter model to perform
the final 3D estimation. This approach offers a key advantage: synthetic and natural
3D poses share greater similarity than their corresponding 2D images. Consequently,
models trained with synthetic data may transfer to real-world scenarios with minimal or
no fine-tuning. Furthermore, the 3D skeletal representation is significantly more compact
and computationally efficient. This efficiency allows us to train deep learning models more
rapidly and results in smaller model sizes. Such characteristics could enable automobile
manufacturers to implement these systems in resource-constrained environments typical
of in-vehicle computing platforms.

This work is part of the Austrian Research Promotion Agency (FFG)-supported Syn-
theticCabin and UNISCOPE-3D projects, which are collaborative initiatives between
TU Wien and industrial partners. The projects aim to develop a cost-effective and time-
efficient in-cabin simulation framework capable of generating synthetic data for training,
validating, and testing machine learning models for 2D and 3D driver monitoring.

1.2 Research Questions
This thesis aims to determine whether monocular synthetic images can effectively reduce
the dependence on real-world data for training machine learning models in 3D HPE by
addressing the following research questions:

In the context of vehicle driver monitoring:

RQ 1: To what extent can we estimate 3D pose from monocular synthetic data?

RQ 2: To what extent can knowledge of 3D HPE be transferred from synthetic to
real-world data?

RQ 3: To what extent can 3D poses be estimated from real-world data without 3D
pose annotations?

1.3 Contribution
We can summarize the contributions of this thesis as the following:

• We compared the accuracy of five different deep learning networks for 2D-to-3D
pose lifters. All of the models take a single 2D pose as an input.

• We evaluated the usefulness of synthetic data for pre-training 3D pose estimators.
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• We studied the usefulness of synthetic data generated by the SyntheticCabin project
for 3D HPE for the case where we can finetune the model on real-world data and
when we cannot.

1.4 Thesis Structure
This thesis discusses the background and related works in Chapter 2. This chapter
distinguishes different approaches and methodologies in pose estimation research. We
explain our setup for the pose estimation pipeline and review deep learning architectures
used across all experiments in Chapter 3. The subsequent three chapters detail the
experimental setup, results, and discussion for each investigation. In Chapter 4, we
begin by applying monocular 2D-to-3D pose lifters to the SyntheticCabin IR dataset to
evaluate the performance of monocular approaches compared to triangulation methods.
In Chapter 5, we assess the benefits of pre-training lifter models with synthetic data to
characterize the accuracy trade-offs when reducing reliance on real-world data. Chapter 6
explores the feasibility of applying the synthetic data to real-world datasets whose 3D
poses have not been annotated. Finally, in Chapter 7, we summarize our key findings
and discuss directions for future research.

4



CHAPTER 2
Background & Related

Works

In this chapter, we discuss the necessary background and provide an overview of related
work in HPE. In Section 2.1, we present an overview of important deep learning archi-
tectures that form the foundation of the 2D-to-3D pose lifters used in our experiments.
Next, we discuss a couple of training paradigms that help guide our experiments in
Section 2.2. Then, we introduce the task of HPE in Section 2.3. The following section
outlines the approaches commonly used for addressing this task and the metrics used for
benchmarking their accuracy. In Section 2.4, we review common benchmark datasets for
HPE, including both real and synthetic images. Finally, we summarize related works in
driver pose estimation in Section 2.5.

2.1 Deep Learning Architectures
Deep Learning has revolutionized the world in the past decade, particularly in the fields
of natural language processing (NLP) and computer vision. Several factors contributed
to this boom, such as faster and cheaper computer hardware, affordable memory stor-
age, widespread usage of the internet, and algorithmic advancements. This section
briefly reviews important deep learning concepts and architectures which are particularly
important to breakthroughs in computer vision.

2.1.1 Perceptron
Deep learning is based on a mathematical structure called the artificial neural network.
Originally, it was inspired by how information signals are processed by neuron cells
in animal brains. Brain cells receive and transmit information at a gap between two
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2. Background & Related Works

(a) Single Layer Perceptron (b) MLP with one hidden layer

Figure 2.1: Perceptron Models. Figure obtained from [BB24].

neurons called a synapse when the electric potential exceeds a certain threshold [BB24].
However, the artificial neural network only superficially resembles the biological one
[Pri23]. Practical implementations of neural networks and deep learning diverge far from
how the biological ones behave.

In 1962 Rosenblatt [Ros63] pioneered a learning algorithm called the Perceptron. The
Perceptron, depicted in Figure 2.1a, is a non-linear function that can be expressed as,

a =
M�
i

wixi (2.1)

y = f(a), (2.2)

where M is the dimension of the input, xi represents the value of the input, wi represents
model weight, and f(·) is an activation function. Originally, f(·) was a step function with
f(x) = 1 when x > 0 and f(x) = 0 otherwise. Note that there are many other activation
functions used in modern architectures, notably rectified linear unit (ReLU) [GBB11],
Sigmoid function, and hyperbolic tangent function [LBOM12], which allow more flexible
output.

2.1.2 Multi-layer Perceptron
The single-layer Perceptron model was criticized by Minsky et al. [MP69] for its limitation
in being unable to learn a simple XOR (logical exclusive-OR) operation. This led to a
loss of popularity for the algorithm during the 1970s. However, this criticism applied
only to the single-layer model. Rosenblatt [Ros63] had already addressed this limitation
in the original text and discussed how to mitigate it by stacking additional "hidden"
layers, resulting in what is generally called the multi-layer perceptron (MLP), depicted
in Figure 2.1b. Hornik et al. [HSW89] later showed that by adding just one hidden
layer with sufficient width and appropriate activation functions, the resulting model can
approximate any continuous functions on compact subsets of Rn to arbitrary precision.
This result is known as the universal approximation theorem.

6



2.1. Deep Learning Architectures

Neural network models learn through the back-propagation method [RHW86]. This
method computes weight gradients backward layer by layer from the output using partial
derivatives of error terms with respect to each weight. In practice, training a neural
network model utilizes an optimization algorithm called gradient descent, along with
dynamic programming to compute the gradients efficiently.

2.1.3 Deep Learning
As its name suggests, Deep Learning is a neural network with several hidden layers. One
notable characteristic of deep learning models is that they are built by stacking multiple
simpler modules [LBH15]. More layers help the model to learn semantically meaningful
representations of input data. These new features enable the model to perform complex
tasks more easily [BB24].

AlexNet, a convolutional neural network variant proposed by Krizhevsky et al. [KSH12],
was one of the most influential works that led to a boom in deep learning. It produced a
significant improvement in image classification tasks on the ImageNet dataset [DDS+09]
by reducing the error rate by approximately 8%. Since then, there has been rapid
improvement in techniques and creation of new architectures that deliver state-of-the-art
results for several tasks in computer science.

2.1.4 Convolutional Neural Network
Convolutional neural network (CNN) is an architecture designed to take advantage of the
inherent properties of image data, as shown in Figure 2.2. The network’s core feature is
its use of convolution kernels, linear filters that learn to detect patterns by sliding across
images. Stacking multiple convolutional layers enables later kernels to operate on larger
receptive fields, making the model incorporate wider and more complex visual features.
The architecture periodically employs max-pooling layers, which retain maximum values
to strengthen key features and ensure translational invariance. This combination of
convolution and pooling operations allows CNNs to extract more meaningful image
features than traditional MLP models.

Throughout the years, several influential architectures have originated and contributed
important ideas to CNN development. In 1998, LeNet-5 [LBBH98] was one of the first
models to inspire the use of CNNs for image classification tasks, specifically handwrit-
ten digit recognition. It comprised convolution and average pooling layers for feature
extraction, with fully connected layers for classification.

However, it was AlexNet [KSH12] in 2012 that demonstrated the effectiveness of CNNs
in computer vision by achieving accuracy that surpassed conventional methods in the
ImageNet dataset. Several techniques were responsible for this breakthrough: the use of
max-pooling for better signal retention, ReLU activation functions [GBB11] for improved
gradient propagation in deeper networks, and regularization methods including data
augmentation, dropout, and Local Response Normalization. Advances in computation
also enabled deeper models to be trained on graphics processing units rather than CPUs.

7



2. Background & Related Works

Figure 2.2: Convolution Mechanism of Convolutional Neural Network. Figure obtained
from [Pri23].

Since AlexNet, several improvements have been proposed for CNN models. ResNet
[HZRS16] introduced skip connections that addressed vanishing and exploding gradient
problems while smoothing the loss landscape for better convergence [LXT+18], enabling
deeper networks. VGG [LD15], Inception [SVI+16], and DenseNet [HLVDMW17] focused
on increasing the depth of the network while improving the learning processes and
computational efficiency.

Due to its success in computer vision, CNNs have been applied to other domains as
well. They have been used in audio signal processing through spectrograms, visual repre-
sentations of audio based on short-time Fourier transformation [AHMJ+14]. WaveNet
[ODZ+16] applied CNN to text-to-speech generation, while Gehring et al. [GAG+17]
utilized it for machine translation and Borovykh et al. [BBO17] for time-series forecasting.

2.1.5 Graph Neural Network

A graph is a mathematical structure consisting of nodes and edges. The nodes represent
elements, while the edges describe relationships between pairs of nodes. This versatile
data representation can model various scenarios, including grammatical structures, road
networks, social relationships, chemical molecules, point cloud images, and electrical
circuits [Pri23]. In computer vision, graphs can represent scene structures, anatomical
relationships in humans and animals, and even pixels in images. The ability to apply
deep learning models to analyze and make predictions on graph data benefits numerous
domains.

The graph neural network (GNN) [SGT+09, GSR+17] is a deep learning architecture
that operates on graph data through iterative message passing. Initially, each node and
edge can be attached with information (e.g., user profiles in a social network and types of
relationship). During each iteration, the nodes transmit information to their neighbors,
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and then they weight and aggregate incoming messages with their own data to create
new node representations. Repeated iterations increase the receptive field and the depth
of the network. Not only on nodes, a similar idea can be applied on edges or to aggregate
the information into a representation of a graph as a whole.

As an example, we can summarize the concept of message-passing graph convolutional
network (GCN) [KW16] for learning node representation in simple mathematical notation
as follows:

Φk+1(v) = Updatek(Φk(v), Aggregate(Φk(w)|w ∈ N (v)), (2.3)

where Φk(x) is the embedding of node x in layer k. N (v) is a set of neighboring nodes
of v. Aggregate(·) is a function that aggregates information from the input set of the
node. Examples of this function are weighted average and maximum pooling functions.
Update(·) is a function which fuses aggregated information of the neighbor with the
current node.

The development of GCN led to diverse architectural variants. The GCN is one of the
simplest message-passing neural networks. It featured the use of learnable shared weights
applied on each node before aggregation. Graph Attention Networks (GAT) [VCC+17]
built on GCN by introducing an attention mechanism that allows the model to specify
different weights to different neighbors. GraphSAGE (SAmple and aggreGatE) [HYL17]
scaled the GNN to a large graph by, instead of using all neighbor nodes, sampling only a
subset of them. This also allowed GraphSAGE to handle unseen nodes better.

2.1.6 Transformer
The transformer model [VSP+17] was first introduced as a sequence-to-sequence language
translation model in NLP. Its performance surpassed the recurrent neural network (RNN)
[RHW86] in both output quality and computation time. While RNN processes each
token of a sequence one by one and builds up the representation state of the sequence,
the transformer takes in the whole sequence at the same time and uses a self-attention
mechanism to find relations between each token. This parallel processing capability
significantly improves training efficiency.

Originally, the transformer model consisted of two parts, called an encoder and a decoder,
depicted in Figure 2.3. The encoder is responsible for learning the representation of the
input while the decoder processes the past output and performs inference to produce
the output. However, the encoder and decoder are already useful on their own. NLP
researchers trained one of them to create foundation language models known as large
language models [ZZL+24]. The decoder alone has been widely and successfully adapted
by researchers in other fields, such as computer vision, recommendation systems, and
audio processing, for learning feature representation as it is simple and versatile.

The transformer model takes a sequence of tokens as input. In NLP, a token usually
represents a word in a sentence. In the first step, each token is embedded as a numerical
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Figure 2.3: Architecture of the transformer model. Figured obtained from [VSP+17]

vector, usually with a simple linear layer. Then, information about the relative posi-
tion between each token is added by positional encoding. The core component of the
transformer model is the attention mechanism, which allows the model to weigh the
importance of different input elements dynamically. The attention mechanism [BCB15]
is mathematically expressed as:

Attention(Q,K, V ) = softmax(QK⊺
√
dk

)V, (2.4)

where Q, K, and V represent the query, key, and value vectors of dimension dk, re-
spectively. Each vector is a token in an input sequence that is scaled by learnable
weight matrices for query (WQ), key (WK), and value (WV ). Conceptually, the attention
function calculates the similarity between the query, Q, and the key, K, and uses the
result to scale the value vectors, V , for the output. The result is effectively a weighted
vector of the input that strengthens values of useful tokens and dampens the irrelevant
ones.

The transformer implements multi-head attention, where the attention mechanism is
performed multiple times (eight in the original model) in parallel. Each attention head can
learn to focus on different aspects of the input, producing a diverse set of representations
that are then concatenated together. This multi-head approach allows the model to
capture various types of relationships in the data simultaneously.

The transformer architecture has led to state-of-the-art models across various fields.
In computer vision, the Vision Transformer [DBK+21] adapts the transformer encoder
for image classification by processing 16× 16 image patches as input tokens. In audio
processing, Music Transformer [HVU+18] processes sequences of Musical Instrument
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Digital Interface (MIDI) data. In biology, AlphaFold [JEP+21] modified the transformer
architecture for protein structure prediction.

2.1.7 Generative Adversarial Network
A generative model learns the data distribution of the training set and produces new
instances that mimic the set [BB24]. Practical applications of such models include
generating new images and music. Deep learning models are powerful enough to learn
such distributions. However, training a generative model is not trivial.

generative adversarial network (GAN) [GPAM+14] is an approach to train a generative
model by having two deep learning models compete against each other. The first model
is the generator network that takes a latent vector as input. This input introduces
randomness to the model, which should make the generator produce diverse results. The
second model is called the discriminator network. The discriminator learns to distinguish
generated images from real images. During training, each model takes turns being
trained. When training the generator model, we let it generate a new image, then use
the discriminator to decide whether it believes this is a fake image or not. The generator
learns directly from the result of this classification. This makes the discriminator act
as a loss function for the generator. Then, during the discriminator’s turn, we feed it
with either real images from the training dataset or fake images from the generator. The
discriminator learns through binary classification whether it can correctly classify images.

Even using GAN, training a generative model remains non-trivial. We need to maintain
balance throughout the process to arrive at a good generator. First, both models should
be equally capable. If one model is more powerful than the other, it will tip the balance,
resulting in one model constantly winning over the other and halting training progress.
Another common problem for GAN is called mode collapse, which occurs when a generator
finds a small set of solutions that the discriminator fails to classify and decides to stick
with them. Thus, it constantly produces the same set of samples and lacks variety.

GAN has been a popular approach in image generation. Initially, it was used to generate
random images that mimic the input dataset. Researchers then created Conditional GAN
[MO14] that also takes an image label as input and produces only images of the desired
class. Fast Style Transfer [JAFF16] used GAN to transform an input image to look
like another image. For example, it can transform a photo to look like an oil painting.
Beyond image generation, GAN is also used to generate other synthetic data such as
time series [YJvdS19] and human motion [XSW+23].

2.2 Training Paradigms for Deep Learning
Due to the large number of parameters, training deep learning models requires a sub-
stantial amount of data. However, obtaining a large quantity of labeled data is often
challenging, as data annotation is typically a labor-intensive and time-consuming process.
Researchers and practitioners have explored various strategies to address this limitation.
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In this section, we review several learning paradigms applicable when labeled data is
scarce. These approaches are particularly relevant to tasks such as 3D pose estima-
tion, where acquiring accurate annotations is both challenging and expensive. Table 2.1
summarizes the characteristics of each paradigm.

2.2.1 Supervised Learning

In supervised learning, a model is trained by feeding it a training set of input–output
pairs. A learning algorithm adjusts the model’s parameters until its predictions are as
close as possible to the true outputs. If the training is successful, the model generalizes
well and produces accurate predictions on new, unseen inputs from a separate testing set
[Pri23]. The power of deep learning was initially demonstrated through this paradigm,
solving complex computer science problems on benchmark datasets [BB24], including
tasks in computer vision [LBBH98, KSH12] and natural language processing [HS97]. As
deep learning research advanced, deeper architectures such as VGG [LD15] achieved
higher performance than shallower models. However, increasing the number of parameters
in supervised learning necessitated larger training sets to fully train the models. Each
computational task also required specifically designed labels. Moreover, even when such
datasets were available, larger models demanded substantially more computational power.
Because of these challenges, alternative training paradigms were developed to address
these limitations. The subsequent subsections introduce some of these paradigms in more
detail.

2.2.2 Transfer Learning

Because there are countless tasks we may want deep learning models to perform, it is not
feasible to obtain sufficient data for each task individually. However, the representations
learned by a model on one task often capture features useful for related tasks [BB24].
To address this, models trained on tasks with abundant data—often referred to as pre-
trained models—can be adapted to tasks with scarce data. This process can be viewed
as initializing training with well-learned parameters rather than random ones [Pri23].
The result is a reduction in the amount of task-specific data required and a shorter
fine-tuning time. In deep learning, transfer learning is usually implemented by updating
only part of the architecture, most commonly the final layer of the network [BB24]. This
paradigm has shown success across multiple domains. For instance, in medical imaging,
Esteva et al. [EKN+17] employed the Inception model [SVI+16], originally trained on the
ImageNet dataset [DDS+09], to classify skin cancer. Similarly, in machine translation,
Zoph et al. [ZYMK16] trained a Long Short-Term Memory (LSTM) model [HS97] on
high-resource languages such as English and French and successfully transferred it to
low-resource languages such as Turkish and Uzbek.

12



2.2. Training Paradigms for Deep Learning

2.2.3 Semi-supervised Learning

In situations where a large quantity of data is available but only a small portion is
labeled, we may wish to utilize the unlabeled data, although it may not be feasible to
label more samples manually. For example, we may have thousands of hours of audio
recordings or surveillance videos but can label events in only a few tens of hours due
to the associated cost. In such cases, the task can be approached in a semi-supervised
manner. One common strategy is to train a model on the labeled portion of the dataset
and subsequently perform inference on the unlabeled data to obtain pseudo-labels [Pri23],
which are then used to further train the model. Alternatively, graph-based or clustering
methods can be employed to link related examples. In this setting, the labels of unlabeled
samples can be inferred from their connections to labeled ones. Ge et al. [GGJY20]
employed a graph-based semi-supervised method for brain tumor classification. They
first trained a CNN on labeled data and then extracted features from both labeled and
unlabeled samples. Next, they constructed a graph connecting similar samples based on
these features. Their key innovation was introducing a 3D–2D consistency constraint to
ensure that all 2D slices from the same patient’s 3D brain scan received the same tumor
classification.

2.2.4 Weakly-supervised learning

In a different scenario, we may have labeled data, but the labels are not sufficiently
detailed or are only indirectly related to the target task. For example, we may want to
detect objects and their locations in images. The ideal labels would be bounding box
coordinates around each object. However, we may only have image-level annotations
indicating whether an image contains a car. Such problems can be addressed through
weakly supervised learning.

One strategy is to train a classification model on these coarse labels and then use attention
visualization techniques, such as Grad-CAM [SCD+17], to generate heatmaps highlighting
the regions most relevant to the model’s predictions. These heatmaps can subsequently
be processed to produce pseudo-bounding boxes, providing finer-grained supervision for
training an object detection model.

An alternative approach leverages contrastive learning methods such as CLIP [RKH+21],
which learn from images and their associated captions. The captions typically provide
incomplete descriptions, omitting certain visual details or emphasizing only specific
aspects of the image. CLIP employs contrastive learning by treating each image–caption
pair within a batch as a positive example while considering mismatched pairs as negatives.
The model is then optimized to make matching image–caption pairs more similar in
embedding space while pushing non-matching pairs further apart.
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Paradigms Characteristics
Supervised Learning Use large quantity of labeled data.
Transfer Learning Use pre-trained models and adapt them with small

quantity of labeled data.
Semi-supervised Learning Use small quantity of labeled data to help label a

large quantity of unlabeled data.
Weakly-supervised Learning Use imperfect supervision (noisy, incomplete,

indirect, or coarse-grained labels).

Table 2.1: Summary of Training Paradigms.

2.3 Human Pose Estimation
Human pose estimation (HPE) is a computer vision task that involves detecting and
localizing the key body joints of people from visual input that allows reconstruction of
postures and body configuration. The resulting postures are in the form of a certain
representation such as skeletal key points or body mesh. Good estimation enables various
applications including human movement tracking and action recognition.

2.3.1 Approaches
Throughout history, researchers have attempted to improve the accuracy of HPE using
several different methods. There are a handful of common practices that researchers
have employed to approach the problem. This section briefly reviews general approaches
and discusses the trade-offs that need to be considered when choosing an approach to
implement a solution based on deep learning HPE.

2D and 3D Pose Estimation

In general, we can divide HPE into two groups: 2D human pose estimation (2D HPE) and
3D HPE. For 2D HPE, the goal is to localize the pose in an image using the image space
(pixel coordinates). The input is usually captured with a single RGB camera. 2D HPE is
relatively simpler compared to 3D HPE. The output can be either the exact coordinates
of the human joints or the heatmaps of each joint. The annotation for 2D poses can be
done accurately by humans using the image alone. 2D HPE, especially for the case of
a single person, can be done particularly well with recent models [CTH20, ZWC+23].
However, 2D poses are ambiguous. The same 2D human poses might correspond to
different human poses, especially when some parts of the body are occluded.

In contrast, the output of 3D HPE can provide complete information. The 3D output
can map to an unambiguous human pose in a world coordinate system with a defined
origin. Thus, it is the ultimate goal of HPE. However, data annotation is much more
difficult. The ground truth annotation can only be done using motion capture (MoCap)
technology. In situations where MoCap is not possible, the 3D position can be estimated
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using the triangulation of images or point clouds from different views. However, the
sensors for such images and point clouds need to be well calibrated for reliable results
[WTZ+21, LBSM23].

Single Image, Multi-view Images and Video Sequences

We can feed different numbers of images into HPE models. More images allow a model
to utilize more information and produce more accurate results. However, the drawbacks
are the drop in speed, the higher cost of the equipment, and the complexity of the
setup. Feeding in a single image is the simplest approach, but it contains incomplete
information about the human pose. People in the scene might move parts of their body
to occlude other body parts. Also, we cannot determine the depth of each part. A
common solution is to add more images from different views. When a body part is
occluded in one view, it may be visible in others. In addition, we can calculate the depth
through triangulation if the cameras are well calibrated. Another common practice is
to utilize images from a video sequence. A pose that is obscured in one frame may be
clearer when taking into account the movement and other frames in the same sequence
[WTZ+21, LBSM23, XLL+23].

Model-based and Model-free

When the goal is to estimate the pose of the human, it can be beneficial to incorporate
our prior knowledge of the human body into the estimator. A model-based approach
[CTH20] uses a human body model and lets an estimator estimate the parameters of such
a model. There are different common body models such as SMPL [LMR+15], and MANO
[RTB17]. The usage of the body model restricts estimators to output only realistic poses.
The drawback is the lesser flexibility.

On the other hand, a model-free approach trains a machine learning model to directly
output human poses usually in the form of a skeletal figure or body mesh. This approach
is more flexible, but it also requires much more training data, and it may produce
unrealistic poses in unseen cases. There are some hybrid approaches. We can introduce
prior knowledge to model-free estimators, for example, by forcing symmetric lengths in the
left and right sides of the body using an additional loss function [ZPT+19]. Alternatively,
we can build a pipeline which uses a model-free estimator to fit an intermediate pose
and use a human model to finalize the output. Metapose [UTSS22] is an example of the
latter.

Top-down and Bottom-up

In the real world, it is more common for a scene to contain multiple people. The
formulation of HPE for multiple people is more complex as the number, size, and pose of
people in the scene can vary. Part of a person can partially cover another person and
cause confusion for the model when it needs to associate the body parts to each person.
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There are two common approaches for multi-person HPE: top-down and bottom-up. For
top-down, a model starts by detecting each person in the image and draws a bounding
box around them, then it essentially performs single-person HPE only over the region
inside the box. While the bottom-up approach locates each body part independently
first, then it groups them together. The top-down approach is generally simpler and more
accurate but it could be inefficient when there are many people in the scene [CTH20].
Openpose [CHS+19] is an example of bottom-up 2D HPE model, while Stacked Hourglass
Networks [NYD16] is a top-down 2D HPE model.

Multi-staged and End-to-end

The multi-stage approach breaks down HPE tasks into a sequence of simpler sub-tasks
and employs a different architecture for each. By using this approach, we decouple the
process of locating 2D keypoints from estimating their 3D counterparts. This allows
us to measure the accuracy of each stage separately and focus improvements on the
bottleneck stage. We can also leverage pre-trained state-of-the-art models that are highly
optimized and specialized for their respective stages. At present, 2D HPE is highly
accurate, especially for images containing a single person, whereas 3D HPE remains
comparatively less reliable [WTZ+21, ZWC+23]. Thus, researchers can focus their efforts
on improving the depth estimation from 2D poses directly [CTH20].

An end-to-end approach attempts to train a model that makes the final prediction, 2D
or 3D poses, from the input images directly. In deep learning, it means that the gradient
values, which are used by back-propagation, can flow back from the prediction head to
the part of the network responsible for learning the representation of the image.

The advantage of the end-to-end approach is that the model can be trained more easily,
as it constitutes a single unified network. It also enables low-latency estimation, especially
in the case of multi-person HPE, as demonstrated for pedestrian 3D HPE in [WHG23].
However, multi-stage approaches offer greater flexibility by allowing the use of 2D HPE
datasets and the incorporation of intermediate processing steps [CTH20].

2.3.2 Evaluation Metrics

This section lists common evaluation metrics used in 3D HPE for poses represented with
a skeletal figure.

Mean Per-Joint Position Error

mean per-joint position error (MPJPE) is the most widely used evaluation metric for
3D HPE. It is an average Euclidean distance between the annotated keypoints and the
predicted keypoints. Both sets of keypoints need to be centered at the root before the
calculation. MPJPE is often referred to as Protocol-I [MHRL17]. If we perform 3D HPE
with K keypoints, we can calculate the metric with
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MPJPE = 1
K

K�
i=1

∥xi − x∗
i ∥2, (2.5)

where xi refers to the position of each annotated key point and x∗
i denotes the estimated

positions. Both are represented in a 3D vector. ∥·∥2 is the L2 norm.

Per-Joint Position Error

The per-joint position error (PJPE) is the Euclidean distance between the annotated
position and predicted position of a single body joint. This metric enables detailed
evaluation of predictions to identify which body parts are more accurately estimated and
which present greater challenges.

PJPE = ∥xi − x∗
i ∥2 (2.6)

Procrustes Aligned Mean Per-Joint Position Error

Procrustes Aligned mean per-joint position error (PA-MPJPE) is another commonly
used metric. For this metric, we perform the Procrustes alignment of the predicted
pose to the annotated pose first. The alignment removes the scale and translational
difference between two poses. Then, we calculate MPJPE. Effectively, the PA-MPJPE
represents how well a 3D pose estimator predicts a shape of the skeleton without taking
into account the difference in position and angle. PA-MPJPE is often referred to as
Protocol-II [MHRL17] in literature.

The Procrustes alignment is done by solving a minimization problem [TGA19],

min
s,R,t


K�

i=1
∥xi − (sRx∗

i i + t)∥2
2

�
, (2.7)

where s is a scaling factor, R is a rotation matrix and t is a translation vector.

2.4 Datasets for Human Pose Estimation
We know that machine learning algorithms, especially deep learning ones, require large
amounts of data to learn. Datasets play a crucial role in the advancement of the field,
as they not only allow researchers to use them for training new models but also serve
as benchmarks to measure progress and compare performance of different models and
training approaches. This section reviews some commonly used datasets for HPE as well
as datasets related to driver pose estimation. We can generally group them into 2D HPE
and 3D HPE pose datasets according to the availability of the annotation.
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2.4.1 2D Pose Estimation Datasets

2D HPE datasets usually contains images from real-world scenario gathered from the
internet. The annotation of the image is relatively easy and can be done by crowd sourcing
platform such as Amazon Mechanical Turk. Although there are multiple datasets for 2D
HPE, the differences in annotation conventions such as the number of annotated joints
and the location of joints, especially on the face and neck, might hinder researchers from
combining and using them together for model training without lowering the number of
joints. Example images of the datasets are shown in Figure 2.4.

Leeds Sports Pose

Leeds Sports Pose (LSP) [JE10] is a collection of 2,000 single-person images of athletes
across eight sports gathered from Flickr, an online image hosting website. The dataset
focuses on challenging poses found in real life. The pose in each image is annotated with
14 keypoints representing the whole body in image coordinates. The dataset was later
extended to 10,000 images in [JE11], incorporating even more challenging poses from
sports like gymnastics and parkour.

MPII Human Pose

MPII Human Pose [APGS14] is a dataset containing 28,821 and 11,701 images for training
and testing respectively. These images were queried from YouTube, a video hosting
website. The images feature single humans performing more than 800 activities against
backgrounds from both indoor and outdoor environments in various lighting conditions.
The poses in the dataset are annotated with 16 keypoints.

Common Objects in Context

Common Objects in Context (COCO) [LMB+15] was originally created as an object
detection dataset containing 328,000 images across 80 categories of objects. From 2016
till 2020, the dataset was used in various computer vision workshops and additional
annotations, including 2D human pose keypoints, were added. By 2020, the keypoint
dataset contained 200,000 labeled images with 250,000 pose annotations. The poses were
annotated with 17 joints and were also categorized into visible and occluded keypoints.
Some occluded keypoints were also annotated if they were deducible. Unlike previous
datasets, images in the COCO dataset may contain multiple people who can vary in
size. Like LSP, the images in COCO were also sourced from Flickr. The curators aimed
to gather non-iconic images which, in simple terms, referred to images that have no
particular main object (i.e., not a portrait image of people or objects). Consequently, the
images appear more natural and contain more context.
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Driver Pose Estimation

Driver Pose Estimation (DriPe) [GCJT21] is a 2D HPE dataset capturing real-life drivers
in consumer road vehicles. The dataset contains 10k images captured from 19 drivers
across over 100 hours of video clips. Unlike other datasets, DriPe focuses specifically on
driver monitoring. The videos were captured by installing an RGB camera at the top
of the passenger’s door pointing toward the driver while they operated the car through
closed tracks or actual roads. The dataset was annotated in the same manner as the
COCO dataset.

Figure 2.4: Example images from 2D HPE datasets.

2.4.2 3D Pose Estimation Datasets

Unlike 2D HPE, the annotations of 3D HPE datasets are much more demanding. Ground
truth is usually obtainable only in controlled environments such as MoCap studios.
Datasets that capture people in open environments might need to be annotated with
some error due to estimation, typically via multi-view images and triangulation. The
annotation conventions in 3D HPE also vary from one dataset to another, which makes
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it difficult to combine them together. Example images of the dataset are shown in
Figure 2.5.

HumanEva

HumanEva [SBB10] is one of the earliest benchmark 3D HPE datasets. The dataset
captured four actors performing five actions using three RGB and four MoCap cameras.
There are two versions of the dataset called HumanEva-I and HumanEva-II. Both contain
the same training set composed of 6,800 frames of synchronized RGB images and motion-
captured ground truth poses, with an additional 37,000 poses from only the MoCap
which can be used for learning pose distribution. Both versions also use the same 6,800
frames for validation. For HumanEva-I, the testing set contained 24,000 frames, while
HumanEva-II included 2,460 frames for testing. The latter test set was captured with
better equipment, and the actors performed an extended sequence of actions.

Human3.6m

Human3.6m [IPOS14] is a dataset containing 3.6 million human poses of 11 professional
actors captured from four different angles with a MoCap system. The acting covers 17
general real-life actions such as using a phone, greeting, and taking photos. Each pose is
annotated with 32 joints.

CMU Panoptic Studio Dataset

CMU Panoptic Studio Dataset [JLT+15] is a multi-person 3D HPE dataset. The images
in this dataset were captured in a MoCap environment featuring 480 VGA cameras, 31
HD cameras, and 10 RGB-D sensors (Microsoft Kinect). The result was highly accurate
annotated 3D poses. The dataset focuses on capturing 3D poses and motions of social
interactions such as playing social games. In terms of size, the dataset contains 1.5
million frames from 65 videos, totaling 5.5 hours.

3D Poses in the Wild

3D Poses in the Wild (3DPW) [vMHB+18] is one of the first datasets with 3D poses for
in-the-wild images. The dataset utilizes 6-17 Inertial Measurement Units (IMUs) and a
phone camera. During recording, one or two actors were equipped with the IMUs, while
the camera was used for 2D HPE. Both inputs were combined to recover the 3D poses
using a model called Video Inertial Poser (VIP). The resulting dataset contains 51,000
frames from 7 actors with 18 different clothing styles.

Drive&Act

Drive&Act [MRH+19] is a fine-grained driver behavior monitoring dataset. For this
dataset, 15 subjects were asked to perform 34 fine-grained activities while sitting inside a
static vehicle with a simulated outside environment. The dataset focuses on activities in
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Figure 2.5: Example images from 3D HPE datasets.

the context of autonomous driving, such as working on a laptop while the vehicle is still
moving. The scenes were captured with multi-modal sensors including RGB, infrared,
and depth cameras placed at different angles, which resulted in over 9.6 million frames.
For 3D pose annotations, the researchers used Openpose [CHS+19], a 2D pose estimator
model, to detect 2D coordinates of 13 body joints on associated images from three frontal
views. They then used triangulation to calculate the 3D coordinates.

2.4.3 Synthetic Data for Pose Estimation

As we have seen, 3D HPE datasets are difficult to create - we either need to measure 3D
coordinates in a MoCap studio or estimate them through other methods while accepting
some margin of error. An alternative approach is to use synthetic data, which consists of
computer-generated images created using graphics programs. With these images, we can
obtain precise 3D coordinates of all body joints. This approach offers several advantages:
there are no privacy concerns when releasing the dataset to other users, the cost of
generating additional data is lower, and the generated images can represent any scenario
or environmental condition. However, this method also has several drawbacks: the image
textures still differ from real images, there could be inherent biases in the dataset due to
the assumptions made by its creators, and the initial cost of developing the generation
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Figure 2.6: Example images from synthetic HPE datasets.

system can be high. This section has reviewed some synthetic datasets related to 3D
HPE. Example images are shown in Figure 2.6.

Synthetic Humans for Real Tasks

Synthetic Humans for Real Tasks (SURREAL) [VRM+17] is a synthetic dataset containing
6.5 million images. The dataset was built by fitting the SMPL human model [LMR+15] to
MoCap data from CMUMoCap [Hod]. The authors used CAESAR1, a human whole-body
scan dataset, for generating different body shapes. The background images were sourced
from the LSUN dataset 2. Finally, they generated synthetic images using Blender3, a 3D
rendering software, by sampling different poses, lighting conditions, backgrounds, camera
angles, and positions.

Synthetic Vehicle Interior Rear Seat Occupancy

Synthetic Vehicle Interior Rear seat Occupancy (SVIRO) [DCWB+20] is a synthetic
dataset for vehicle passengers in the rear seat. Each scene could contain either an adult
or a child in a child safety seat. The dataset was built by combining various realistic
assets to produce synthetic sceneries in the passenger compartment. The human models
were generated in MakeHuman4, a 3D human generator software, with poses interpolated
from a fixed pre-determined set. The car seat models were modeled from real products
using depth cameras and structured light scanners, while car models, textures, and
environments were sourced from high quality providers. The result was a total of 25,000
sceneries. The aim of the dataset was to provide a quality synthetic dataset that could
be used for benchmarking machine learning models in new real-world situations with
minimized bias induced from context in the backgrounds.

1https://humanshape.org/CAESAR/
2ttps://complexity.cecs.ucf.edu/lsun/
3https://www.blender.org/
4https://static.makehumancommunity.org/
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Human in Vehicles

Human in Vehicles (HIVE) [KYH+24] is a synthetic dataset produced by randomly
selecting human models from the AGORA dataset [PHT+21] and putting them into
vehicle backgrounds from the SVIRO dataset, Section 2.4.3. The unique aspect of HIVE
is that the annotation contains not only 2D and 3D keypoints but also body silhouettes
and parameters of SMPL models [LMR+15]. These annotations enable the training for
both 3D HPE and 3D mesh estimation.

2.5 Vehicle Driver Pose Estimation
The task of vehicle driver pose estimation presents unique challenges. Drivers sit in
a confined space which limits their range of motion. Cameras need to be mounted in
certain spaces that are away from blocking street views. Parts of their bodies can be
hidden by self and object occlusion. Some body parts can also be off the scene, such as
feet and hands when drivers are reaching outside of side windows. This is also a reason
why most 3D HPE methods in this application aim to produce poses only for the upper
body keypoints. Data collection can be difficult as it can be dangerous when we want
actors to perform risky actions such as falling asleep or using a phone while driving. The
interior of vehicles can be significantly different from one to another, which may cause
issues when a model is deployed in new cars. Because of these reasons, we review selected
works that particularly approach the task of 2D HPE or 3D HPE in the context of DMS.

2.5.1 3D Driver Pose Estimation Based on Joint 2D-3D Network
Yao et al. [YLJ+19] proposed a CNN model which combined image-based and point-cloud
based information for 3D HPE on drivers. Both inputs were captured simultaneously
by a Time-of-flight camera. The model consisted of two branches. The first branch,
PointConvNet, took point cloud as an input. These convolution layers used 1D kernels
to operate on each point individually before aggregated them by a max-pooling layer for
each feature dimension. The second branch, ImgConvNet, was a conventional CNN. It
was fed with an infrared image. The output of these two branches were concatenated,
and went through a MLP classification layer for inference. The advantage of jointly using
image and point cloud data is that the model can operate in real time, since the total
number of parameters is lower than that of a sole image-based CNN model.

2.5.2 Real-Time Human Body Pose Estimation for In-Car Depth
Images

Torres et al. [TOF+19] proposed a method for 2D HPE for a vehicle driver using CNN
on a depth image. The architecture consisted of a feature extractor and three convolution
sub-networks. For input, it was fed with a depth image acquired from a time-of-flight
camera, a depth sensor, placed near the windshield in front of the driver. A VGG-19
[LD15], a CNN, was used as a feature extractor. Then, the output features went through
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three simultaneous prediction branches. The first sub-network predicted heat maps for
each of the 14 body joints. The second sub-network produced Part Affinity Field, which
is a vector field indicating the location of body limbs connecting two joints. The last
sub-network was a label detection that determined if a joint was present in the image.
The overall network was trained with combined losses from each part. During testing,
the model outputted the prediction from the first sub-network but only for the joints
which were flagged as visible from the third sub-network. In addition, this work also
incorporated data augmentation by translating and re-projecting 3D point clouds from
the original depth images into new depth images using extrinsic camera parameters.

2.5.3 An Evaluation of Different Methods for 3D-Driver-Body-Pose
Estimation

Martin et al. [MVS21] compared different 3D HPE methods based on triangulation of
estimated 2D keypoints and on using depth images. They hand-annotated 1,500 poses
from the Drive&Act (Section 2.4.2) by manually annotating 2D upper-body keypoints on
multiple views and using triangulation methods for the 3D keypoints. These annotations
were used as a test set for evaluating two families of methods. The input was the 2D
poses produced from OpenPose [CHS+19] for each input frame. The first family involved
triangulation using different combinations of views, while the second family was based on
the depth images that corresponded with the frame. The simplest method was using the
depth value at the same coordinate as the detected 2D keypoints. However, the values
were inaccurate as they represented the depth at the body surface, not at the center of
the joint. The authors found that they could produce more accurate results by using
a simple MLP, referred to as Depth Fix, to estimate offset. Although the results were
not as accurate as using the triangulation of inputs from multiple views, the Depth Fix
method required only a depth image from a single view.

2.5.4 GTFormer

GTFormer [HZG+23] is a 3D HPE spatial-temporal neural network using a 2D video
sequence as an input. The skeleton model used in GTFormer contains 17 joints. The
network is a two-stage 3D HPE model. The 2D HPE was done using the Cascaded
Pyramid Network (CPN) [CWP+18]. For 2D-to-3D pose lifter, it utilized a graph neural
network for spatial features while using a transformer network for temporal features.
The unique aspect of GTFormer is that it was trained in two phases. The first was the
pre-train phase where the model was trained to recover a sequence of poses by randomly
masking a fixed number of joints and frames. This phase was intended to warm up the
weights of the model. Then, the training of the second phase was for 3D HPE as usual.
In this latter phase, another transformer encoder was used as a regression head which
made the model resilient to redundant frames. The model was benchmarked against the
Human3.6m dataset and achieved 33.84 mm and 44.50 mm MPJPE for the 2D pose
inputs from ground truth and CPN, respectively.
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2.5.5 Transfer Learning for Driver Pose Estimation from Synthetic
Data

Sagmeister et al. [SSN+23] studied the use of synthetic data in the task of driver pose
estimation. These synthetic images imitated the images of vehicle drivers in various
poses and backgrounds from three different camera positions. To produce the images,
they randomized human models, driver poses, car models, light and camera extrinsic
parameters. This data was used for pre-training object detection models and 2D HPE
models. They evaluated the 2D HPE methods by comparing models pre-trained with
this dataset to those pre-trained with other generic datasets. Then, they fine-tuned the
model using varying amounts of real-world images from the DriPE dataset (Section 2.4.1).
As a result, the fine-tuned models performed much better when real-world data was
limited than models trained from scratch. Additionally, the models fine-tuned with their
specialized dataset also produced higher accuracy with the same amount of real-world
data.

2.5.6 Integrated Driver Pose Estimation for Autonomous Driving
Cao et al. [CHL24] demonstrated an integration of existing deep learning models to
simultaneously infer both body and hand poses of vehicle drivers. The model consisted
of three parts. The first part used Fast R-CNN [Gir15] to estimate a bounding box of
the driver, then used PoseNet [SXW+18] for 3D HPE. Similarly, the second part used
YOLO-V3 [RF18] for hand detection and SO-HandNet [CTG+19] for pose estimation of
the hands. The final part was an estimation of the distance of body root (usually located
at the pelvis) from the camera using RootDepth [MCL19]. The model then combined
the skeleton model by aligning the hand key points and transforming them into the
coordinate system of the body. Due to the lack of benchmark data, the study evaluated
the model qualitatively by judging the quality of the output with images from frontal
view.
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CHAPTER 3
Deep Learning Architectures
for Human Pose Estimation

This chapter introduces the approach used to construct the 3D HPE pipeline and presents
the deep learning architectures employed in our experiments. In Section 3.1, we discuss
in detail how top-down 3D HPE can be accomplished through a three-stage pipeline.
We then review the models chosen to perform 2D HPE in Section 3.2, which serves as
a preprocessing stage. Finally, in Section 3.3, we explore a set of 2D-to-3D pose lifters
selected for comparison in the experiments. These lifters were chosen for their diverse
deep learning architectures, allowing for a more comprehensive evaluation. We conclude
this chapter with a summary table that highlights the key characteristics of these lifting
models.

3.1 Three-stage 3D Human Pose Estimation
As we discussed in the previous chapter, there are many approaches to performing
3D HPE, each of which has different advantages. In this work, we chose to perform
a top-down and multi-stage approach. The advantage is that we can break 3D HPE
down into smaller tasks. These tasks can then be solved with specialized pre-trained
models. With this approach, we can focus on the part of the pipeline that we aim to

Figure 3.1: General structure of three-stage 3D Human Pose Estimation.
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investigate. The top-down HPE starts by locating all people in the scene. Then, the
subsequent models can perform pose estimation for each person individually. In this
work, we employed a three-stage pipeline: human detection networks for localizing each
human, 2D HPE models for extracting joint coordinates in image space, and a 2D-to-3D
pose lifter for estimating relative 3D joint positions.

Figure 3.1 outlines the structure of our driver 3D pose estimation pipeline. We can see
two types of symbols. The blue boxes represent different machine learning models, while
the yellow boxes represent data. We start by employing an object detection model in the
first stage. Generally, the model takes an image as input and attempts to locate all of the
foreground objects found in the scene. A general object detection model can distinguish
several classes of objects; for example, there are 80 classes in the COCO dataset, one of
the most used benchmarks [LMB+15]. However, we care only about detecting the driver
in our case, so only the human class is necessary. The output of the model is a list of
bounding boxes, their associated predicted labels, and confidence levels. The list will
contain multiple instances if there are numerous humans present in the scene.

For each detection, we feed the bounding boxes and the original images to the next stage:
the 2D HPE. The estimator attempts to find the location of every pre-defined anatomical
key point, such as eyes, shoulders, and hips. As we can imagine, the visual textures of
some body parts are not prominent. Thus, accurate bounding boxes significantly improve
the accuracy. Advanced estimators are also able to infer the locations of occluded parts
and those located outside of the captured image as well. The model’s output is a list of
the locations of the key points in pixel coordinates with their confidence scores.

The final part of the pipeline, and the focus of this thesis, is the 2D-to-3D pose lifter.
This model accepts 2D key points and produces 3D key points. To improve the prediction,
we preprocess the inputs by centering and normalizing them. The 3D coordinates of the
output depend primarily on the annotation of scale, origin, and rotation during training.

The following sections briefly review the deep learning architectures selected for each
sub-task. In Section 3.2, we start with 2D HPE where we describe our human detector
and 2D pose estimator. Both models were considered state-of-the-art at the time of the
study. Then, we examine six 2D-to-3D pose lifters consisting of various neural network
architectures in Section 3.3 that we will evaluate in our pipeline in the following chapters.

3.2 2D Pose Estimation
Accurate 2D HPE forms the foundation of the estimation pipeline. It serves as a
preprocessing step to extract pose information from images, allowing the resulting
outputs to be fed into the lifter models. Because object detection and 2D pose estimation,
particularly for single-person scenarios, are well-studied problems, existing models perform
remarkably well. We used Faster Region-based Convolutional Neural Network (Faster
R-CNN) [GDDM14] as the human detector and High-Resolution Network (HRNet)
[SXLW19] for 2D HPE. Both are widely employed in the literature [HGDG17, NTN+21,
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Figure 3.2: Architecture of Faster R-CNN. Figure from [RHGS15].

LXD+22, AYKY24, SWS25, GMS25] and demonstrate robust performance, with pre-
trained models readily available. Using them also enables direct comparison between our
pipeline and the results presented in [SSN+23] in the next chapter. This section provides
an overview of both models.

3.2.1 Human Detection with Faster R-CNN

The introduction of the Region-based Convolutional Neural Network (R-CNN) [GDDM14]
in 2013 proved the usefulness of employing neural networks and region proposals for
feature extraction in the object detection task. Since then, several models have built
upon the idea, including Fast R-CNN [Gir15], Faster R-CNN [RHGS15], and You Only
Look Once (YOLO) [RDGF16]. These models addressed issues in R-CNN for speed and
accuracy.

The model, shown in Figure 3.2, operates by performing feature extraction using con-
volutional layers on an input image to obtain feature maps. A sub-network called the
Region Proposal Network then infers the shape and size of a region-of-interest (ROI)
that could contain a target object. Next, the ROI pooling layer performs max pooling
on the feature maps to produce consistent features before feeding them to the object
classifier and the bounding box regressor to obtain the final output. The model outputs
the bounding box coordinates indicating where humans might be located, along with
their confidence scores.

In our work, we use Faster R-CNN to perform human detection. In situations where
there might be multiple humans present, we would need to apply a threshold on the
scores to filter out false positives. However, in the datasets we studied, there is at most
one person, the driver, in the scene, so we can simply select the bounding box with the
highest score.
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Figure 3.3: Architecture of HRNet. Figure from [SXLW19].

3.2.2 2D Pose Estimation with High-Resolution Network (HRNet)
HRNet [SXLW19] is a 2D HPE network. The model employs a high-to-low and low-to-
high resolution approach similar to preceding architectures like the stacked hourglass
network [NYD16]. However, the novel difference is that HRNet keeps the high-resolution
features throughout the network instead of reconstructing them from lower-resolution
representations. This approach enables the precise location of prediction heatmaps.

From Figure 3.3, we can see four segments of the networks highlighted in blue. Each
plate in the segments represents features. The size of the plate denotes the difference
in resolution. From left to right, the model processes the features with convolution. At
the connecting point between each segment, features with different resolutions are added
together by applying strided convolution to reduce the resolution or upsample (downward
arrow) to increase it (upward arrow). The process continues until the fourth segment, in
which the features with the highest resolution are used for prediction. The model also
performs the convolutional operations on all resolutions in parallel, resulting in deeper
subnetworks for higher-resolution features.

3.3 2D-to-3D Pose Lifter Models
After we have obtained 2D poses, we can then feed the results into a 2D-to-3D pose lifter
to infer the 3D poses. Here, the main assumption is that the information contained in
the 2D skeletal representation of human postures is sufficient for inferring accurate 3D
coordinates of the joints. Figure 3.4, which depicts the model architecture proposed by
Martinez et al. [MHRL17], reinforces this assumption and has inspired several follow-up
works [WTZ+21]. This section provides a summary of selected models based on different
types of deep learning architectures. These models are also used to demonstrate the
benefits of using synthetic data in subsequent chapters.

3.3.1 Simple Baseline Model for 2D-to-3D Pose Estimation
Martinez et al. [MHRL17] proposed a simple deep learning model that takes 2D poses as
input and outputs 3D poses. It was constructed mainly from fully connected layers. The
goal was to split the task into 2D pose estimation from an image, which was well-studied,
and the uplifting of 2D coordinates to 3D. Most deep learning-based networks in the past
aimed to predict the 3D poses directly from images, making it hard to judge whether
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Figure 3.4: Architecture of the Simple Baseline Model. Figure from [MHRL17].

image understanding or depth prediction was the source of inaccuracy. The authors
decoupled these components by using the stacked hourglass network [NYD16] to extract
2D poses from images, and a 2D-to-3D pose lifter to predict 3D coordinates. They then
compared the predictions with 3D poses obtained from feeding the lifter with ground
truth inputs. Their results indicated that 2D pose estimation remains the main cause
of error for 3D HPE. They showed how a simple architecture could beat the state-of-
the-art models at the time. This success sparked interest in 2D-to-3D pose lifters, and
other researchers built upon the idea using more complex architectures like GNNs and
transformers, as discussed in the following subsections.

From Figure 3.4, the Simple Baseline Model for 2D-to-3D Pose Estimation (SimpleBL)
consists of a linear layer that transforms the input into a 1024-dimensional representation,
an output linear layer for regression, and two intermediate building blocks. Each block
contains two 1024-dimensional linear layers. The output of each layer is passed through
a batch normalization layer followed by a rectified linear unit (ReLU) activation. A
residual connection enables the model to bypass the input directly to the output of the
second layer when necessary. The model was trained with a dropout probability of 0.5 for
regularization. Despite its simplicity, this multi-layer perceptron performs surprisingly
well and serves as a strong baseline for evaluating more complex models discussed below.

3.3.2 Semantic Graph Convolutional Networks (SemGCN)
GNN [GSR+17] is a type of neural network designed to extract features from graph-
structured data. Representing data instances as graphs allows us to encode prior
information about the relationships between different entities. We can leverage the
graph-like structure of human anatomy by building a graph where nodes represent body
joints and edges represent bones connecting those joints, as illustrated in Figure 3.5.
Additionally, graphs provide feature order invariance: if all other factors remain the same,
we can swap nodes corresponding to left and right body parts without affecting the final
result.

Semantic Graph Convolutional Networks (SemGCN) [ZPT+19] builds upon the principles
of GNN while addressing two key architectural drawbacks when applied to human-
body modeling. First, standard GNNs use the same weight matrix for every neighbor,
which prevents the network from learning distinct local relationships between specific
pairs of nodes. For instance, the relation between the left and right shoulders differs
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Figure 3.5: Architecture of the SemGCN. Figure from [ZPT+19].

from that between the right shoulder and right elbow. Second, GNNs may fail to
capture dependencies between distant nodes if insufficient message-passing iterations are
performed, meaning that relations between the left and right arms could be lost.

SemGCN introduces two components that distinguish it from a vanilla GNN: Semantic
Graph Convolutions (SemGConv) and the Non-local Mean (NonLocal) module. SemG-
Conv addresses the first issue by employing a learnable weight matrix that captures
relationships for each pair of nodes. The operation can be written as

X(l+1) = σ(WX(l)ρ(M ⊙ A)), (3.1)

where the representation of every node as a matrix, X(l+1), at the (l + 1)th iteration, is
computed from its previous value, X(l). W is a shared weight matrix, M is the learnable
weight matrix, ⊙ denotes element-wise multiplication, and A represents a mask indicating
whether two nodes are neighbors. ρ(·) refers to the Softmax function, while σ(·) denotes
the ReLU activation function.

The second component, NonLocal, captures long-range dependencies. Each node repre-
sentation, x(l+1)

i for i in K nodes, is updated according to the following rule:

x
(l+1)
i = x
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K

K�
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f(x(l)
i , x
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j ) · g(x(l)

j ), (3.2)

where f(·) computes the relationship between xi and xj , and g(·) transforms the repre-
sentation of xj . Wx is a learnable weight matrix for this global operation.

The architecture of SemGCN is illustrated in Figure 3.5. The network begins by encoding
the input 2D coordinates with a SemGConv layer followed by a NonLocal layer. It then
alternates between two SemGConv blocks with residual connections and a NonLocal
block. These blocks are repeated multiple times to increase the network depth. Finally,
the model concludes with another pair of SemGConv and NonLocal layers to produce
the predicted 3D coordinates.

3.3.3 Graph MLP-Like Architecture for 3D Human Pose Estimation
Li et al., the authors of Graph MLP-Like Architecture for 3D Human Pose Estimation
(GraphMLP) [LLG+25], borrowed the idea from the MLP-Mixer architecture [THK+21],
a model originally developed for computer vision. The distinctive feature of MLP-Mixer is
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(a) Architecture (b) GraphMLP Block

Figure 3.6: Architecture of the GraphMLP. Figures from [LLG+25].

that it consists solely of MLP layers, without any convolutional or attention components.
Each block employs two types of alternating MLP layers: one processes information
within locations (across channels), while the other handles cross-location processing
(across tokens).

GraphMLP is a hybrid architecture that incorporates both MLP and GNN components.
It was constructed by adding an additional GCN layer to each MLP block in the original
MLP-Mixer model. As shown in Figure 3.6b, each GraphMLP block places an MLP
layer in parallel with a GCN layer. The rationale behind this design is to provide the
network with the ability to capture local interactions between joints through the GCN
layers, while simultaneously receiving global contextual information from the MLP layers,
particularly the spatial ones.

As illustrated in Figure 3.6a, GraphMLP receives 2D pose coordinates from a 2D pose
estimator. The model then embeds the coordinates of each joint into a high-dimensional
latent space. Subsequently, it learns both global and local interactions between joints
using L layers of GraphMLP blocks. Finally, a linear layer produces the final 3D pose
prediction.

3.3.4 Graph Convolution Transformer for 3D Pose Estimation
Graph Convolution Transformer for 3D Pose Estimation (GraFormer) [ZWT22] is a
hybrid model that fuses the transformer model [VSP+17] with the GNN model. The top
part of Figure 3.7 illustrates the overall architecture of GraFormer, while the bottom
part shows the details of the network’s main components: GraAttention blocks and
ChebGConv.

GraFormer adopts only the encoder part of the original transformer. Initially, the encoder
contained two main components: multi-head attention and a linear layer. However,
GraFormer replaces the linear layer with a GCN layer equipped with a learnable ad-
jacency matrix, collectively called LAM-GConv. This modified encoder, known as the
GraAttention Block, learns the global relationships of body joints. Multi-head attention
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Figure 3.7: Architecture of the GraFormer. Figure from [ZWT22].

aims to detect whether any other body joints contain helpful information for each joint,
and then it uses a GCN layer to further determine the relationship between each pair of
joints by learning the adjacency matrix.

The other component, ChebGConv, is a type of graph convolution network based on
Chebyshev polynomial [DBV16]. The Chebyshev polynomial is a K-order polynomial
expressed in a recurrent form. Unlike the LAM-GConv, ChebGConv utilizes a fixed
adjacency matrix, which enables the fusion of prior knowledge about human skeletal
structure. ChebGConv employs the polynomial as a convolution filter to expand the
receptive field of a simple GCN to encompass all neighbors within K hops. This mechanism
allows the component to learn from high-order graph structure.

As depicted in the top part of Figure 3.7, GraFormer can be built straightforwardly with
all the components described above. It first processes the 2D pose with a ChebGConv
layer. Then, it repeatedly applies GraAttention and Chebyshev to deepen the network.
Finally, it employs a final ChebGConv layer to predict the 3D pose output.

3.3.5 Single-Frame Lifting Transformer with Error Prediction and
Refinement for 3D Human Pose Estimation

Single-Frame Lifting Transformer with Error Prediction and Refinement for 3D Human
Pose Estimation (JointFormer) [LBG+22] is a pure transformer model equipped with
a handful of fine-tuning mechanisms. At first glance, the model resembles a vanilla
transformer encoder [VSP+17], with each token representing a joint. The model uses
an embedding layer to transform the input token into a high-dimensional vector in
latent space. Then, a transformer encoder, consisting of a multi-head attention and a
linear layer, learns the relationship between each pair of tokens. However, as shown in
Figure 3.8, JointFormer incorporates several extra components.

For the embedding layer, the model’s authors opted to use 1D convolutions with a kernel
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Figure 3.8: Architecture of the JointFormer. Figure from [LBG+22].

size of 1 instead of the conventional linear layer. They argue that this approach allows
weight sharing across all joints and remains independent of the actual location.

The top-right section of Figure 3.8 illustrates the intermediate supervision block. Inter-
mediate supervision is a technique that shortcuts the loss to each encoder layer. Each
encoder must be capable of predicting the 3D joints directly to calculate a loss. This is
accomplished by adding a linear layer (the right path) and calculating the loss against
the annotated 3D poses. By introducing this loss, each layer of the encoder learns to
predict the 3D pose directly, thereby forcing the latter layers to learn more fine-grained
discriminate features.

Additionally, we can observe that part of the output of the Joint Transformer section in
Figure 3.8 consists of error terms. JointFormer enables the model to predict its errors by
incorporating another linear layer similar to the 3D pose prediction head. The model
then feeds these error terms together with the input 2D poses and the predicted 3D poses
to the final section of the model, called Refinement Transformer. The purpose is to allow
this last transformer to improve the prediction by considering its uncertainty given the
input 2D poses.

3.3.6 Reprojection Network
Reprojection Network (RepNet) [WR19] is a 2D-to-3D pose lifter that is weakly supervised
using unpaired 2D and 3D poses. The network was designed to mitigate overfitting in the
lifter, which can occur when the model memorizes the input data. Figure 3.9 illustrates
the structure of the training process. There are four main components in RepNet: the
pose generator network, the critic network, the camera network, and the re-projection
layer. These components are trained jointly using a GAN-based approach.

As is typical for GAN training, there are two alternating phases in training RepNet:
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Figure 3.9: Training of the RepNet. Figure from [WR19].

the generator phase and the discriminator phase. In the generator phase, a 2D pose
is fed into the pose generator and camera networks. The pose generator network can
be any 2D-to-3D pose lifter; in RepNet, the SimpleBL model described previously in
Section 3.3.1 is used as the lifter. This network produces a possible 3D pose for the
input. The camera network then predicts weak-perspective camera parameters for the
2D pose. These parameters are used to re-project the 3D pose back to 2D through the
re-projection layer. The resulting 2D pose is compared with the original input 2D pose
to compute a re-projection loss, defined as the Euclidean distance between corresponding
joints. Simultaneously, a discriminator loss is calculated from the critic and camera
networks. These losses are combined and used to train both the pose generator and the
camera networks.

During the discriminator phase, the authors train the critic network to distinguish real
3D poses from those predicted by the pose generator network. First, they feed the 2D
pose through the pose generator to produce a predicted 3D pose, which serves as a fake
sample. They use any available ground-truth 3D pose as a real sample. The 3D pose
does not need to be associated with the 2D pose or originate from the same dataset; it
only needs to expose the critic network to the distribution of plausible human 3D poses
so that it can classify the fake samples produced by the generator. For each training step,
they feed both real and fake samples into the critic network. The goal is to train the critic
to output the probability that a given 3D pose is real—producing a high value for real
3D poses and a low value for fake ones. In this setup, RepNet employs the Wasserstein
loss function [ACB17] for training the critic, which further encourages the generation of
realistic poses.

Additionally, RepNet incorporates a Kinematic Chain Space (KCS) [WAR19] layer into
the model. The KCS layer computes additional features related to bone lengths and
angular constraints of the human skeleton, helping the model to learn structural symmetry

36



3.3. 2D-to-3D Pose Lifter Models

and the natural limitations of joint angles more effectively.

3.3.7 Comparison of 2D-to-3D Pose Lifter Models
Table 3.1 compares the models used in this thesis. In summary, we have covered the
noteworthy families of neural networks in the context of 2D-to-3D pose lifters. Regarding
model size, GraphMLP is the largest while SemGCN is the smallest. Model size can
roughly indicate the relative training and inference time, with the latter being particularly
significant for in-cabin driver pose estimation, which must operate in real-time. In the
table, we also note in which chapter we use each model in the experiments.

Model Architecture Parameters Size (MB) Used in Chapters
SimpleBL [MHRL17] MLP 4.3 M 17.105 4, 5
SemGCN [ZPT+19] GNN 434 K 1.739 4, 5
GraphMLP [LLG+25] GNN + MLP 9.5 M 37.931 4, 5
GraFormer [ZWT22] GNN + Transformer 926 K 3.708 4, 5
JointFormer [LBG+22] Transformer 1.2 M 4.786 4, 5

RepNet [WR19] MLP 8.4 M 33.65 6
(trained with GAN)

Table 3.1: Summary of Model Characteristics.
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CHAPTER 4
3D Pose Estimation Pipeline
with 2D-to-3D Pose Lifters

In this chapter, we answer the first research question from Section 1.2, namely, how well
2D-to-3D pose lifters perform in the case of synthetic images. In Section 4.1, we describe
our goal and the overall study approach. In Section 4.2, we detail the synthetic dataset
used. Then, we lay out our setup for the experiment in Section 4.3. We also provide
complete implementation details here. In the upcoming chapters, the pose estimation
pipeline used in this chapter will be adapted to suit the experiments in those chapters,
and thus we will only describe the changes made. Finally, the results are shown and
discussed in Section 4.4 and Section 4.4, respectively.

4.1 Objective & Approach
We aim to answer the first research question regarding how well 3D poses can be estimated
from monocular synthetic images using 2D-to-3D pose lifters. As discussed in earlier
chapters, prior studies have shown that reasonable estimates can be produced from a
single image. Here, we seek to evaluate how well these models perform on our synthetic
data. The results will also clarify the accuracy trade-offs associated with adopting this
approach. The machine learning pipeline implemented in this experiment serves as the
foundation for the experiments in subsequent chapters.

To achieve this, we implement a pipeline that first performs 2D HPE on input images and
then estimates 3D poses from the resulting 2D keypoints. The core objective is to train
the selected 2D-to-3D pose lifters using a synthetic dataset. Since the data are synthetic,
the exact coordinates of 2D and 3D keypoints are known, allowing us to use them as
input and target, respectively. We then compare the accuracy of these models with the
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results from [SSN+23], which use triangulation on the same data. Because triangulation
utilizes images from multiple views along with their corresponding camera parameters,
our single-view pose estimator is not expected to surpass those results. However, if the
performance is comparable, it would demonstrate that the 2D-to-3D pose lifter offers a
reasonable balance between accuracy and the simplicity of single-view estimation.

4.2 Dataset: SyntheticCabin IR
In this experiment, we make use of the SyntheticCabin IR dataset [SSN+23]. It is a
synthetic dataset for driver pose estimation created by our project partner, emotion3D1.
It contains both RGB and simulated near-infrared (NIR) images of 3D human models
sitting in a driver’s seat with a variety of body movements. The metadata, represented in
JSON format, specifies the parameters used for generating the dataset, including the car
interiors, the human models, and their pose. The exact positions of the body joints of
the driver are given for all keypoints in both 2D and 3D. Synthetic datasets help address
the scarcity of 3D ground truth pose annotations for driver monitoring.

The images were generated in Unity 2 with 3D human models from RenderPeople 3, and
3D vehicles from Hum3D 4. The human poses were generated randomly by an inverse
kinematic workflow. For example, the positions of the hands were determined first, then
the angles and positions of the elbows and arms were calculated afterward.

The SyntheticCabin IR dataset contains 50,000 infrared images captured from three
fixed viewpoints: the driver-side A-Pillar, the codriver-side A-Pillar, and the rear mirror.
The views are denoted as A_Pillar_Driver, A_Pillar_Codriver, and Rear_Mirror,
respectively. There are 16 different human models, 8 male and 8 female, that differ in
age and physical characteristics. Each model is represented by 3,125 images. Figure 4.1
illustrates representative examples from the dataset.

4.3 Experiment Setup
We set up an experiment according to the setup described in [SSN+23]. The Synthetic-
Cabin IR dataset was divided into training, validation, and testing sets. The training
set contains twelve human models, while the validation and testing sets each contain
two models. In total, there are 37,500 images for training and 6,250 images for both the
validation and testing sets. We trained the models using the training set and tracked
their training progress using the validation set. The testing set was used to compare
the final results of the models. The evaluation metrics for this experiment are PJPE
and MPJPE. PJPE provides detailed results showing which joints are easier or more

1https://emotion3d.ai/
2https://unity.com/
3https://renderpeople.com/
4https://3dmodels.org/
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Figure 4.1: Example images from the SyntheticCabin IR dataset.

Figure 4.2: 3D pose estimation pipeline for the experiment in Chapter 4.

challenging to estimate, whereas MPJPE represents the mean of PJPE values, providing
an overall performance metric.

The process was performed separately for each of the three views in SyntheticCabin IR:
A_Pillar_Driver, A_Pillar_Codriver, and Rear_Mirror. The 2D HPE component was
fixed by preprocessing the 2D poses. We then trained five 2D-to-3D pose lifters—namely,
SimpleBL, SemGCN, GraphMLP, GraFormer, and JointFormer—on these resulting 2D
poses and compared their results. Through this approach, we can identify the best viewing
angle for camera installation and determine which deep learning architecture performs
better. All results were compared against those from the multi-view triangulation
method [SSN+23]. We expected the MPJPE from the 2D-to-3D pose lifters to be closely
comparable.

For implementation, we constructed a pipeline for 3D pose estimation in three stages,
as described in Section 3.1. Figure 4.2 illustrates the pipeline setup. The input driver
images were taken from the SyntheticCabin IR dataset. Here, we used Faster R-CNN and
HRNet for detecting the driver and performing 2D HPE, respectively. Both models are
publicly available and were pre-trained on the COCO dataset. We then fine-tuned them
on the SyntheticCabin IR dataset to adapt to the texture of the synthetic images. The
estimated 2D poses were fed into one of the 2D-to-3D pose lifters listed above to learn
from the annotated 3D poses of the synthetic dataset. We then evaluated the trained
models on the test dataset with the same camera views as the training set and compared
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the results.

The experiments were run on a workstation equipped with an AMD Ryzen 9 5900X 12-
Core Processor, 32 GB of RAM, and an NVIDIA TITAN Xp GPU with 12 GB of VRAM.
The operating system was Ubuntu 22.04.5 LTS. To ensure consistency and reproducibility,
we ran the experiments inside a Docker container based on Ubuntu 20.04.5 LTS, using
the official PyTorch image pytorch/pytorch:2.0.1-cuda11.7-cudnn8-devel.
The experiments were implemented in Python using the deep learning library PyTorch
[PGM+19] version 2.0.1, along with PyTorch Lightning [FT], a framework that facilitates
setting up training pipelines in PyTorch.

4.3.1 Preparation of 2D Human Poses
We treat the first two stages of the pipeline as a fixed part of the experiment. Thus,
we can preprocess the whole dataset and produce a 2D pose dataset for training the
2D-to-3D pose lifters. Here, we detail the steps we take to preprocess the dataset.

Preprocessing for SyntheticCabin IR

The SyntheticCabin IR dataset includes generated images and annotation files for each
frame. We preprocess the dataset to facilitate its use as input to the pipeline. The images
are rescaled to a resolution of 1280×1024 pixels. They are then organized into three
folders—train, val, and test—according to the provided data split. Finally, we rename
each image file using its corresponding frame ID.

Figure 4.3: Skeleton pose representation showing keypoints used for upper-body driver
pose estimation.

For the annotations, the dataset includes detailed locations of multiple body parts,
which were used as parameters for generating the images. We extract only the 2D
and 3D annotations corresponding to the 13 upper-body keypoints, following [SSN+23].
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Figure 4.3 illustrates the selected keypoints, which are labeled as if the model were facing
the observer. As shown in the dataset images in Section 4.2, in-cabin cameras typically
capture only the driver’s upper body. The steering wheel often occludes the lower body,
while those parts generally exhibit limited movement and therefore contribute less to
driver behavior analysis. Due to these domain-specific characteristics, our skeleton pose
annotation includes only upper-body keypoints.

Unlike the conventional approach of centering the keypoint coordinates at the pelvic
bone, we use the neck—denoted by the yellow dot in Figure 4.3—as the reference point.
This point is computed as the mean position of the left and right shoulders. Finally, we
generate JSON description files in the COCO-style human keypoint annotation format,
originally introduced in the COCO 2017 Keypoint Detection Task [LMB+15], for each
data split.

Human Detector

In the first stage of the pipeline, we employ the Faster R-CNN to detect drivers in the input
images. The implementation we use is one with a feature pyramid network as a feature ex-
tractor, R-50-FPN-Caffe-3x, from MMDet [CWP+19], a software toolkit for object de-
tection. The selected version, faster-rcnn_r50-caffe_fpn_ms-1x_coco-person,
was pre-trained in Caffe [JSD+14] specifically to detect the person class in the COCO
dataset.

As there are significant differences in image texture between synthetic and real-world
images, we need to fine-tune the model on the SyntheticCabin IR dataset. For this, we used
MMEngine [MME22], which provides tools for creating training and evaluation pipelines.
In the pipeline, we also perform random flipping and resizing for data augmentation. The
training was conducted using the training set for one epoch. Table 4.1 shows the Average
Precision (AP) — the area under the precision-recall curve for the person class — of
the fine-tuning results for each camera view on the test set for three Intersection over
Union (IoU) thresholds: IoU ≥ 50 (AP50), IoU ≥ 75 (AP75), and IoU threshold from 50
to 95 (AP50:95). We can see that the performance is good; however, it lags behind that
reported in [SSN+23] for the AP, especially for the Rear_Mirror view. The reduction in
performance may have been influenced by the model occasionally generating multiple
bounding boxes for the same person (false positives) or boxes that were excessively large.
We did not further optimize the detector, as the results shown in Table 4.2 were adequate
for the 2D pose estimation in the subsequent stage.

After obtaining a fine-tuned human detector, we perform inference on all the images in
SyntheticCabin IR and save the results for further steps. During inference, the detector
may produce multiple bounding boxes. Because the SyntheticCabin IR dataset always
contains a single person, the driver, in the scene, we simply select the bounding box with
the highest confidence score. Note that the bounding box convention of MMDet is in
xyxy format, which specifies a bounding box with the coordinates of the top-left and
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the bottom-right corners. This format is different from the COCO dataset, which uses
the xywh format, the top-left coordinate along with the width and the height of the box.

SyntheticCabin IR (Test Set)
Evaluation result for fine-tuned human detector (Faster R-CNN)

Model Metrics (%) A_Pillar_Driver A_Pillar_Codriver Rear_Mirror
[SSN+23] AP50:95 98.0 98.3 89.9

AP50 100.0 100.0 100.0
AP75 99.0 99.0 99.0

Ours AP50:95 95.9 96.8 61.3
AP50 99.0 99.0 99.0
AP75 99.0 99.0 85.3

Table 4.1: Evaluation result for fine-tuned human detecter (Faster R-CNN)

2D Pose Estimator

The second stage of the pipeline is the 2D pose estimator. We use the HRNet model. Sim-
ilar to the human detector, we employ the one implemented by MMPose [MMP20],
a software toolkit for human pose estimators. The selected pre-trained model is
td-hm_hrnet-w48_udp-8xb32-210e_coco-384x288. This model is built with
an HRNet architecture with a width of 48 channels in the highest resolution branch. The
model was trained with a batch size of 256 on 384x288 pixel images from the COCO
dataset for 210 epochs. During training, multiple data augmentations were used, such as
random flip, bounding box transformation, and affine transformation. The output of the
model is heatmaps, one for each keypoint. We can use the coordinates of the highest
value in the heatmap for the predicted keypoint.

Because the HRNet takes a synthetic image and a bounding box as input, we also need to
fine-tune the model as with the human detector. Again, we use MMEngine for fine-tuning
with a batch size of 32 images for five epochs. We train the model using both ground
truth bounding boxes and 2D poses from the SyntheticCabin IR dataset. The training
pipeline also utilizes the same data augmentations.

As with the human detector, we evaluate the fine-tuned model using the testing set. We
test the model under two setups: supplying the model with the ground truth bounding
boxes or the predicted results from the human detector. Using the ground truth tells us
how good the trained HRNet is, while using the predicted ones indicates the combined
performance of the first two stages. The evaluation metric is the AP as well, with the
same levels of thresholds: 50%, 75%, and 50% to 95%. However, for 2D HPE, the
similarity between the predicted and the ground truth keypoints is measured with a
metric called Object Keypoint Similarity (OKS), which measures how close the overall
detected poses are on a scale between 0 (lowest) and 1 (highest), accounting for differences
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in scale. Table 4.2 contrasts the results with [SSN+23]. We see that for the AP50:95
that our fine-tuned HRNet yields slightly better results. Similarly, the evaluation results
for the bounding boxes from the Faster R-CNN are at a similar level. We can see that
the poorer performance of Faster R-CNN does not affect the AP of the HRNet for the
Rear_Mirror view.

Finally, we run inference for all the images in SyntheticCabin IR using the bounding boxes
from Faster R-CNN. The estimated poses from the HRNet are 17 full body keypoints in
image coordinates, including those occluded or outside of the image. As we discussed,
our skeletal representation uses only 13 upper body keypoints. Thus, we discard the rest.

SyntheticCabin IR (Test Set)
Evaluation result for fine-tuned 2D Pose Estimator (HRNet)

Model Bounding Box Metrics (%) A_Pillar_Driver A_Pillar_Codriver Rear_Mirror
[SSN+23] Ground Truth AP50:95 87.6 94.1 84.5

AP50 99.0 99.0 99.0
AP75 96.9 99.0 91.7

Faster R-CNN AP50:95 87.8 94.0 84.7
AP50 99.0 99.0 99.0
AP75 96.9 99.0 91.7

Ours Ground Truth AP50:95 90.6 96.7 91.7
AP50 99.0 100.0 99.0
AP75 94.9 99.0 98.0

Faster R-CNN AP50:95 93.8 90.3 86.4
AP50 100.0 99.0 99.0
AP75 94.8 99.0 95.9

Table 4.2: Evaluation result for fine-tuned 2D Pose Estimator (HRNet)

4.3.2 Training of 2D-to-3D Pose Lifters

The final stage of the pipeline is the 2D-to-3D pose lifter. Here, we train the model
using SyntheticCabin IR as before, using ground-truth 2D poses as input and 3D
poses as ground truth. At this stage, we select five models to represent various deep
learning architectures. For the model implementation, we aim to source them from
the official GitHub5 repositories of the models’ authors if a PyTorch implementation is
available. If that is not the case, we review alternative sources on GitHub for reliable
implementations. For SimpleBL, the original implementations is in TensorFlow, so we
use an implementation by Motoki Kimura6. The official implementation for SemGCN7,

5https://github.com/
6https://github.com/motokimura/3d-pose-baseline-pytorch, accessed on 2023-06-06.
7https://github.com/garyzhao/SemGCN, accessed on 2023-08-09
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GraphMLP8, GraFormer9, and JointFormer10 are available on GitHub.

For the training pipeline, we use PyTorch Lightning [FT] to help simplify the process. We
wrap the model in a LightningModule. Then, we structure the input tensor according
to each model’s specification. We normalize the size of the 2D poses by min-max scaling
using the range of the coordinates with respect to the pose itself, as opposed to the global
range of the dataset. Thus, the poses in the input will be on a similar scale, and they fit
into a unit square.

During training, we use PyTorch Lightning’s Trainer to run the training loop with a
random seed of 1234. The training was done in batches of 64 poses, with any incomplete
final batch for each epoch being dropped. Adam was used as the optimizer. The learning
rate was set using a step scheduler, starting at 0.001 and decaying by a factor of 0.96
each epoch for all models. Training continued for a maximum of 200 epochs with early
stopping criteria applied. Every five epochs, the trainer evaluated the MPJPE of the
validation set, and training stopped if the validation MPJPE failed to improve for five
consecutive evaluations. This early stopping mechanism helped the models converge
effectively given the training data, while the learning rate scheduler ensured gradual
adjustment of the optimization process. Additionally, we employed gradient clipping at
1.0 to stabilize the learning progress [Mik12].

The loss function of 2D-to-3D pose lifter is the mean squared error (MSE) between
annotated 3D pose, Ji ∈ RK×3, and the predicted 3D pose, J∗

i ∈ RK×3.

L = 1
N

N�
i∈A

∥Ji − J∗
i ∥2

2

Where N is the number of samples in each batch, K is the number of joints, L denotes
the loss, and A is a set of annotated keypoints. ∥·∥2 is the L2 norm.

4.4 Results
During testing, we used 2D poses obtained from inference with Faster R-CNN and HRNet.
We then compared the results of our models with the triangulation-based results from
[SSN+23], as shown in Table 4.3.

Our results are presented in Table 4.4, Table 4.5, and Table 4.6. We report PJPE for all
thirteen joints and MPJPE for each camera setup. We also include the average PJPE and
MPJPE across all models, as there was no single best lifter model for every configuration.
The bold numbers indicate the lowest PJPE and MPJPE for each joint and setup/model.

8https://github.com/Vegetebird/GraphMLP, accessed on 2023-12-20.
9https://github.com/Graformer/GraFormer, accessed on 2023-12-21.

10https://github.com/seblutz/JointFormer, accessed on 2023-12-26.
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It should be noted that acronyms are used in the tables due to space constraints.
Specifically, Dri, CoDri, and Rear denote the A_Pillar_Driver, A_Pillar_Codriver, and
Rear_Mirror views, respectively. All_three refers to a three-image setup using images
from all three views. Lowercase prefixes l and r correspond to the left and right sides,
respectively.

Figure 4.4 shows three examples of estimated 3D poses produced by JointFormer for
each view of SyntheticCabin IR. The green skeletal figures represent the ground-truth
poses, while the black figures show the poses inferred by JointFormer. Each row presents
three views of the same pose to provide a better visual perspective.

Views Per Joint Position Error (PJPE) [mm] MPJPE
Setup Nose lEye rEye lEar rEar lShoulder rShoulder lElbow rElbow lWrist rWrist lHip rHip [mm]

Dri/CoDri 19.2 17.2 16.9 18.0 15.6 24.0 23.0 35.4 28.5 30.5 25.7 17.10 22.4 22.6
CoDri/Rear 32.3 32.0 29.2 37.6 24.6 50.6 24.3 128.5 21.4 92.8 49.7 65.4 26.2 47.3

Dri/Rear 22.2 19.8 19.2 18.8 17.5 22.9 23.2 50.0 30.2 37.50 35.0 30.0 20.6 26.7
All_three 24.6 23.0 21.8 24.8 16.8 32.3 23.5 71.3 26.7 53.6 46.8 37.5 23.0 32.2

Table 4.3: Evaluation results on the test set using triangulation, reported in [SSN+23].

Models
Per Joint Position Error (PJPE) [mm] MPJPE

Nose lEye rEye lEar rEar lShoulder rShoulder lElbow rElbow lWrist rWrist lHip rHip [mm]

SimpleBL 28.3 27.3 26.3 23.9 20.7 18.3 18.3 87.0 63.2 54.6 45.0 40.9 34.1 37.5
SemGCN 30.0 32.1 30.7 26.9 25.3 19.7 23.8 93.6 63.2 56.7 46.6 49.2 36.9 41.1
GraphMLP 27.3 28.7 28.7 25.7 22.0 21.7 17.3 85.8 66.5 56.9 43.0 41.1 40.7 38.9
GraFormer 31.2 29.2 28.4 27.5 24.1 17.9 17.1 85.7 62.6 55.6 47.6 37.3 36.0 38.5
JointFormer 29.9 29.2 27.4 26.3 21.5 18.1 17.7 87.2 64.5 53.5 42.2 39.0 33.8 37.7

Average 29.3 29.3 28.3 26.1 22.7 19.1 18.8 87.8 64.0 55.5 44.9 41.5 36.3 38.7

Table 4.4: Evaluation result on the test set for A_Pillar_Codriver pillar view.

Models Per Joint Position Error (PJPE) [mm] MPJPE
Nose lEye rEye lEar rEar lShoulder rShoulder lElbow rElbow lWrist rWrist lHip rHip [mm]

SimpleBL 26.2 24.3 26.1 21.9 22.4 16.3 16.3 55.2 65.2 39.2 42.3 30.8 31.9 32.4
SemGCN 26.5 26.0 25.9 21.6 23.2 20.7 15.1 56.2 65.8 43.7 50.5 34.9 35.7 34.5
GraphMLP 23.8 22.5 24.3 21.3 22.8 19.4 17.9 57.5 64.1 39.7 40.0 41.2 39.9 33.7
GraFormer 25.8 23.1 24.2 23.0 22.7 17.1 19.2 63.2 69.8 39.3 45.3 34.0 33.7 34.1
JointFormer 24.8 22.9 24.2 21.2 22.0 15.5 15.5 53.3 64.5 38.2 45.1 33.3 31.1 31.9

Average 25.4 23.8 24.9 21.8 22.6 17.8 16.8 57.1 65.9 40.0 44.6 34.8 34.5 33.3

Table 4.5: Evaluation result on the test set for the A_Pillar_Driver view.

Models Per Joint Position Error (PJPE) [mm] MPJPE
Nose lEye rEye lEar rEar lShoulder rShoulder lElbow rElbow lWrist rWrist lHip rHip [mm]

SimpleBL 26.9 24.2 24.7 20.6 18.9 17.2 17.2 86.4 52.8 55.4 56.1 29.1 28.5 35.4
SemGCN 25.3 24.0 23.5 22.0 19.8 18.8 16.7 87.6 56.0 57.6 59.8 28.2 30.0 36.2
GraphMLP 27.3 25.4 25.1 23.9 19.6 18.7 19.1 85.8 48.2 53.1 50.7 25.7 29.0 34.9
GraFormer 29.1 25.4 25.3 25.4 19.9 18.2 17.8 88.7 54.9 57.5 65.1 30.6 31.3 37.8
JointFormer 24.8 23.4 23.5 21.3 18.5 15.8 15.8 88.2 53.6 55.6 53.3 28.5 26.9 34.7

Average 26.7 24.5 24.4 22.6 19.4 17.7 17.3 87.3 53.1 55.8 57.0 28.4 29.1 35.8

Table 4.6: Evaluation result on the test set for the Rear_Mirror view.

47



4. 3D Pose Estimation Pipeline with 2D-to-3D Pose Lifters

Figure 4.4: Example outputs for each image view of SyntheticCabin IR.
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Comparing Table 4.3 with our results, it is evident that triangulation performs better
overall, consistently yielding lower MPJPE scores than all 2D-to-3D pose lifter configura-
tions. This outcome is expected, as the method from [SSN+23] utilized images from two
vantage points—a clear advantage that cannot be matched by a single-image approach.
Moreover, their method relied on the ground-truth camera parameters provided by the
synthetic data generator, offering an additional performance advantage over our approach.

However, the results obtained from our 2D-to-3D pose lifter approach were comparatively
close. All single-image models performed better than the CoDri/Rear setup. The best-
performing view for a 2D-to-3D pose lifter was A_Pillar_Driver, which produced results
comparable to the All_three triangulation setup, with an average difference in MPJPE
of only 1.1 mm. Notably, the JointFormer model even delivered better results than the
All_three configuration.

Regarding per-joint errors, the 2D-to-3D models were more accurate at predicting the
locations of joints above the shoulders than those below, similar to the triangulation
method. The prediction of the shoulders was the most accurate; however, this may be
attributed to our use of the neck as the root joint.

In summary, the experiment in this chapter demonstrates that 2D-to-3D pose estimation
can produce reasonably accurate 3D poses. Although triangulation methods with suitably
chosen views outperform these models, the monocular approach is far simpler to deploy.
It does not require the calibration of multiple cameras or precise camera parameters, and
the equipment cost is substantially lower. This chapter establishes a foundation for the
experiments in the following chapters, where synthetic data are utilized to improve 3D
pose estimation on real-world data.
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CHAPTER 5
Transfer Learning from

Synthetic Data

In this chapter, we explore transfer learning for 3D pose estimation using synthetic data.
Our approach involves pre-training the 2D-to-3D pose lifter on ground-truth 3D poses
from synthetic data and then fine-tuning the model with real-world data. The goal is
to assess whether this strategy can reduce the reliance on real-world data and the need
for 3D pose annotations. To evaluate this, we compare the performance of two models
with identical 2D-to-3D pose lifter architectures: one pre-trained with synthetic data
and one trained from scratch. If the results show that the pre-trained model achieves
better performance with the same amount of real-world data, then pre-training can be
considered beneficial for the lifting models.

We outline the objectives and overall approach in Section 5.1. The two datasets used
in this experiment—the SyntheticCabin IR 1M and Drive&Act—are introduced in
Section 5.2 as the synthetic and real-world datasets, respectively. The experimental
setup and implementation details are described in Section 5.3. Finally, the results and
corresponding discussion are presented in Section 5.4 and Section 5.5, respectively.

5.1 Objective & Approach
This chapter addresses the second research question: how effectively knowledge learned
from synthetic data can be transferred to real-world data. Transfer learning refers to
the practice of adapting a model trained on one domain or distribution to another.
If the model learns useful representations from the source data, it can achieve strong
performance on the target domain with fewer training samples and epochs. We previously
observed the benefits of transfer learning when training the human detection and 2D
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HPE models in the preceding chapter, where only a few fine-tuning epochs were required
to obtain satisfactory results. A similar effect is expected for the case of 2D-to-3D pose
lifters.

Because well-trained human detectors and 2D HPE models are widely available, we
leverage them for the first two stages of the pipeline. Our approach pre-trains the
2D-to-3D pose lifters using annotated 2D and 3D poses from synthetic data. By focusing
on skeletal keypoints, we can accelerate pre-training, as the number of parameters is
substantially smaller than in image-based models. Moreover, synthetic and real 3D poses
are generally more similar to each other than their corresponding image representations.
Consequently, the 2D-to-3D pose lifters may be able to adapt more efficiently even when
trained on a limited amount of real-world data.

To evaluate this hypothesis, we conducted an experiment comparing 2D-to-3D pose lifter
models trained from scratch with those pre-trained on synthetic data. The experiment
involved gradually increasing the amount of real-world data used for training and observing
whether the pre-trained models achieved superior performance under equivalent data
conditions.

5.2 Datasets
Our approach relies on both a synthetic dataset and a real-world dataset. The former
is used for pre-training, while the latter is used for fine-tuning 2D-to-3D pose lifters
and evaluation. Similar to the previous chapter, we also use synthetic data from the
SyntheticCabin project; however, we employ an updated version of the dataset. For the
real-world data, we use the Drive&Act dataset [MRH+19], which was originally developed
for driver action recognition using multi-modal input data, including images and 3D
poses. Figure 5.1 presents example images from both datasets.

5.2.1 SyntheticCabin
The synthetic dataset used in this experiment is an updated version of the SyntheticCabin
dataset, called SyntheticCabin IR 1M, which was generated with several enhancements.
This dataset contains a total of 1 million generated images—hence its name. The human
models are identical to those in the original version. The movements were generated in a
similar manner, with the addition that the models could now place their hands on the
steering wheel. The lighting was simulated using ray tracing, and ten camera views are
available. Furthermore, additional noise was added to the camera extrinsics, meaning
that the camera angles and positions can vary slightly even within the same view.

5.2.2 Drive&Act
As mentioned in Section 2.4.2, the Drive&Act dataset [MRH+19] is designed for DMS. To
the best of our knowledge, it remains the only publicly available dataset with real camera
images that provides 3D pose annotations in this domain. Although the annotations were
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not obtained using motion capture, they represent the best available option. A follow-up
study by the dataset authors reported that the automated annotations generated by
OpenPose [CHS+19] differed from manually refined annotations by an average of 39.4
mm [MVS21].

The dataset contains 15 subjects (4 female and 11 male). The videos were recorded
at a resolution of 1280×1024 pixels and 30 frames per second using five near-infrared
cameras. In our experiments, we used only the inputs from three frontal camera views
mounted on the A-Pillars (driver and co-driver sides) and the rearview mirror. Un-
like the SyntheticCabin dataset, Drive&Act refers to these views as a_column_driver,
a_column_co_driver, and center_mirror.

Figure 5.1: Example images from SyntheticCabin IR 1M, and Drive&Act dataset
[MRH+19].

5.3 Experiment Setup

We performed the experiment to determine whether using synthetic data for pre-training
improves learning. Our hypothesis was that if two models are trained with the same
amount of real-world data and the one pre-trained with synthetic data produces better
results, then the use of synthetic data is beneficial.
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We conducted the experiment using the following data split. Among the 15 subjects
in Drive&Act, subject number 10 was reserved for validation, and subjects numbered
11–14 were used for testing. The remaining subjects were allocated for training. We
experimented by gradually increasing the amount of training data from Drive&Act.
For smaller subsets, the training data consisted of a fraction of a subject’s frames;
subsequently, we increased the subset size to include multiple subjects. The models were
first trained with fractions corresponding to 5%, 10%, 25%, 50%, and 100% of each
subject’s frames. Training was repeated for all eight training subjects individually. The
procedure is illustrated in Algorithm 5.1.

A sampling rate of 1 Hz was used, resulting in 2048 frames per subject. Thus, 5%
corresponded to approximately 102 frames. Next, we trained the models with data
from two and four subjects. Each configuration was repeated eight times with randomly
selected subject combinations to obtain more reliable results, maintaining consistency
with the eight runs used in the percentage-based experiments. The final configuration
utilized all eight subjects, encompassing the entire training set, and was therefore executed
only once. This procedure is illustrated in Algorithm 5.2.

During validation and testing, we used the complete validation and test sets to maintain
consistent evaluation across all experiments. Note that the validation and test sets
employed the same camera views as the training set, except when the model was trained
with All_Views. This design enabled us to evaluate model performance across varying
amounts of real-world training data for both pre-trained and from-scratch models.

The evaluation metric used for all settings was MPJPE. However, Drive&Act annotated
only joints visible in at least two cameras, since the 3D pose annotations were generated
by triangulation. Therefore, the MPJPE was computed only on the annotated joints.

For each training data size, we calculated two sets of metrics: (1) the average MPJPE
for each experiment configuration, and (2) the average improvement in MPJPE resulting
from pre-training. For the average MPJPE, we computed the mean and standard error
across subsets: across subjects for Algorithm 5.1, and across subject combinations for
Algorithm 5.2. These calculations were performed separately for models with and without
pre-training, as shown in line 12 of both algorithms.

To quantify the improvement from pre-training, we paired the MPJPE values from
the same training subset—one from the pre-trained model and one from the baseline
model trained from scratch. We then computed the difference in MPJPE for each pair,
representing the gain from pre-training. This pairing step was implemented at line 10 in
the algorithms. Finally, we calculated the mean and standard error of these differences
across all pairs, as shown at line 13. The standard error of the mean (SE) was computed
using SciPy’s scipy.stats.sem function [VGO+20]. Note that the SE could not be
calculated for the configuration using all subjects, since this case involved only a single
training combination.
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Algorithm 5.1: Transfer learning experiments using subset frames of each
subject.
1 Initialize: S = [5%, 10%, 25%, 50%, 100%]
2 for each subset size si in S do
3 for each subject ai in {a1, . . . , a8} do
4 Initialize: M = {Model with pre-training,Model without pre-training}
5 Sample si frames from subject ai without replacement.
6 for each model m in M do
7 Train m using the sampled data with early stopping based on

validation loss.
8 Evaluate m on the test set and record MPJPE.
9 end

10 Compute the difference in MPJPE between models with and without
pre-training.

11 end
12 Compute the mean and standard error of MPJPE separately for models with

and without pre-training.
13 Compute the mean and standard error of the MPJPE differences.
14 end

Algorithm 5.2: Transfer learning experiments using combinations of subjects.
1 Initialize: N = {2, 4, 8} subjects per experiment
2 for each combination size n in N do
3 repeat
4 Sample n subjects from the 8 available subjects {a1, . . . , a8} without

replacement.
5 Initialize: M = {Model with pre-training,Model without pre-training}
6 for each model m in M do
7 Train m using the sampled data with early stopping based on

validation loss.
8 Evaluate m on the test set and record MPJPE.
9 end

10 Compute the difference in MPJPE between models with and without
pre-training.

11 until 8 times;
12 Compute the mean and standard error of MPJPE separately for models with

and without pre-training.
13 Compute the mean and standard error of the MPJPE differences.
14 end
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5.3.1 Implementation

In this experiment, we implemented a three-stage 3D HPE pipeline following the same
procedure as described in the previous chapter. The implementation details outlined
there remain applicable here. The main differences concern the selection of datasets and
the choice of models appropriate for each dataset. Therefore, this section focuses on
the modifications introduced to the pipeline rather than repeating descriptions already
provided.

The implementation comprises three components, as depicted in Figure 5.2. First, we
pre-trained the 2D-to-3D pose lifters using synthetic 2D and 3D poses. Then, we prepared
the 2D poses from the real-world data by performing 2D HPE. One advantage of using
synthetic data is that it provides exact 2D projections of 3D poses, even in cases of
occlusion. Thus, these annotations can help the model infer the locations of hidden joints
even after fine-tuning. Finally, we fine-tuned the lifter with the estimated 2D poses and
the annotated 3D poses.

Figure 5.2: Setup of the 3D pose estimation training pipeline with transfer learning.

2D Pose Estimation

The 2D HPE module comprises the Faster R-CNN and the HRNet, both of which were
pre-trained on the COCO dataset. We did not fine-tune these models further, as in
Chapter 4, because they were already trained on real images and performed sufficiently
well on Drive&Act. Moreover, Drive&Act does not provide its bounding box or 2D pose
annotations to the public1.

First, we prepared individual frame images from the Drive&Act videos. We extracted
frames at a sampling rate of 1 Hz, assigning an identifier number to each frame and

1https://driveandact.com/ , accessed on 2023-05-03.
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recording the corresponding subject. This metadata was then formatted into the COCO
dataset JSON structure, along with the annotated upper-body 3D pose keypoints.

Next, we fed the frames into the pre-trained human detector, Faster R-CNN, to obtain
the bounding box coordinates of the driver. Because Drive&Act contained at most one
person—the driver—in each scene, we simply retained the bounding box with the highest
confidence score when multiple boxes were predicted. Frames with no detected driver
were discarded. The output was stored in COCO-style JSON files.

In the second stage of the pipeline, we provided the video frames and their bounding
boxes as input to HRNet. The 2D HPE model produced 17 keypoints per frame, of which
we retained only the 13 upper-body keypoints, as in the previous chapter. This output
was also saved in JSON format, consistent with the bounding box files. Using the frame
identifier numbers, the estimated 2D poses and annotated 3D poses could then be easily
matched.

Pre-training of 2D-to-3D Pose Lifters

We used the SyntheticCabin IR 1M dataset for pre-training. This dataset offers a larger
number of samples and a greater variety of views than the original SyntheticCabin IR.
Recall that the improved synthetic dataset, SyntheticCabin IR 1M, contains images
captured from ten camera views. However, there is still no exact match for the views in
Drive&Act. As one might expect, installing a camera in a car allows virtually unlimited
configurations; even a slight tilt or shift in position can result in different camera
parameters.

Our approach was to use images from a set of specific views that were most similar to
the target view. Table 5.1 lists all camera positions used to pre-train the models for each
Drive&Act view, and Figure 5.3 shows example images of those views. In addition, we
pre-trained another version of each model using the full SyntheticCabin IR 1M dataset,
referred to as All_Views. We subsequently used these models to evaluate whether training
with a larger but more generic dataset would lead to improved performance.

For pre-training, each 2D-to-3D pose lifter was trained using the annotated 2D keypoints
of each synthetic image as input, with the corresponding 3D keypoints serving as
ground truth for loss computation. The training procedure followed that described in
Section 4.3.2.

5.3.2 Fine-tuning of 2D-to-3D Pose Lifters
After extracting the 2D poses, we proceeded to fine-tune the 2D-to-3D pose lifters using
the 2D poses and the annotated 3D keypoints. A caveat of the annotated 3D poses
from Drive&Act is that they are derived from triangulation. As we know, triangulation
requires visibility from at least two different views, which is not always the case for every
joint at every frame. Self-occlusion is the primary source of this issue. One can easily
imagine a situation in which a driver twists their body to reach for an item in the back;
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Target Drive&Act Views Selected SyntheticCabin IR 1M Views
a_column_co_driver A_Pillar_Codriver, Front_Left, Front_TopLeft, Rear_Mirror

a_column_driver A_Pillar_Driver, Front_Right, Front_TopRight

center_mirror OMS_01, Dasboard, Front

a_column_co_driver, All_Views
a_column_driver, (A_Pillar_Codriver, A_Pillar_Driver, Front_Left,
and center_mirror Front_TopLeft, Rear_Mirror, Front_Right,

Front_TopRight, OMS_01, Dasboard, Front)

Table 5.1: List of camera positions in SyntheticCabin IR-1M targeting each Drive&Act
view. The last row shows an additional setup used to pre-train models on the full
synthetic dataset.

Figure 5.3: Example images for the camera positions of SyntheticCabin IR 1M targeting
each Drive&Act view.
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one side of the body may obscure the other from the camera’s view. Consequently, those
joints cannot be annotated and are left empty in the dataset.

To handle the missing annotations, we performed the forward pass as usual, but when
computing the loss for backpropagation, we included only the joints with valid annotations
and masked out the loss contributions from the missing ones. The remaining training
process followed that described in Section 4.3.2.

5.4 Results
In this section, we present the results in two formats. The tables show the test set
MPJPE values for each Drive&Act view, along with their standard errors, whereas the
figures compare the test results between the from-scratch and pre-trained 2D-to-3D
pose lifters, highlighting the improvements achieved through pre-training. The key
findings are summarized in this chapter, while the complete experimental results across
all configurations are presented in Appendix A.

Table 5.2, Table 5.3, and Table 5.4 present the test results from the GraFormer model
trained from scratch, fine-tuned with selected views, and fine-tuned with All_Views,
respectively. Each row reports the MPJPE value and its standard error for each amount
of Drive&Act training data, ranging from 5% to 50% of a subject, as well as the full data
of 1, 2, 4, and 8 subjects, corresponding to 100%, 200%, 400%, and 800%, respectively.
The values represent the concatenated results of Algorithm 5.1 and Algorithm 5.2. We
highlighted the model with the lowest MPJPE for each data level in bold, and the overall
lowest result in each table is further underlined.

Similarly, Figure 5.4 illustrates the overall MPJPE trends, comparing the results of the
from-scratch and pre-trained models. In each row, the figure on the left visualizes the
results summarized in the tables. The vertical axis represents the MPJPE, while the
horizontal axis, shown on a logarithmic scale, indicates the amount of training data,
ranging from 5% to 50% of a subject and up to the full datasets of 1, 2, 4, and 8 subjects.
The error trends are plotted with dashed lines for the from-scratch models and solid lines
for the pre-trained models. The y-axis range is restricted to 0-150 mm, with data points
beyond this range excluded for clarity.

The figures in the right column illustrate the gains from pre-training by plotting the
MPJPE improvement, calculated as the difference between the errors of the from-scratch
and pre-trained models. Positive values therefore indicate an error reduction. The y-axis
in these plots is truncated at a lower bound of –5 mm. Standard errors are represented
by error bars.

5.5 Discussion
The main question addressed in this experiment was whether there is clear evidence
supporting the benefit of pre-training. Looking at Figure 5.4, which shows the results
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Drive&Act Test Set Result: center_mirror view
No pre-training, Average MPJPE[mm]

Amount of Training data
Model 5% of 10% of 25% of 50% of single two four all

a subject a subject a subject a subject subject subjects subjects subjects

SimpleBL 404.3± 6.6 477.8±16.8 251.8±15.6 117.3± 7.5 75.2± 2.4 62.5± 1.8 55.2± 1.4 48.6
SemGCN 115.9± 5.3 93.9± 5.2 82.2± 4.2 81.1± 5.1 79.1± 4.5 69.3± 3.4 60.6± 2.2 54.1
GraphMLP 82.4± 2.9 77.2± 2.7 73.3± 3.7 69.7± 4.7 65.7± 5.0 60.8± 3.1 57.0± 2.1 53.7
GraFormer 90.0± 3.0 78.3± 3.0 72.9± 3.7 72.0± 4.2 66.6± 4.0 58.5± 1.3 57.1± 2.1 48.1
JointFormer 109.9± 3.4 105.3± 2.4 99.1± 2.6 91.7± 2.9 85.4± 3.1 65.9± 1.8 54.2± 1.7 50.2

Table 5.2: Test results of models without pre-training in center_mirror view. Bold values
denote the best model for each quantity of training data.

Drive&Act Test Set Result: center_mirror view
Pre-trained with selected views, Average MPJPE[mm]

Amount of Training data
Model 5% of 10% of 25% of 50% of single two four all

a subject a subject a subject a subject subject subjects subjects subjects

SimpleBL 88.0± 3.8 76.7± 3.3 72.6± 4.1 72.9± 5.1 73.4± 6.3 66.7± 4.9 52.9± 1.3 46.0
SemGCN 83.5± 4.9 74.8± 5.0 69.7± 4.6 69.2± 4.3 67.6± 4.4 58.4± 2.1 54.2± 1.9 48.6
GraphMLP 67.4± 3.8 69.6± 4.6 64.9± 4.2 61.9± 4.2 61.0± 3.7 55.3± 2.3 57.9± 2.8 57.2
GraFormer 70.9± 4.1 65.1± 4.5 66.2± 6.0 59.2± 4.1 59.2± 4.2 54.9± 2.1 52.8± 1.9 48.1
JointFormer 69.6± 3.3 66.5± 4.1 61.3± 3.6 66.3± 5.3 66.0± 6.5 55.1± 3.4 50.0± 1.3 46.0

Table 5.3: Test results of selected-view pre-trained models in center_mirror view.

Drive&Act Test Set Result: center_mirror view
Pre-trained with All_Views, Average MPJPE[mm]

Amount of Training data
Model 5% of 10% of 25% of 50% of single two four all

a subject a subject a subject a subject subject subjects subjects subjects

SimpleBL 85.6± 2.6 79.4± 5.7 71.0± 3.8 69.8± 3.7 71.9± 5.7 63.9± 3.6 51.9± 1.0 48.6
SemGCN 77.1± 4.1 75.3± 5.8 73.2± 5.2 69.1± 4.5 72.9± 8.1 65.2± 4.4 54.9± 1.3 51.9
GraphMLP 67.5± 3.5 69.9± 4.7 66.2± 4.9 61.7± 4.2 61.7± 4.8 56.8± 2.6 55.5± 2.5 52.8
GraFormer 68.6± 3.5 62.3± 3.3 61.0± 3.7 60.9± 3.4 58.6± 3.7 54.2± 2.2 51.4± 2.0 49.9
JointFormer 70.3± 4.9 64.5± 5.3 62.0± 4.6 66.5± 8.7 60.6± 5.6 57.7± 3.5 48.2± 1.2 45.4

Table 5.4: Test results of All_Views pre-trained models in center_mirror view.

from GraFormer pre-trained with selected views and All_Views (Table 5.1), we can clearly
see that the lines representing the pre-trained models consistently lie below those of the
from-scratch models. This strongly suggests the advantage of pre-training. However, the
benefits diminish as more real-world data are included. Visually, these two lines gradually
converge in the left-column plots. The from-scratch models improve more rapidly and
usually approach the pre-trained line when four or eight subjects are used, with some
exceptional cases where the from-scratch line even drops below the pre-trained line. These
patterns are consistently observed across all configurations shown in Appendix A.

When comparing models trained with selected views and All_Views, we find no consistent
improvement from using the full data during pre-training. For instance, the overall
smallest MPJPE of 45.4 mm was achieved by the JointFormer fine-tuned with all subjects
from the center_mirror view in Table 5.4, which was only slightly lower than the
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Figure 5.4: Evaluation results for GraFormer on the testing set of Drive&Act (cen-
ter_mirror).

MPJPE of 46.0 mm obtained by the models in Table 5.3. However, the All_Views-pre-
trained JointFormer performed worse (57.7 mm) than the selected-view one (55.1 mm)
when two subjects were used. Therefore, pre-training with selected views appears
generally preferable, as it avoids additional computational overhead without sacrificing
performance. Nevertheless, having a generic model pre-trained with All_Views could
still be advantageous when fine-tuning for multiple views.

In terms of camera views, the results indicate that models trained with images from the
center_mirror view produced the smallest MPJPE, followed by the a_column_co_driver
and a_column_driver views, respectively. For the center_mirror view, the JointFormer
achieved the best performance at 45.4 mm for the All_Views-pre-trained model and
46.0 mm for the selected-view model. In the a_column_co_driver view, the GraFormer
produced the lowest errors of 53.9 mm and 54.0 mm for the All_Views and selected-
view models, respectively. Lastly, for the a_column_driver view, the best All_Views
model was again the GraFormer (61.9 mm), while the best selected-view model was the
JointFormer (61.6 mm).

We can also see from the tables that each model performs differently depending on the
amount of fine-tuning data. When using only a small subset of a subject (less than
50%), GraphMLP often delivered the best or second-best results. In fact, it achieved
the best performance in eight out of nine cases when only 5% of the data from a subject
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were used. As the amount of training data increased to four subjects, GraFormer more
frequently produced lower errors. Both GraphMLP and GraFormer are hybrid models
that combine GNNs with other deep learning architectures, which may explain their
strong performance. GNNs capture local dependencies, while MLP and transformer
layers model global relationships. However, when all data were used, JointFormer yielded
the best overall results.

In conclusion, the results clearly demonstrate the benefit of using synthetic data to
pre-train 2D-to-3D pose lifters. The improvement was consistently observed across
architectures, although the magnitude varied. We found that using synthetic data from
All_Views did not provide a noticeable advantage over using selected views. The lowest
MPJPE values were obtained from models trained with data from the center_mirror
view. GraphMLP performed best when fine-tuned with smaller training samples, while
GraFormer often achieved the lowest errors when more data were available. Finally,
when trained on the full Drive&Act dataset, JointFormer produced the overall best
performance.
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CHAPTER 6
Leveraging Synthetic Data

for Unlabeled Datasets

In this chapter, we considered the scenario in which 3D pose annotations for real-world
datasets are unavailable. This is often the case, as annotating 3D poses requires multi-
view imaging, making it impractical to label individual images captured in the wild. It
would be interesting to explore how effectively models can be trained without using any
3D annotations from the target dataset.

In the following sections, we describe two experimental strategies and report their results
on the Drive&Act dataset (Section 2.4.2). Section 6.1 outlines the overall objectives of
the study, while Section 6.2 details the experimental setup common to both strategies.
Each method is then presented in Section 6.3 and Section 6.4, respectively, together with
its specific setup, results, and discussion. Finally, an overall discussion is provided in
Section 6.5.

6.1 Objective & Approach
In this final experiment, we aimed to answer the last research question concerning
the usefulness of synthetic data for estimating 3D poses when 3D annotations of the
target dataset were unavailable. Unlike 2D poses, which can be annotated manually by
marking the location of each joint in any given image, 3D pose annotation is considerably
more challenging. There are multiple obstacles to obtaining 3D pose annotations. The
most common method involves using triangulation on multiple images captured with a
calibrated multi-camera setup. The calibration must be precise in both camera parameters
and synchronization between cameras, as even slight errors in these factors can result in
substantial inaccuracies. After acquiring the images, accurate 2D annotation remains
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a labor-intensive task. The use of complex equipment setups also presents difficulties
when capturing movements outside controlled studio environments. Occlusion can further
prevent certain keypoints from being visible from multiple viewpoints. Because of all
these factors, 3D pose datasets are scarce, making it often impossible to obtain 3D
annotations for custom datasets. Therefore, it is worthwhile to investigate whether
models can be trained by leveraging synthetic data for target domains lacking 3D labels.

We explored two approaches. The first was to perform inference directly using the pre-
trained model from Chapter 5. This approach demonstrates how effectively models trained
solely on synthetic data can generalize to real-world data. The second approach involved
training a 2D-to-3D pose lifter using only the 2D poses from the target dataset, together
with paired 2D–3D pose examples from synthetic data. This approach corresponds to a
semi-supervised learning setup, in which a model is trained on an unlabeled dataset with
assistance from another labeled dataset.

For this experiment, we assumed that the Drive&Act dataset (Section 5.2.2) served as
our target dataset, where 3D pose annotations were unavailable and only the images were
accessible. We applied both approaches using SyntheticCabin IR 1M (Section 5.2.1) as the
synthetic dataset. We then compared the results of these approaches with those of models
trained with access to 3D pose annotations. This comparison illustrates the potential
performance gap that could be reduced through improved synthetic data generation or
enhanced learning strategies.

6.2 General Setup

For this experiment, we had full access to the synthetic data from SyntheticCabin IR 1M
but only to the images from the Drive&Act dataset. We assumed that the annotated
3D poses of Drive&Act were unavailable and used them solely for evaluation. Subject
number 10 was reserved as the validation set, and subjects 11, 12, 13, and 14 were used
as the test set. The remaining subjects were used for training. Similar to the previous
chapter (Table 5.1), we employed both the selected views from SyntheticCabin IR 1M
corresponding to each target view of Drive&Act and the All_Views configuration. This
setup allowed us to investigate whether matching viewing angles yields better performance
or whether using a larger, more diverse dataset is preferable.

Because the models were not trained with annotated 3D poses from the target dataset in
this setup, the lifters could not infer the scale and orientation of the poses in the same
coordinate system as the annotated 3D poses of Drive&Act. Therefore, MPJPE is not an
appropriate measure of model accuracy. Instead, we used an alternative version of the
metric, PA-MPJPE. To compute PA-MPJPE, we first performed Procrustes alignment
to match the scale and rotation of the predicted 3D poses to the annotated ones before
calculating MPJPE. This metric allows us to assess similarity based solely on the shape
of the poses. The alignment was implemented using the code provided by Zhao et al. in
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their SemGCN repository1 [ZPT+19].

We tested the pre-trained models using each set of selected views from SyntheticCabin
IR 1M described in Table 5.1 on the test set of the corresponding target view from
Drive&Act. In addition, we evaluated the models trained with All_Views on all three
views of Drive&Act.

6.3 Approach 1: Synthetic-to-real Generalization
The first approach is straightforward. We applied the same pose estimation pipeline from
the previous chapter but used only the pre-trained 2D-to-3D pose lifter on the target
dataset without fine-tuning. This experiment essentially tested the model’s ability to
generalize from synthetic to real-world data. The closer the synthetic data distribution is
to real-world data, the better the estimation performance is expected to be.

6.3.1 Experiment Setup

Figure 6.1: Pose estimation pipeline for Approach 1. The 2D-to-3D pose lifter was
pre-trained with SyntheticCabin IR 1M but was not fine-tuned with real-world data,
unlike in the previous chapter.

In this approach, we investigated how well the models generalized from the domain
of synthetic data to the real world. We directly used the pre-trained models from
Section 5.3.1. The pipeline is illustrated in Figure 6.1. Specifically, the 2D-to-3D pose
lifters were pre-trained with SyntheticCabin IR 1M without any fine-tuning on Drive&Act.
As in the previous chapter (Table 5.1), the models were trained with selected views
corresponding to each target view in the Drive&Act dataset, and an additional model
was trained using All_Views. We obtained four pre-trained lifters for each architecture.

The 2D HPE stages were performed in the same manner as in Chapter 5. We used a
pre-trained human detector from MMDet and a pre-trained 2D pose estimator from
MMPose. These two models processed images from Drive&Act to extract 2D poses,
which were then passed to the pre-trained lifters to estimate 3D poses.

For comparison, we trained a reference model using the 2D and 3D poses from the
Drive&Act dataset. This model served as a baseline for assessing how models trained

1https://github.com/garyzhao/SemGCN , accessed on 2023-08-09.
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solely on synthetic data differed from those trained directly on the target dataset. The
performance gap observed between the reference model and the synthetic-data models
indicates the potential for improvement achievable through better synthetic datasets or
transfer strategies.

6.3.2 Results & Discussion
Table 6.1 and Table 6.2 present the results for models trained with selected views and
All_Views, respectively. For comparison, Table 6.3 shows the results for models trained
directly on Drive&Act. These tables display the Drive&Act test set PA-MPJPE for each
model across different views. The numbers in bold indicate the lowest PA-MPJPE in
each view, with the overall best result in each setting further underlined for emphasis.

Table 6.2 shows that the PA-MPJPE values were lowest for the center_mirror view,
followed by the a_column_co_driver and a_column_driver views, respectively. We also
observed that the selected-view pre-trained models generally achieved lower PA-MPJPE
values than the All_Views pre-trained models. As mentioned previously, the selected-view
pre-trained SemGCN achieved the best performance, with a PA-MPJPE of 53.78 mm.
Among the All_Views pre-trained models, GraFormer obtained the lowest error at 59.95
mm for the a_column_co_driver view.

Table 6.3 presents the PA-MPJPE results for models trained exclusively on Drive&Act
data. The best performance was achieved by SemGCN and GraFormer in the cen-
ter_mirror view, both producing a PA-MPJPE of 28.9 mm—approximately half of our
best zero-shot result. This difference highlights the substantial room for improvement in
the realism and diversity of synthetic data generation for future studies.

The top two rows of Figure 6.3 show example outputs from GraFormer and SemGCN
trained with selected views for the target view, center_mirror. The green skeletal figures
represent the ground-truth poses, while the black figures show the poses inferred by
the models. Each row presents three views of the same pose to provide a better visual
perspective.

6.4 Approach 2: Semi-Supervised Learning
In the second approach, we utilized additional information from the target dataset. Specif-
ically, we employed a 2D-to-3D pose lifter called RepNet, as described in Section 3.3.6.
Unlike the supervised training approach used for the lifters in previous chapters, we
trained this model without assuming a direct correspondence between 2D and 3D poses.
Rather than comparing the predicted 3D poses with the ground truth, the GAN-based
training process relied on a critic network and a 2D reprojection of the predicted poses
to update the lifter.

In contrast to the original RepNet, which trains the model using a single dataset, we
extended the training to include 2D poses from the real-world dataset as well. This
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Drive&Act Test Set Result
Pre-trained with selected views

a_column_co_driver a_column_driver center_mirror
Model PA-MPJPE[mm] PA-MPJPE[mm] PA-MPJPE[mm]
SimpleBL 117.89 122.85 59.08
SemGCN 65.11 108.06 53.78
GraphMLP 69.57 92.14 60.58
GraFormer 65.62 90.33 57.31
JointFormer 83.09 105.87 56.39

Table 6.1: Test set results for models, each trained with selected views of SyntheticCabin
IR 1M corresponding to each target view of the Drive&Act dataset.

Drive&Act Test Set Result
Pre-trained with All_views

a_column_co_driver a_column_driver center_mirror
Model PA-MPJPE[mm] PA-MPJPE[mm] PA-MPJPE[mm]
SimpleBL 85.13 136.38 60.47
SemGCN 70.25 92.73 59.95
GraphMLP 69.97 108.75 60.17
GraFormer 59.46 77.66 65.18
JointFormer 84.02 110.83 62.52

Table 6.2: Test set result for the model trained with All_views of SyntheticCabin IR 1M
for each target view of Drive&Act.

Drive&Act Test Set Result
Models trained with Drive&Act

a_column_co_driver a_column_driver center_mirror
Model PA-MPJPE[mm] PA-MPJPE[mm] PA-MPJPE[mm]
SimpleBL 41.3 41.3 29.4
SemGCN 39.4 40.6 28.9
GraphMLP 37.5 45.1 30.3
GraFormer 37.8 40.4 28.9
JointFormer 35.2 40.3 31.9

Table 6.3: Test set results for models trained on each target view of Drive&Act, provided
for comparison.

.
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setup effectively bridges the model between synthetic and real domains. The use of fully
labeled synthetic data to leverage unlabeled real-world data constitutes a semi-supervised
learning framework.

6.4.1 Experiment Setup

Figure 6.2: GAN training of RepNet was conducted by interleaving epochs of training
the critic network and the pose generator network.

The GAN training process of RepNet comprised three models: the critic, the camera
network, and the pose generator network (the 2D-to-3D pose lifter). The lifter learned to
generate 3D poses from the given 2D poses by optimizing two losses: the critic loss and
the reprojection loss, which was calculated by reprojecting the generated 3D poses to
2D using the camera network and comparing them with the input poses. The training
required two data inputs: 2D and 3D poses. These pairs did not need to correspond
or even originate from the same dataset; however, they had to be realistic, as the critic
learned to distinguish real 3D poses from generated ones.

Naturally, we used the synthetic data for both 2D and 3D poses. Similar to the first

68



6.4. Approach 2: Semi-Supervised Learning

approach, we trained the lifter on the synthetic data and evaluated its synthetic-to-real
generalization on Drive&Act. However, we also included 2D poses from Drive&Act during
training. Incorporating 2D poses from the target dataset helped the model adapt to the
distribution of poses commonly observed in real-world driving scenarios.

For the implementation of RepNet, we reimplemented the model in PyTorch, following
the original authors’ implementation2. For each target Drive&Act view, the model was
trained using the corresponding selected view from SyntheticCabin IR 1M, as described
in Section 5.3.1. In addition, we provided the estimated 2D poses from Drive&Act of the
same view.

During GAN training, we interleaved one epoch of training the pose generator network
with one epoch of training the critic network. To train the generator, we fed 2D poses
from either SyntheticCabin IR 1M or Drive&Act and computed the total loss as the sum
of the critic score, camera network loss, and 2D reprojection loss. For the critic network,
we used batches containing real 3D poses from SyntheticCabin IR 1M annotations and
fake 3D poses generated by the lifter. The loss for the critic was computed as the
adversarial loss with a gradient penalty term [GAA+17].

During validation, we used only the pose generator network (the 2D-to-3D pose lifter).
The generator was fed with 2D poses, and the PA-MPJPE was computed against the
corresponding 3D poses from SyntheticCabin IR 1M. For comparison, we also trained a
reference RepNet using both 2D and 3D poses exclusively from Drive&Act. This model
represents the scenario where RepNet is applied directly to the Drive&Act dataset. Note
that the pose annotations in Drive&Act are incomplete, as occluded keypoints may be
missing from the annotation.

6.4.2 Results & Discussion
Table 6.4 presents the test set results obtained from Drive&Act using RepNet. Similar
to the validation phase, we evaluated the model’s performance based on the 3D poses
generated by the pose generator. The top row shows the results when RepNet was trained
on SyntheticCabin IR 1M and applied using the predicted 2D poses from the Drive&Act
dataset, while the bottom row shows the results when both the 2D and 3D poses from
Drive&Act were used directly, without involving any synthetic data.

For this second approach, we observed that the RepNet model trained with synthetic data
outperformed the model trained directly on Drive&Act, despite the latter using annotated
3D poses. The best result for the former setup was achieved in the a_column_co_driver
view, with a PA-MPJPE of 106.36 mm—lower than the best result from the latter setup,
which was 154.84 mm for the same view.

There are several possible explanations for why the model trained with synthetic data
achieved better performance. First, the 3D annotations in the synthetic dataset were
complete and consistent, providing both 2D and 3D coordinates for every keypoint. In

2https://github.com/bastianwandt/RepNet , accessed on 2023-11-07.
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contrast, the Drive&Act dataset contained occluded or missing keypoints that were not
annotated. Second, the synthetic dataset was substantially larger, which likely allowed
the model to learn more robust and generalizable representations. Lastly, the cleaner
and noise-free nature of synthetic data may have contributed to more stable training
dynamics compared to real-world data.

The last row of Figure 6.3 shows example outputs from RepNet trained on SyntheticCabin
IR 1M using predicted 2D poses from Drive&Act.

Drive&Act Test Set Result
RepNet

a_column_co_driver a_column_driver center_mirror
Training Dataset PA-MPJPE[mm] PA-MPJPE[mm] PA-MPJPE[mm]
SyntheticCabin IR 1M
with predicted 2D Poses 106.36 203.95 130.29
from Drive&Act

Predicted 2D Poses
and annotated 3D poses 154.84 235.11 204.25
from Drive&Act

Table 6.4: Evaluation result on the test set for RepNet. The top row was trained with
Synthetic IR 1M and predicted 2D poses from Drive&Act. For comparison, the second
row used prediced 2D poses and annotated 3D poses of Drive&Act.

6.5 Discussion
The results clearly favored Approach 1, in which we used pre-trained models for direct
inference. The PA-MPJPE values from this approach were consistently and significantly
lower than those obtained from Approach 2 across all corresponding views. The lowest
PA-MPJPE achieved by the first approach was 53.78 mm in the center_mirror view,
obtained by the SemGCN model trained with the selected views of SyntheticCabin IR
1M (Table 6.1). In contrast, the best result from the second approach was 106.36 mm,
produced by the RepNet model in the a_column_co_driver view.

The supervised training used in the first approach, which relied on explicitly paired
input–label data, proved to be more effective than the semi-supervised learning strategy
employed by RepNet. Although predicted 2D poses from the Drive&Act dataset were
included as additional input during the training of the second approach, they were
insufficient to close the performance gap.
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Figure 6.3: Example outputs for each model. The green skeletal figures are the ground
truth poses. The black figures are the inferred poses from the models.
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CHAPTER 7
Conclusion and Future

Works

7.1 Conclusion
In summary, this thesis explored the benefits of using synthetic data for 3D HPE.
Specifically, we investigated whether synthetic data could effectively train 2D-to-3D pose
lifters to achieve accuracy comparable to traditional methods. We hypothesized that
it could help reduce the amount of real-world data required for training deep learning
models. We then narrowed the scope of our study to focus on the final stage of a
multi-stage monocular 3D HPE pipeline—the 2D-to-3D pose lifter. Six different models
were employed to investigate the robustness and generalizability of this approach. First,
to address our research question regarding the extent to which 3D poses can be estimated
from monocular synthetic data, we showed that the method performed well by comparing
the test accuracy in MPJPE between triangulation and the 2D-to-3D pose lifters on the
SyntheticCabin IR dataset. The predictions from the lifters were within approximately
10 mm of those obtained via triangulation. It is worth noting that triangulation relied
on ground-truth camera parameters, which are often difficult to obtain in real-world
settings.

Next, to address our second research question regarding the extent to which knowledge
of 3D HPE can be transferred from synthetic to real-world data, we investigated whether
models pre-trained with synthetic data could alleviate the need for costly real-world data.
We conducted an experiment comparing models trained from scratch with those pre-
trained on synthetic data. The SyntheticCabin IR 1M dataset was used for pre-training,
and the Drive&Act dataset for fine-tuning. We incrementally increased the amount of
real-world data used for training and compared the test results of both approaches.
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The empirical evidence clearly demonstrated the benefit of pre-training: pre-trained
models consistently achieved better results compared to from-scratch models when
trained with the same amount of real-world data. Hybrid models such as GraphMLP
and GraFormer tended to perform particularly well when real-world data were limited,
while transformer-based models such as JointFormer outperformed the others only when
sufficient fine-tuning data were available. As an example, for center_mirror view,
GraphMLP pre-trained with selected views and fine-tuned with 5% of a subject’s data
produced the best test results MPJPE at 67.4 mm, compared to the from-scratch version
which achieved 82.4 mm. Similarly, GraFormer pre-trained with selected views and
fine-tuned with 50% of a subject’s data achieved an MPJPE of 59.2 mm, compared to
72.0 mm for the from-scratch version. However, the benefit diminished as more real-world
data became available, and in some cases, the pre-trained models showed no visible
improvement. For instance, GraFormer pre-trained with selected views and fine-tuned on
the full Drive&Act dataset achieved the same MPJPE as the model trained from scratch,
at 48.1 mm. Thus, we conclude that synthetic data are most beneficial when access
to large-scale real-world datasets is limited, which is consistent with the observations
reported by [SSN+23] in the context of 2D HPE.

Finally, to address our last research question, we examined the extent to which 3D
poses can be estimated by leveraging synthetic data when 3D pose annotations for real-
world data are unavailable. Two approaches were evaluated: (1) using a model trained
solely on synthetic data, and (2) employing a semi-supervised learning strategy. For the
latter, RepNet was used as a representative model. This method utilized a generative
adversarial network with a 2D-to-3D pose lifter as the generator, which learned to produce
accurate 3D poses through a re-projection loss. We trained the model using 2D pose
annotations from the target dataset, Drive&Act, and 3D poses from the synthetic dataset,
SyntheticCabin IR 1M. The results from the first approach were promising, achieving the
best PA-MPJPE of approximately 85 mm, whereas the PA-MPJPE from RepNet was
roughly twice as high. We also demonstrated that a substantial accuracy gap remains
between models trained exclusively on synthetic data and those trained directly on
real-world data. This highlights the ongoing need to develop more realistic synthetic
datasets to further close the performance gap.

In conclusion, we have shown that utilizing synthetic data can significantly reduce
the reliance on real-world data for 3D HPE in DMS. By leveraging synthetic data in
the context of driver pose estimation, researchers can substantially lower the cost of
data collection, simulate a broader range of human poses under diverse environmental
conditions, and still retain a large portion of model accuracy.

7.2 Future Work
Our experimental results confirmed the benefits of using synthetic data to aid in pre-
training 2D-to-3D pose lifters. We have also identified several opportunities to enhance
and extend this work, as well as open questions that merit further investigation. This
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section highlights promising directions for future research.

7.2.1 Synthetic Pose Data Generation and Augmentation
We have shown that using synthetic pose data improves the learning process of 2D-to-3D
pose lifters. However, existing synthetic image datasets tend to emphasize generating
visually realistic images of similar poses under varying textures and lighting conditions.
As a result, the diversity and quantity of available synthetic pose data remain limited.
Expanding both the scale and variation of synthetic poses could therefore yield further
benefits.

Future studies could explore more advanced synthetic pose generation and augmentation
techniques. Because skeletal poses are simpler to manipulate than full synthetic images,
such approaches are computationally feasible and can even be applied dynamically
during training. Large numbers of pose samples could be generated on the fly or in
real time. Augmentation strategies might include horizontal flipping, pose rotation to
simulate different camera viewpoints, or the injection of noise into existing real-world
poses. The augmented 3D poses could then be projected into 2D to create additional
training pairs for the lifter. These methods could substantially enlarge training datasets
and improve model generalization. For instance, [GZF21] introduced a differentiable
pose-augmentation module that can be trained jointly with a lifter network—an approach
that future work could build upon.

7.2.2 Leveraging Synthetic Data for Driver Action Recognition
While 3D pose estimation has many applications—including computer animation, hu-
man–computer interaction, and motion tracking—it can also act as an intermediate
representation for higher-level tasks such as action recognition. Accurate 3D poses
produced by a complete pose estimation pipeline—comprising a human detector, a 2D
pose estimator, and a 2D-to-3D pose lifter—could serve as valuable input for downstream
analysis.

Future research could investigate how pre-trained lifters can help reduce the amount
of data required for driver action recognition. Because actions are inherently temporal
sequences of poses, the current pipeline would need to be extended to model temporal
dynamics. This could be achieved by integrating sequence-processing architectures such
as temporal convolutional networks or recurrent models, as proposed in [LFV+17] and
[MAS+22]. The extended system could then be evaluated on the Drive&Act dataset,
which was originally designed for driver action recognition, to quantify the benefits of
incorporating pre-trained lifters into temporal action models.
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APPENDIX A
Experimental Results from

Chapter 5

This appendix presents the detailed results from the experiments described in Chapter 5.
Refer to Section 5.4 and Section 5.5 for the corresponding analysis and discussion. The
tables in Appendix A.1 report the test set MPJPE values for each Drive&Act view,
along with their associated standard errors. The figures in Appendix A.2 illustrate the
comparisons between 2D-to-3D pose lifters trained with and without pre-training, high-
lighting the performance improvements achieved through pre-trained networks. Finally,
Appendix A.3 provides qualitative examples of 3D pose outputs generated by different
GraFormer models trained under varying conditions for the same input pose.

A.1 Detailed Test Results
The tables in this section present the results for each Drive&Act view, organized into
sets of three. Each set corresponds to: (1) models trained from scratch, (2) models
fine-tuned with selected views, and (3) models fine-tuned with All_Views. Each row
reports the MPJPE value and its standard error for different amounts of Drive&Act
training data, ranging from 5% to 50% of a subject, as well as the full datasets of 1, 2,
4, and 8 subjects—corresponding to 100%, 200%, 400%, and 800%, respectively. The
reported values represent the combined outputs from Algorithm 5.1 and Algorithm 5.2.
Models achieving the lowest MPJPE at each data level are highlighted in bold, while the
overall lowest result in each table is further underlined.
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Drive&Act view: a_column_co_driver

Drive&Act Test Set Result: a_column_co_driver view
No pre-training, Average MPJPE[mm]

Amount of Training data
Model 5% of 10% of 25% of 50% of single two four all

a subject a subject a subject a subject subject subjects subjects subjects

SimpleBL 390.4±16.4 494.4±13.1 231.9± 9.2 113.5± 7.9 78.1± 4.6 68.7± 2.1 62.4± 1.4 60.6
SemGCN 284.4±51.0 99.5± 4.4 91.6± 5.2 84.0± 4.5 95.7± 9.2 76.2± 3.8 67.6± 2.2 65.2
GraphMLP 89.0± 2.5 85.3± 3.3 79.2± 3.3 77.9± 4.3 71.3± 3.1 66.1± 2.1 66.2± 2.0 60.8
GraFormer 92.9± 4.0 84.6± 3.7 78.1± 4.0 74.9± 4.0 71.4± 3.5 64.3± 1.6 60.9± 1.7 58.9
JointFormer 111.5± 8.7 104.9± 4.5 100.0± 3.6 92.7± 2.5 85.2± 2.6 75.5± 2.5 65.3± 1.8 54.4

Table A.1: Test result of model without pre-training in a_column_co_driver view.

Drive&Act Test Set Result: a_column_co_driver view
Pre-trained with selected views, Average MPJPE[mm]

Amount of Training data
Model 5% of 10% of 25% of 50% of single two four all

a subject a subject a subject a subject subject subjects subjects subjects

SimpleBL 112.0± 3.1 92.1± 3.6 79.8± 3.2 75.8± 3.1 73.6± 3.1 65.6± 1.6 59.8± 1.2 56.7
SemGCN 99.6± 3.9 93.1± 4.9 89.7± 5.7 82.8± 5.2 79.7± 4.3 71.0± 3.5 63.8± 1.4 58.9
GraphMLP 86.2± 3.2 81.4± 4.9 75.1± 4.2 72.7± 3.5 71.5± 4.2 63.8± 1.3 61.9± 1.6 60.0
GraFormer 87.2± 5.1 82.2± 3.4 78.3± 5.2 73.7± 5.4 70.7± 4.1 62.2± 1.6 57.3± 1.2 54.0
JointFormer 95.0± 2.6 79.0± 3.2 75.7± 5.1 71.9± 4.7 70.5± 4.4 62.7± 1.9 59.4± 1.3 57.2

Table A.2: Test results of selected-view pre-trained models in a_column_co_driver view.

Drive&Act Test Set Result: a_column_co_driver view
Pre-trained with All_Views, Average MPJPE[mm]

Amount of Training data
Model 5% of 10% of 25% of 50% of single two four all

a subject a subject a subject a subject subject subjects subjects subjects

SimpleBL 107.2± 2.2 94.0± 3.1 80.3± 2.6 76.1± 2.9 73.9± 2.9 65.9± 1.3 60.3± 1.3 58.5
SemGCN 94.9± 2.9 89.0± 5.3 86.3± 5.7 80.1± 4.6 78.0± 4.6 69.0± 2.7 62.4± 1.3 57.7
GraphMLP 87.1± 3.2 80.5± 5.6 75.1± 5.1 73.0± 4.1 71.2± 4.1 64.4± 1.8 63.5± 1.8 60.6
GraFormer 83.2± 4.2 80.2± 3.0 77.2± 6.4 69.1± 3.9 70.9± 4.2 59.7± 1.2 57.7± 1.3 53.9
JointFormer 91.2± 2.1 81.8± 3.2 76.5± 4.2 71.9± 3.9 71.7± 3.9 62.4± 1.9 58.9± 0.6 54.6

Table A.3: Test results of All_Views pre-trained models in a_column_co_driver view.
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Drive&Act view: a_column_driver

Drive&Act Test Set Result: a_column_driver view
No Pre-training, Average MPJPE[mm]

Amount of Training data
Model 5% of 10% of 25% of 50% of single two four all

a subject a subject a subject a subject subject subjects subjects subjects

SimpleBL 438.5±12.0 503.3±16.8 265.8±14.9 129.6± 5.6 85.6± 2.2 75.2± 1.9 68.8± 1.0 63.6
SemGCN 271.9±55.5 106.9± 4.5 98.9± 5.1 89.7± 4.1 91.0± 4.7 78.1± 2.0 73.3± 1.2 66.1
GraphMLP 99.6± 4.6 91.1± 2.8 89.3± 4.7 83.9± 3.7 78.5± 3.3 74.4± 1.7 69.7± 1.8 69.2
GraFormer 110.3± 6.3 91.2± 2.5 86.5± 3.7 81.5± 4.0 79.9± 3.0 71.6± 1.5 68.8± 1.1 64.1
JointFormer 112.9± 4.9 103.2± 4.0 100.3± 4.1 93.5± 2.7 88.5± 2.0 77.8± 1.8 67.6± 1.2 61.6

Table A.4: Test results of models without pre-training in a_column_driver view.

Drive&Act Test Set Result: a_column_driver view
Pre-trained with selected views, Average MPJPE[mm]

Amount of Training data
Model 5% of 10% of 25% of 50% of single two four all

a subject a subject a subject a subject subject subjects subjects subjects

SimpleBL 110.9± 1.8 96.4± 3.4 88.3± 4.5 82.3± 3.7 80.1± 2.8 71.6± 1.4 67.0± 0.9 62.2
SemGCN 99.4± 3.7 94.7± 3.6 86.1± 2.5 85.2± 3.8 83.2± 4.1 73.5± 1.5 70.2± 1.3 64.7
GraphMLP 91.3± 3.1 87.8± 2.6 83.3± 3.1 79.3± 2.7 79.2± 4.2 71.2± 1.6 70.0± 2.1 67.4
GraFormer 94.5± 3.4 84.4± 3.1 79.2± 3.4 77.1± 4.2 73.5± 2.4 69.9± 2.0 66.6± 1.2 63.2
JointFormer 92.6± 4.3 83.4± 2.4 79.8± 3.3 76.3± 3.3 74.5± 3.0 68.2± 1.4 64.2± 1.1 61.6

Table A.5: Test results of selected-view pre-trained models in a_column_driver view.

Drive&Act Test Set Result: a_column_driver view
Pre-trained with All_Views, Average MPJPE[mm]

Amount of Training data
Model 5% of 10% of 25% of 50% of single two four all

a subject a subject a subject a subject subject subjects subjects subjects

SimpleBL 113.0± 1.7 97.7± 3.0 88.3± 4.6 82.3± 3.4 79.4± 3.1 70.7± 1.4 66.8± 1.0 62.0
SemGCN 112.1± 4.4 104.0± 5.4 93.6± 4.1 91.7± 4.3 85.4± 3.0 77.2± 1.8 71.1± 1.1 63.7
GraphMLP 92.6± 4.1 86.8± 3.3 83.0± 3.8 80.0± 4.0 78.0± 3.6 71.3± 1.8 69.1± 1.7 66.4
GraFormer 98.7± 3.1 88.3± 2.9 79.4± 3.3 76.5± 3.2 74.2± 2.8 69.0± 1.6 65.1± 1.1 61.9
JointFormer 101.0± 3.7 86.9± 3.2 81.0± 4.3 76.5± 2.8 74.8± 2.7 68.6± 1.4 66.7± 1.4 63.0

Table A.6: Test results of All_Views pre-trained models in a_column_driver view.
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Drive&Act view: center_mirror

Drive&Act Test Set Result: center_mirror view
No pre-training, Average MPJPE[mm]

Amount of Training data
Model 5% of 10% of 25% of 50% of single two four all

a subject a subject a subject a subject subject subjects subjects subjects

SimpleBL 404.3± 6.6 477.8±16.8 251.8±15.6 117.3± 7.5 75.2± 2.4 62.5± 1.8 55.2± 1.4 48.6
SemGCN 115.9± 5.3 93.9± 5.2 82.2± 4.2 81.1± 5.1 79.1± 4.5 69.3± 3.4 60.6± 2.2 54.1
GraphMLP 82.4± 2.9 77.2± 2.7 73.3± 3.7 69.7± 4.7 65.7± 5.0 60.8± 3.1 57.0± 2.1 53.7
GraFormer 90.0± 3.0 78.3± 3.0 72.9± 3.7 72.0± 4.2 66.6± 4.0 58.5± 1.3 57.1± 2.1 48.1
JointFormer 109.9± 3.4 105.3± 2.4 99.1± 2.6 91.7± 2.9 85.4± 3.1 65.9± 1.8 54.2± 1.7 50.2

Table A.7: Test results of models without pre-training in center_mirror view.

Drive&Act Test Set Result: center_mirror view
Pre-trained with selected views, Average MPJPE[mm]

Amount of Training data
Model 5% of 10% of 25% of 50% of single two four all

a subject a subject a subject a subject subject subjects subjects subjects

SimpleBL 88.0± 3.8 76.7± 3.3 72.6± 4.1 72.9± 5.1 73.4± 6.3 66.7± 4.9 52.9± 1.3 46.0
SemGCN 83.5± 4.9 74.8± 5.0 69.7± 4.6 69.2± 4.3 67.6± 4.4 58.4± 2.1 54.2± 1.9 48.6
GraphMLP 67.4± 3.8 69.6± 4.6 64.9± 4.2 61.9± 4.2 61.0± 3.7 55.3± 2.3 57.9± 2.8 57.2
GraFormer 70.9± 4.1 65.1± 4.5 66.2± 6.0 59.2± 4.1 59.2± 4.2 54.9± 2.1 52.8± 1.9 48.1
JointFormer 69.6± 3.3 66.5± 4.1 61.3± 3.6 66.3± 5.3 66.0± 6.5 55.1± 3.4 50.0± 1.3 46.0

Table A.8: Test results of selected-view pre-trained models in center_mirror view.

Drive&Act Test Set Result: center_mirror view
Pre-trained with All_Views, Average MPJPE[mm]

Amount of Training data
Model 5% of 10% of 25% of 50% of single two four all

a subject a subject a subject a subject subject subjects subjects subjects

SimpleBL 85.6± 2.6 79.4± 5.7 71.0± 3.8 69.8± 3.7 71.9± 5.7 63.9± 3.6 51.9± 1.0 48.6
SemGCN 77.1± 4.1 75.3± 5.8 73.2± 5.2 69.1± 4.5 72.9± 8.1 65.2± 4.4 54.9± 1.3 51.9
GraphMLP 67.5± 3.5 69.9± 4.7 66.2± 4.9 61.7± 4.2 61.7± 4.8 56.8± 2.6 55.5± 2.5 52.8
GraFormer 68.6± 3.5 62.3± 3.3 61.0± 3.7 60.9± 3.4 58.6± 3.7 54.2± 2.2 51.4± 2.0 49.9
JointFormer 70.3± 4.9 64.5± 5.3 62.0± 4.6 66.5± 8.7 60.6± 5.6 57.7± 3.5 48.2± 1.2 45.4

Table A.9: Test results of All_Views pre-trained models in center_mirror view.
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A.2 Comparison of Models With and Without
Pre-training

The figures in this section illustrate the MPJPE trends, comparing the results between
models trained from scratch and those pre-trained with synthetic data. The six figure
groups correspond to the combinations of Drive&Act views and pre-training datasets. In
each group, the figures in the left column provide a visual summary of the quantitative
results reported in the tables. The horizontal axis, shown on a logarithmic scale, represents
the amount of training data—ranging from 5%, 10%, and 50% of a subject to the full
datasets of 1, 2, 4, and 8 subjects. The vertical axis denotes the MPJPE. Dashed lines
indicate the from-scratch models, while solid lines represent the pre-trained models. The
y-axis range is restricted to 0-150 mm, with data points beyond this range omitted for
clarity.

The figures in the right column show the performance gains achieved through pre-training,
plotted as the MPJPE improvement computed by subtracting the pre-trained model’s
error from that of the from-scratch model. Positive values therefore indicate a gain in
accuracy. The lower bound of the y-axis in these plots is set to –5 mm. Standard errors
are represented by error bars.
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Figure A.1: Comparing evaluation result from a_column_co_driver view for model
pre-trained with selected views and model without pre-training.

82



A.2. Comparison of Models With and Without Pre-training

Figure A.2: Comparing evaluation result from a_column_driver view for model pre-
trained with selected views and model without pre-training.
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Figure A.3: Comparing evaluation result from center_mirror view for model pre-trained
with selected views and model without pre-training.
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Figure A.4: Comparing evaluation result from a_column_co_driver view for model
pre-trained with All_Views and model without pre-training.
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Figure A.5: Comparing evaluation result from a_column_driver view for model pre-
trained with All_Views and model without pre-training.
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Figure A.6: Comparing evaluation result from center_mirror view for model pre-trained
with All_Views and model without pre-training.
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A.3 Example 3D Pose Outputs
This section compares the estimated 3D poses produced by different GraFormer models:
one trained from scratch and two pre-trained using the selected-view and All_Views
configurations. All three models were trained (or fine-tuned) with progressively larger
subsets of the Drive&Act dataset, following the experimental setup described in Chapter 5.
The same input image, shown in Figure A.7, was used for all models. This frame
corresponds to Subject 12, captured from the center_mirror camera of the Drive&Act
dataset.

The results show that the estimated poses become progressively closer to the ground-truth
pose as the models are trained with more data. Moreover, the pre-trained models produce
more accurate pose estimations than the from-scratch model when trained on the same
amount of Drive&Act data. In the visualization, the green skeletal figures represent the
ground-truth poses, while the black figures show the poses inferred by the models. Each
row presents three views of the same pose to provide a clearer visual perspective.

Figure A.7: The frame from Drive&Act that we used as input to the GraFormer model for
pose estimation. The green box indicates the bounding box detected by Faster R-CNN.

88



A.3. Example 3D Pose Outputs

Figure A.8: Example pose predicted from GraFormer with no pre-trainning for the model
fine-tuned with 5% to 50% of a subject. The green skeletal figures are the ground-truth
poses. The black figures are the inferred poses from the model.
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A. Experimental Results from Chapter 5

Figure A.9: Example pose predicted from GraFormer pre-trained with no pre-trainning
for the model fine-tuned with 1 to 8 subjects. The green skeletal figures are the ground-
truth poses. The black figures are the inferred poses from the model.
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A.3. Example 3D Pose Outputs

Figure A.10: Example pose predicted from GraFormer pre-trained with selected views
for the model fine-tuned with 5% to 50% of a subject. The green skeletal figures are the
ground-truth poses. The black figures are the inferred poses from the model.
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A. Experimental Results from Chapter 5

Figure A.11: Example pose predicted from GraFormer pre-trained with selected views for
the model fine-tuned with 1 to 8 subjects. The green skeletal figures are the ground-truth
poses. The black figures are the inferred poses from the model.
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A.3. Example 3D Pose Outputs

Figure A.12: Example pose predicted from GraFormer pre-trained with All_Views for
the model fine-tuned with 5% to 50% of a subject. The green skeletal figures are the
ground-truth poses. The black figures are the inferred poses from the model.
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A. Experimental Results from Chapter 5

Figure A.13: Example pose predicted from GraFormer pre-trained with All_Views for
the model fine-tuned with 1 to 8 subjects. The green skeletal figures are the ground-truth
poses. The black figures are the inferred poses from the model.
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APPENDIX B
Overview of Generative AI

Tools Used

This thesis employed AI tools exclusively for grammar checking and proofreading purposes.
The original text was written entirely by the author. As a non-native English speaker,
the author found it beneficial to use such tools to ensure grammatical accuracy and
improve the overall flow of the language.

No part of this thesis was generated or written by generative AI beyond language
correction or stylistic proofreading.

The following is a comprehensive list of the generative AI tools used for proofreading in
this work.

• Grammarly1 - Grammarly Pro was used in the early editing (from January to
May 2024) especially in Chapter 1 for grammar checking and word suggestions.
However, the tool was quite opinionated about certain writing styles, e.g., it strongly
discouraged the use of passive voice. Thus, we didn’t continue using it.

• Claude2 (Claude 3.5 Sonnet, Claude 3.7 Sonnet, and Claude 4.5) and OpenAI3
ChatGPT 5, ChatGPT 5.1 and ChatGPT 5.2 were used for proofreading the content
of the remaining chapters. The prompts used for proofreading were in the following
format:

Proof read the following text.
"<The original text is inserted here.>"

1https://www.grammarly.com/
2https://claude.ai/
3https://chatgpt.com/
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B. Overview of Generative AI Tools Used

As an example, Claude 3.7 Sonnet would produce output text in the following format.

Here’s the proofread version:
"<Edited Text>"
Changes made:
- <Change #1 and its reason for the change, e.g., adding a comma,
incorrect word used, incorrect tense, or suggesting usage of sentence
conjunctions.>
- <Change #2 and its reason.>- ...

Here is an example of the usage from Claude.
Prompt:

Proof read the following text.
"The empirical evidence clearly demonstrated the benefit of pre-training:
pre-trained models consistently achieved better results compared to from-
scratch model when trained with the same amount of real-world data.
Hybrid models such as GraphMLP and GraFormer tended to perform
particularly well when real-world data were limited, while transformer-
based models such as JointFormer outperformed the others only when
sufficient fine-tuning data were available. For center_mirror view,
GraphMLP pre-trained with selected views and fine-tuned with 5% of a
subject produced the best test results MPJPE at 67.4 mm, compared to
the from-scratch version which achieve 82.4 mm. Similarly, GraFormer
pre-trained with selected views and fine-tuned with 50% of a subject gave
an MPJPE of 59.2 mm, while it was 72.0 mm for the from-scratch one."

Output:

Here’s the proofread version:
"The empirical evidence clearly demonstrated the benefit of pre-training:
pre-trained models consistently achieved better results compared to from-
scratch models when trained with the same amount of real-world data.
Hybrid models such as GraphMLP and GraFormer tended to perform
particularly well when real-world data were limited, while transformer-
based models such as JointFormer outperformed the others only when
sufficient fine-tuning data were available. For center_mirror view,
GraphMLP pre-trained with selected views and fine-tuned with 5% of
a subject’s data produced the best test results MPJPE at 67.4 mm,
compared to the from-scratch version which achieved 82.4 mm. Similarly,
GraFormer pre-trained with selected views and fine-tuned with 50% of a
subject’s data achieved an MPJPE of 59.2 mm, compared to 72.0 mm
for the from-scratch version."

96



Changes made:
- "from-scratch model" → "from-scratch models" Subject-verb agreement:
"models" should be plural to match "pre-trained models" in the compari-
son.
- "which achieve" → "which achieved" Tense consistency: should be past
tense to match "produced" earlier in the sentence.
- "5% of a subject" and "50% of a subject" → "5% of the subject’s data"
and "50% of the subject’s data" (or similar clarification) Clarity: "5% of
a subject" is ambiguous—it sounds like a portion of a person rather than
a portion of the data from one subject.
- "gave an MPJPE of 59.2 mm, while it was 72.0 mm" → "achieved an
MPJPE of 59.2 mm, compared to 72.0 mm" Consistency and clarity:
"gave" is less formal than "achieved/produced" used elsewhere; "while it
was" has an ambiguous pronoun reference.

Note that different AI models and their versions may produce slight variations in details
and formatting.
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Glossary

2D-to-3D pose lifter A deep learning models which take 2D anatomical key points as
an input and estimate 3D key points as an output.. 3–5, 24, 27, 28, 30, 31, 35–37,
39, 41, 42, 45, 46, 49, 51, 52, 56, 57, 59, 62, 64–66, 68, 69, 73–75, 77

SyntheticCabin A project aims to develop a simulation system that generates synthetic
images of vehicle interiors, enabling the efficient development of driver/occupant
monitoring systems. View more at https://projekte.ffg.at/projekt/
3992951. 3, 4, 52

UNISCOPE-3D A project aimed at enabling robust monocular 3D human body, pose,
and action analysis using computer vision and deep learning, with a primary focus
on vehicle occupant monitoring applications. View more at https://projekte.
ffg.at/projekt/5134999. 3
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Acronyms

2D HPE 2D human pose estimation. 14, 16–20, 23–25, 27, 28, 30, 39, 41, 44, 51, 52,
56, 57, 65, 74

3D HPE 3D human pose estimation. 2–4, 14, 16, 17, 19–25, 27, 31, 56, 73, 74

AP Average Precision. 43–45

CNN convolutional neural network. 7, 8, 23

COCO Common Objects in Context. 18, 19, 28, 41, 43, 44, 56, 57

DMS driver monitoring systems. 1, 2, 23, 52, 74

Euro NCAP European New Car Assessment Programme. 2

Faster R-CNN Faster Region-based Convolutional Neural Network. 28, 29, 41, 43, 45,
46, 56, 57

FFG Austrian Research Promotion Agency. 3

GAN generative adversarial network. 11, 35, 66, 68

GCN graph convolutional network. 9, 33, 34

GNN graph neural network. 8, 9, 31–33

GraFormer Graph Convolution Transformer for 3D Pose Estimation. 33, 34, 41, 46,
59–62, 66, 74, 77, 88, 96, 100

GraphMLP Graph MLP-Like Architecture for 3D Human Pose Estimation. 32, 33, 37,
41, 46, 61, 62, 74, 96

HPE human pose estimation. 2, 5, 14–17, 28

HRNet High-Resolution Network. 28, 30, 41, 44–46, 56, 57, 99
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IoU Intersection over Union. 43

JointFormer Single-Frame Lifting Transformer with Error Prediction and Refinement
for 3D Human Pose Estimation. 34, 35, 41, 46, 47, 49, 60–62, 74, 96

MLP multi-layer perceptron. 6, 7, 23, 24, 33

MoCap motion capture. 14, 19–22

MPJPE mean per-joint position error. 16, 17, 24, 40, 41, 46, 49, 54, 55, 59–62, 64, 73,
74, 77, 81, 96, 97

NLP natural language processing. 5, 9

PA-MPJPE Procrustes Aligned mean per-joint position error. 17, 64, 66, 69, 70, 74

PJPE per-joint position error. 17, 40, 41, 46

RepNet Reprojection Network. 35, 36, 66, 68–70, 74, 101

RNN recurrent neural network. 9

SemGCN Semantic Graph Convolutional Networks. 31, 32, 37, 41, 45, 65, 66, 70

SimpleBL Simple Baseline Model for 2D-to-3D Pose Estimation. 31, 36, 41, 45
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