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Abstract

The rise of deep learning has brought significant attention to two tasks in computer
vision: pose estimation and human activity recognition. While human activity recog-
nition has various applications in IoT systems, pose estimation is critical for motion
tracking and prediction in virtual and augmented realities, robotics, and other fields.
Despite being distinct tasks, they are closely linked, and this study focuses on merging
pose estimation, which generates body joint coordinates, and skeleton-based activity
recognition, which operates on the given joints. The study uses a visual transformer
for 3D pose estimation, viewing joints as spatial features and neighboring frames as
temporal features. Meanwhile, graph convolution networks are used for activity recog-
nition based on a 3D skeleton, which has produced state-of-the-art results. However,
these outcomes are based on 3D coordinates generated by motion capture systems and
have limitations in their applicability and robustness. To overcome these limitations,
the two models are merged into a single End2End network. The proposed approach
is enhanced by applying various data transformations, modifications, pre-training,
and fine-tuning of different architecture components. The research achieves a 90.3%
activity recognition cross-subject accuracy score on the NTU RGB+D test dataset,
comparable to the state-of-the-art using generated 3D input, and outperforms other
models using 2D input by predicting 3D coordinates in the process.

Thesis Supervisor: Adnan Yazici
Title: Full Professor
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Chapter 1

Introduction

The advent of IoT systems has led to a considerable increase in the use of computer

vision for pose estimation and human activity recognition. These two tasks have

a shared requirement for skeleton data. Pose estimation involves recognizing body

joints from video inputs, and due to the growing use of 3D technology in virtual and

augmented reality, there is a surge of interest in extracting 3D coordinates from pose

estimation.

Activity recognition, on the other hand, can be achieved by utilizing various types

of information such as sensor data, RGB video, or depth maps. While RGB video

is a more practical option due to its lack of dependence on additional equipment

beyond conventional cameras, recent studies have indicated that skeleton data possess

a distinct advantage over RGB videos in terms of robustness to noise, background

interference, and lighting [10].

According to recent studies, skeleton-based activity recognition models are highly

effective despite their compact size, producing state-of-the-art outcomes. Neverthe-

less, these models can only be utilized with 3D data acquired through Microsoft

Kinect cameras [30] or intricate motion capture systems [15]. As a result, it is rea-

sonable to integrate these models with a pose estimation task, which can take RGB

video as input and anticipate the skeleton data.

Although 2D joint detection has been extensively studied, state-of-the-art results

for activity recognition are obtained using 3D skeleton data. When 2D data is used

13



instead, the model’s performance decreases significantly due to the loss of information

from the z-axis [10]. Therefore, a more advantageous approach is to extract 3D

coordinates from 2D video. This can be achieved by using a reliable 2D joint extractor

along with a 2D to 3D conversion model. Several studies have indicated that acquiring

2D coordinates first and then converting them to 3D is preferable to directly searching

for 3D coordinates from the video [47, 12, 13]. As a result, it is feasible to construct

a single model that takes advantage of the availability of RGB cameras and the high

performance of 3D skeleton-based models.

Graph convolution networks are utilized for activity recognition, and transformers

are used for 3D pose estimation. These solutions share similar principles as they both

involve learning spatiotemporal relationships of body joints within a single frame

and across multiple frames. To achieve this, HAR models use graph convolution

networks to learn from spatial features and temporal convolution networks to learn

from temporal features. GCN effectively represents the human skeleton as a graph,

which yields high results. For learning from sequential data of skeleton data, TCN

outperforms RNN and LSTM. Transformers are successful in both parts of 3D pose

estimation and outperform other methods for learning spatiotemporal relationships

of sequence-to-sequence and sequence-to-frame mapping. In a similar vein, HAR

implements an attention mechanism to identify the most significant relationships

between single and multiple frame joints.

A unified model was developed to address the limitations of the state-of-the-

art 3D skeleton HAR model on 2D data. The model comprises two components:

a 3D pose estimation module and a HAR module. To account for spatiotemporal

relationships, graph convolution networks, and temporal convolution networks were

utilized, similar to previous HAR studies [20, 9]. A graph was created using the

hierarchy decomposition method from modified edge sets for each center of mass

and employed an attention module to identify the most significant edges for joint

relationships. The findings showed that combining different data streams via a six-

way combination of bones and joints for the three centers of mass was the most

effective.

14



The 3D pose estimation model comprises a temporal encoder, a simple multi-layer

perceptron, and the original transformer architecture proposed in [31, 46]. A dedi-

cated strived transformer was used instead of a simple regression module to predict

a central frame, as the temporal encoder is lightweight [31]. To accommodate the

dataset structure, a sequential model combination was performed, where 3D pose

estimation was performed on a sequence of overlapping frames to predict 64 central

frames, followed by the use of the HAR model to classify activities based on these

predictions.

The findings showed that combining different data streams via a six-way com-

bination of bones and joints for the three centers of mass has been effective. To

identify the most significant edges for joint relationships, a graph is created using the

hierarchy decomposition method from modified edge sets for each center of mass and

employed an attention module.

The proposed unified model is capable of addressing the limitations of the state-

of-the-art 3D skeleton HAR model on 2D data. It takes advantage of the availability

of RGB cameras and the high performance of 3D skeleton-based models, utilizing

GCN, TCN, and transformer architectures to learn spatiotemporal relationships of

body joints and achieve state-of-the-art results in activity recognition.

The contributions of this study are as follows:

• An innovative End2End model called Pose2Act has been developed using ad-

vanced techniques and models from the latest research [20, 31, 46, 9, 46]. This

model works by first converting 2D input to 3D coordinates and then predicting

activity tags without relying on motion capture systems to generate 3D skele-

tons for human activity recognition (HAR). Instead, it predicts 3D skeletons

using well-established 2D pose prediction models. Our approach has the added

advantage that it has the potential to improve model performance.

• In order to determine the optimal ratio of 3D pose frames to HAR window size,

a series of experiments was conducted. However, because of the structure of

the NTU RGB+D dataset and its reliance on state-of-the-art 3D pose estima-
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tion models in the regression part, it was not feasible to put them sequentially

without modifications. Therefore, a method was provided to overlap the input

frames to produce an output of reasonable size for the HAR model.

• The proposed model, which relies on a 2D projection approach, has yielded

remarkable results on the NTU-RGB+D dataset. It has surpassed other mod-

els that utilize 2D input and has performed equally well as conventional 3D

skeleton-based models that necessitate 3D input. While the experimental re-

sults of this model are slightly inferior to those generated by 3D models, its

scalability, adaptability, and capacity to enhance scores make it a compelling

option.

The remaining chapters of the thesis are structured as follows: Chapter 2 covers

the background on pose estimation, activity recognition, and state-of-the-art deep

learning techniques. Chapter 3 reviews the latest research on pose estimation and

activity recognition tasks. Chapter 4 presents the methodology used to tackle these

tasks. Chapter 5 details the experiments conducted and their results. Lastly, Chapter

6 offers a summary of the entire thesis.
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Chapter 2

Background

2.1 Human Activity Recognition

The human activity recognition task can be categorized into different approaches by

researchers. These approaches include sensor-based, which relies on sensor readings;

video-based, which uses video streams as data; and skeleton-based, which involves a

set of coordinates of the human body or skeleton as the data.

2.1.1 Sensor-based

The rapid development of sensor-based activity recognition is attributed to the growth

of IoT. This is due to sensors causing fewer data privacy issues. Wearable and am-

bient sensors have been the focus of research in this area. Currently, the state-of-

the-art is automatic feature extraction using deep learning models [3], which have

been combined with classification to create end-to-end learning. CNN, LSTM, and

Autoencoders are the main models used in this field. CNN is effective in feature

extraction, Autoencoders excel in unsupervised learning and noise robustness, and

LSTM is used to address irregular sampling issues. However, recognizing complex

activities and multiple users is still a challenge for this type of sensor [3].

Regarding wearable sensors, the current state-of-the-art are feature-level fusion

algorithms. Using multiple sensors has led to better results, and deep learning models
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have outperformed traditional machine learning methods [29]. CNN, DBN, LSTM,

and Autoencoders are commonly used models. One example of a state-of-the-art

model is a combination of CNN and bidirectional LSTM [27]. which is most suitable

for long-term activity recognition. Another recent study focused on using 3D data

from multiple sensors by applying multidimensional convolution networks [41]. This

approach is said to allow better extraction of spatio-temporal features from different

sources and sensors.

2.1.2 Approaches to Video-based Activity Recognition

The video-based approach to activity recognition can benefit from some of the findings

in wearable sensor-based recognition, as RGB cameras can be included as a type

of sensor. However, typically, researchers prefer to distinguish between these two

approaches.

Video-based activity recognition involves several stages, including human detec-

tion, segmentation, feature extraction, and classification [32]. This task can be de-

scribed as the classification of video frames. Like sensor-based recognition, the current

research focus is on automatic feature extraction using deep learning. However, some

studies attempt to use hand-crafted features combined with neural networks, such as

the Gaussian Mixing Model and magnitude of Optical Flow to detect and segment

human shape, and then use stacked sparse autoencoders for classification [11]. This

method achieves comparable results to state-of-the-art models.

The survey categorizes deep learning approaches for video-based activity recogni-

tion into CNN and RNN-based [32]. The CNN approach involves a stream of multiple

CNN for spatial and temporal features, which are then combined in the final layers,

and it also includes a sequential approach. For example, one study used 3D CNN to

extract spatial-temporal interest points [37]. This method achieves similar results to

the other approach, which will be described shortly. The advantage of 3D CNN is

that it uses filters on the entire video rather than separate frames [32].

The RNN-based approach combines CNN with LSTM in various ways [32]. LSTM

can learn high-level features extracted by CNN. This method performs better for
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video classification because LSTM can learn from correlated frames, but it is also

more resource-intensive.

Some studies aim to combine multiple methods, such as video and sensors. For

example, one paper proposes using a visual transformer for acceleration sensors and

camera data [2]. By concatenating the results of both methods, the authors achieve

state-of-the-art results.

2.1.3 Approaches to Skeleton-based Activity Recognition

Skeleton-based activity recognition is closely linked to pose estimation. To obtain data

for skeleton-based models, either sensor data or output from a pose estimation model

is required. Some researchers include this approach in the video-based approach

since the information is obtained from the video source [32]. This is achieved by

applying a pose estimation algorithm to obtain joint positions. Alternatively, data

can be obtained using sensors, making the approach more similar to sensor-based

recognition. For example, one study proposed using Microsoft Kinect cameras to

obtain joint coordinates [30]. Compared to RGB input, skeleton data is more robust

to noise such as lighting or background [9, 35]. With regard to sensors, some studies

have shown that predicted joint coordinates are more accurate than using sensors

[10].

2.2 Pose Detection

2.2.1 2D Pose Detection

In computer vision, 2D pose detection refers to the process of identifying and localizing

the positions of body joints or a skeleton in RGB video or separate frames. Deep

learning-based methods are commonly used for 2D pose detection, where joint features

are extracted from input images and regression is used to estimate joint locations [4].

Recent research has focused on improving the accuracy and efficiency of 2D pose

detection, such as developing multi-stage architectures for better detail capture and

19



localization accuracy [36]. Other approaches include using temporal information to

track body movements over time and utilizing spatial relationships between joints for

robustness in challenging scenarios [42].

2.2.2 3D Pose Detection

There are two ways to obtain 3D skeleton data from pose detection, either directly

from the RGB video source or by converting 2D to 3D coordinates. Currently, the

latter method is considered state-of-the-art, as it achieves better performance when

combined with state-of-the-art 2D pose detectors [47, 12, 13]. Detecting 2D coor-

dinates first is generally more accurate and easier due to the availability of large

annotated datasets [4]. Furthermore, 2D to 3D models are lightweight, making it

easier to conduct experiments and compare metrics using the same 2D pose detector.

2.3 Transformers

Originally designed for natural language processing tasks, the transformer architec-

ture is based on a self-attention mechanism that allows the model to attend to different

parts of the input sequence when computing the output at each position [39]. Com-

pared to recurrent neural networks (RNNs) and long short-term memory (LSTM)

models that process input sequences sequentially, the transformer’s self-attention

mechanism is more flexible and efficient. The transformer is composed of an en-

coder and a decoder, with each layer in both consisting of attention and feed-forward

layers. The multi-head self-attention mechanism allows the model to attend to differ-

ent parts of the input sequence simultaneously, while the feed-forward network applies

a non-linear transformation to each position independently. The output of each sub-

layer is fed into a residual connection and layer normalization operation before being

passed to the next layer. Figure 2-1 shows the architecture of the original transformer

model.

The transformer architecture has been adapted for computer vision tasks as well.

One such adaptation is the Visual Transformer, which processes an image as a grid of
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Figure 2-1: Architecture of vanilla transformer [39]

patches, treating each patch as a sequence of tokens similar to words. This approach

encodes the relative positions of the patches to capture spatial information using a

mechanism [8]. Another variation, called the strided transformer, has been developed

specifically for pose estimation tasks. It replaces fully connected layers with strided

convolutions to enable a deeper network and reduce sequence length. Figure 2-2

illustrates the architecture of the strided transformer [21].
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Figure 2-2: Modifications of architecture by strided transformer [21]

2.4 Graph Convolutional Network

Graph Convolutional Network (GCN) is a type of neural network designed specifically

for processing data in graph form. Its architecture is composed of multiple layers,

each of which conducts a graph convolution operation on node features, taking into

account the features of neighboring nodes [16]. This enables the GCN to acquire

representations that capture the graph’s structural information. In addition, the

GCN incorporates a pooling operation that aggregates the features of neighboring

nodes to produce a summary representation of the graph.

There have been several advancements and modifications made to the GCN. The

Graph Attention Network is one such development, which introduces attention mech-

anisms to dynamically weigh the contributions of each neighbor node during the

convolution operation [40]. This enhances the GCN’s ability to learn more expres-

sive node representations and improve performance. Another modification is the

Edge-Conditioned Convolution, which introduces a learnable edge filter to generalize

the convolution operation on graph-structured data [34]. This makes it possible to
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perform flexible and expressive feature learning for a variety of graph-related tasks.
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Chapter 3

Related Works

3.1 3D Pose Estimation

Initial attempts at 3D pose estimation tasks using deep learning techniques were

carried out using CNN and RNN. Although CNN focused on spatial correlations and

RNN learned temporal relationships, both had limitations in utilizing spatio-temporal

features [47]. As a result, recent research has shifted towards utilizing transformers

and GCNs, which have demonstrated state-of-the-art results.

3.1.1 Transformers

Transformers are a state-of-the-art solution that can be used in various ways de-

pending on the type of research being conducted. For example, in video-based activ-

ity recognition, the spatial-temporal structure of transformer architecture has been

widely adopted.

One approach is to directly apply transformers to 2D joint coordinates. However,

in order to optimize the computation of attention between all joints, researchers

have proposed encoding local relationships between the 2D joints in all frames and

analyzing the global dependencies between spatial features [47]. The model consists

of two parts: a spatial transformer module that works with joints and a temporal

module that works with frames. The regression module predicts the 3D pose for the
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center frame. The mean per-joint position error (MPJPE) on the Human3.6M dataset

is 44.3 [47]. Another attempt to improve performance was made by adding Cross-

Joint Interaction and Cross-Frame Interaction [12], which resulted in an MPJPE of

43.7 on the Human3.6M dataset and better feature representations.

One approach involves integrating transformers with epipolar geometry to enhance

2D pose estimation through 3D-informed features [13, 25]. While transformers yield

impressive outcomes, The applicability of the epipolar geometry is restricted to multi-

view pose estimation, thereby limiting its potential.

In a recent study by Zhang et al. [46], a novel architecture was proposed that

employed two transformer blocks. The temporal block was utilized to model the

motion of each joint, which enabled the learning of temporal correlations between

frames. The spatial block was used in the same way as in the previous method.

According to the authors, this new architecture resulted in better spatio-temporal

feature encoding compared to the previous method, which relied on the center frame.

The authors also reported achieving state-of-the-art results, with an MPJPE of 39.8

on the Human3.6M dataset [46]. By accounting for the motion of the joints, the new

method achieved better spatio-temporal correlation and improved inference speed.

The authors noted that other sequence-to-sequence models, such as GCN, resulted in

overly smooth global modeling ability between input and output sequences [46].

To improve MPJPE scores, researchers have attempted to sequence all predicted

3D skeletons to map them to a single central frame. One of the early attempts

involved using a multi-layer perceptron to reduce the output of the transformer [45].

This module, called Regression Head, has also been utilized in other recent studies

[46, 44]. Another alternative approach involves using a strided transformer [31, 21].

As a result, a more accurate central frame is constructed, leading to state-of-the-art

scores.

3.1.2 Graph Convolution Networks (GCN)

Graph Convolution Networks (GCNs) are a cutting-edge approach used to capture

the relationships between skeleton joints, which is similar to previous methods. In
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GCNs, nodes of a graph are considered as joints, while edges represent connections

between them. This makes GCNs naturally applicable for both 3D pose estimation

and Human Action Recognition (HAR), given that the structure of the data is a time

series of joint coordinates [45].

Researchers in this field attempted to capture non-local dependence of distant

joints. They presented a paper inspired by the attention module used in transform-

ers, which introduced a channel squeezing fusion layer to suppress noise from distant

joints. This approach fused the squeezed information with close joints to deal with

complex poses and enhance the performance of other graph methods. An alternative

approach using conditional convolution and directed graph network achieved slightly

worse results but still managed to improve other graph approaches (MPJPE on Hu-

man3.6M dataset 47.9 vs 41.1) [14]. Some studies also directly used attention modules

with GCNs to weigh the importance of each node based on its spatial and temporal

relationships with other nodes, mainly in HAR tasks [20, 9]. However, this approach

did not receive much development [43].

3.2 Human Action Recognition (HAR)

The field of skeleton-based HAR has seen continuous development of various ap-

proaches over time, including Convolutional Neural Networks (CNN) and Graph Con-

volution Networks (GCN). Recent studies show that GCN with Temporal Convolution

Network (TCN) module and 3D CNN have surpassed all other solutions in terms of

performance [10, 20, 9, 38].

3.2.1 GCN for skeleton-based action recognition

Graph Convolution Networks (GCN) have become the leading method for skeleton-

based action recognition because of their effectiveness in modeling the relationship

between joints and their connectivity in a human skeleton. GCN assigns each node in

the graph a feature vector that is convolved with the feature vectors of its neighboring

nodes [43]. By aggregating the output features of GCN layers, the model accurately
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classifies the action performed in the video.

Another widely used approach for skeleton-based tasks is the integration of atten-

tion modules, which are used to select significant joints for specific actions and locate

joints between frames [35, 20]. When combined with GCN, attention modules achieve

the best results, as the module is also used to connect distant joint edges [20].

To train on spatial features and capture temporal relations in HAR, researchers

use a graph convolution network in combination with a Temporal Convolution Net-

work (TCN) [20, 9]. TCNs are popular in activity recognition because they can model

temporal dependencies in sequential data. They consist of a 1D convolutional layer

applied to the input sequence, followed by multiple residual blocks. These blocks

include a dilated convolutional layer and two normalization layers, allowing TCNs

to capture long-term dependencies and facilitate the training of deep networks [1].

Recent studies explore the use of TCNs in skeleton-based activity recognition, in-

vestigating the effect of different input representations such as 2D projections and

bone vectors on model performance [43, 9, 20]. The combination of GCN and TCN

achieves state-of-the-art results in learning spatio-temporal relationships in HAR.

Figure 3-1: Architecture of GCN in HAR [9]

In addition to utilizing graph convolution layers within GCN, the utilization of
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edge convolutions has been suggested [20]. The primary benefit of this approach is

the ability to learn the connections between nodes that are not directly linked in the

graph. This technique is also applied in a comparable fashion within the attention

module. Unlike previous studies that attempted to quantify joint and frame degrees

[35], edge sets are identified using this method, which has proven to be more effective

in recognizing activities.

3.2.2 Graphs

At first, skeleton data graphs were created by manually connecting joints based on

their natural connections [43]. However, recent studies indicate that these graphs

fail to capture all the necessary relationships between nodes [38, 20]. To address

this, a common approach is to incorporate dynamic graph learning by adding layers

[38, 9, 33]. Another proposed approach is to construct graphs based on different

centers of mass [20, 7]. In this method, graphs are built as follows:

• For each center of mass there is a pre-defined set of edges.

• These sets are used to construct a rooted tree.

• The adjacency matrix is formed from the tree.

• All nodes from neighboring sets are then connected, to include fully connected

edges from the tree.

According to the authors, this allows coverage of additional joint relationships.

3.2.3 Ensembling in Skeleton-based Human Activity Recogni-

tion

Ensembling techniques are commonly used in skeleton-based Human Activity Recog-

nition (HAR) to improve accuracy. This method involves training the same model

on different data streams and combining the results. The ensemble was initially in-

troduced to capture short and medium-term relationships in skeleton data [18] and
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has since been utilized in state-of-the-art models, with the most common approach

being a 4-way ensemble [5, 9, 38]. The data streams used in this ensemble method

include bones, joints, bone motion, and joint motion. Attempts to improve ensem-

bling have included finding optimal coefficients through training small 1D-CNNs [38]

and adding more data streams, such as multi-model representation, which considers

relations between joints and bones [7], or the same data for different centres of mass

[20]. Ensembling has shown to improve results by 3-4

3.3 Multitask Learning in Human Activity Recogni-

tion and Pose Estimation

Some research focuses on combining activity recognition and pose estimation into

a single model through multitask learning. This approach combines the processes

into an end-to-end model and aims to optimize the system. One paper proposed

predicting and refining pose and action in parallel [24] to speed up inference compared

to the traditional sequential approach of building action recognition on top of pose

estimation. This was achieved by using a prediction block where pose and action

are predicted and injected into the network. The pyramid residual module was used

to upscale and downscale features after prediction blocks, allowing for a trade-off

between accuracy and speed. Another method to handle these tasks proposed skip

frames based on their difference [11]. Pose estimation is run on separate frames, while

action recognition is run on the video sequence.
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Chapter 4

Methodology

4.1 Network Merging

The NTU-RGB+D dataset has a unique structure that made it challenging to adopt

the parallelization method described earlier to improve inference speed [24]. This is

because the pose estimation model only predicts the central frame, requiring a stack

of such predictions. As a result, we decided to build a Human Activity Recognition

(HAR) model on top of the pose estimation model. This approach is similar to the one

described in the paper by Gnouma et al. [11], where individual frame pose predictions

are made, and a sequence of frames is used for activity labeling. The entire process

of taking 2D key points as input and predicting the activity is outlined in Algorithm

1.

4.2 Transformers in 3D Pose Estimation

As stated in the Related Works chapter, Transformers are currently known for their

exceptional performance in various tasks, including 3D pose estimation. Figure 4-1

illustrates the proposed model’s architecture, which consists of three main parts in

series: an encoder and two transformer blocks. The input size includes the batch size,

(x,y)-coordinates, sequence of frames, joints, and person. In the MPI-INF 3DHP

dataset, there is only one person in each sample, while the NTU-RGB+D dataset
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Algorithm 1 The flow of 3D pose estimation and HAR
Input: Model_Pose: model for 3D pose estimation, Model_HAR: a model for

HAR, NTU_dataset: preprocessed NTU RGB+D dataset in Pytorch, where each
sample has a shape (dimensions, window, number of joints, number of people)

Output: output_har: activity label predictions
1: in_channels 2 . Number of input channels, for 2D input is 2
2: out_channels 3 . Number of output channels, for 3D output is 3
3: num_joints 17 . Number of joints in skeleton data
4: num_classes 60 . Number of activity labels
5: frames 27 . Length of frame sequence for central frame prediction
6: window  64 . Number of frames for 1 activity sample prediction

. Initialize 3D pose and HAR models, in End2End viewed as a single step
7: model_pose Model_Pose(in_channels, out_channels, window_size, num_joints, frames)
8: model_har  Model_HAR(out_channels, num_classes, window)
9: Data_loader  torch.DataLoader(NTU_dataset)

10: 3D_joints [] . Intermediary 3D pose estimation storage
11: for data in Data_loader do

12: for idx 0 to window do

13: if data 6= 0 then . If sample is not empty
. Divide sample into overlapping sequences of desired length (27, 81, 243, etc.)

for 3D pose prediction of central frame
14: 3D_output model_pose(data[:, :, idx : idx+ frames, :, :])
15: 3D_joints 3D_output

16: else if data = 0 then . NTU RGB+D dataset contains zero data for a
second person for single person activities

17: 3D_joints zeros() . 3D pose estimation model would still try to
predict 0 data, so just fill output data with 0

18: output model_har(3D_joints) . Activity prediction
19: output_har  max(output) . Pick activity label with highest confidence

score
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includes samples with two persons.

The encoder aims to capture spatial features between joints within a frame, and it

employs a simple structure of multi-layer perception. Research has shown that using

an encoder, which is lighter than a transformer, for learning spatial correlations is

sufficient, and when combined with other solutions, it achieves better results than

using the transformer described in the paper [46].

The first transformer captures temporal features between the frames, and the

number of frames may vary, but originally it was proposed to use 9, 27, or 81 frames

[47]. The model uses up to 81 frames for the MPI-INF-3DHP dataset, which is the

maximum seen. The vanilla transformer architecture described in the paper [39] is

used.

The second transformer takes all frames with predicted 3D coordinates and maps

them into a single frame. Instead of using a vanilla transformer, a strided transformer

is employed. The main difference between them is that strided convolutions replace

perceptron [21]. This solution proposed by Shan et al. [31] is the most accurate in

terms of MPJPE, but it has some limitations when combined with the HAR part,

which will be discussed in the Merging Networks section.

The model is trained in two stages following the procedure of Shan et al. [31].

Firstly, the pre-training of the encoder and the first transformer, and then the fine-

tuning of the entire 3D pose model is conducted.

4.2.1 Training Stages

During the pre-training stage, temporal and spatial masking techniques were used

[31]. These techniques involve masking 70% of the joints and frames for the encoder

and temporal transformer to learn to reproduce the masked inputs. This approach

was adapted because training the model directly resulted in poorer scores and longer

convergence times. Once the pre-training was completed, the weights of the epoch

with the best scores were saved, and the model was fine-tuned.
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Figure 4-1: Architecture of Pose Estimation Model

4.2.2 Normalized MPJPE

Upon reviewing the literature, it was observed that the mean per joint position error

(MPJPE) is the standard evaluation metric used by most researchers for assessing the
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Figure 4-2: One frame of video with corresponding 2D projection and 3D coordinates
of NTU RGB+D dataset [30]

performance of 3D pose estimation models. MPJPE is calculated using the following

formula for a single frame:

EMPJPE(f, S) =
1

N

NX

1

||predf,S(i)� targetf,S(i)||2 (4.1)

At the end, the average is computed for all frames, using the formula where f

represents the frame number and N denotes the number of frames in the skeleton S.

The loss function formula is utilized in both stages of training, with the distinction

being that pre-training employs 2D coordinates for prediction and target.

A research paper on motion capture [28] proposed the use of normalized MPJPE

due to scale ambiguity for monocular reconstruction. Scale ambiguity is characteristic

of different 3D objects having 2D projections of similar sizes. In the thesis, this

ambiguity is expressed as the reconstruction of different 3D coordinates from the

same 2D inputs.

The target is normalized over the joint axis, preserving the overall shape of the

skeleton. This sets it apart from a regular error.

The Experiments and Results section will detail the practical need to normalize

the skeleton data.

4.3 Joints

In the context of 3D pose estimation, the MPI-INF-3DHP dataset comprises a single

sample that includes a frame featuring 17 joint coordinates. Each joint is defined by
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its corresponding 3D coordinates (x, y, z). Meanwhile, the NTU RGB+D dataset

also follows a comparable structure, but with 25 joints that are indexed differently,

as depicted in Figure 4-3.

Figure 4-3: Visualization of skeleton data of NTU RGB+D dataset [22]

4.4 Bones

In each dataset, there exists a distinctive collection of joint pairs and their respective

"parent" nodes that create a bone structure. While this information is exclusively

employed for human activity recognition (HAR), it is disregarded in pose estima-

tion. The use of bones is not novel, and combining bone and joint data streams can

enhance the accuracy of HAR, as indicated in [6]. In this thesis, bones are repre-

sented by vectors that are derived by subtracting the coordinates of one joint from

its corresponding paired joint.
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4.5 Graph Convolution Network

Figure 4-4: Architecture of HAR Model

Figure 4-5: Number of channels for re-

peated layers in HAR architecture

To tackle the HAR aspect of the project, a graph convolution network was deemed

suitable. Following the approach proposed by state-of-the-art models such as [20, 9],

the same method was adopted. The primary principle is akin to that of the pose esti-

mation task: the graph convolution network is trained on temporal features (graph),

the temporal convolution network is trained on temporal features (frames), and an

attention module is employed, much like a transformer, to identify the most crucial

edge sets. The GCN utilized a set of four parallel convolution layers, whose results

were then fed into the attention module. The TCN, on the other hand, comprised

four 2D convolution layers and two temporal convolution layers.

4.5.1 Graph

The HD-Graph approach [20] was implemented to generate a graph structure. The

skeleton was decomposed using a hierarchy set of pre-defined edges. Due to modifi-

cations made to the dataset, these edge sets were adjusted accordingly. Despite some
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joints being excluded (e.g., fingers, toes), resulting in less information for edge sets,

experiments demonstrated that accuracy did not significantly decrease. This outcome

could be explained by the fact that the NTU-RGB+D 60 dataset comprises actions

that are not heavily reliant on these specific joints.

Figure 4-6: Visualization of edge sets for each center of mass

4.5.2 Ensemble method

As outlined in [20], configurations that incorporate both joints and bones result in in-

ferior outcomes, thus it is reasonable to exclude them. Instead, the proposed approach

involves ensembling solely joint and bone streams, but for three distinct centers of

mass, using equal contributions represented by coefficients [0.5, 0.5, 0.5, 0.5, 0.5, 0.5].

These centers of mass correspond to joints 1, 2, and 21, as illustrated in Figure 4-3.

Each center of mass employs a unique hierarchy set of edge sets, which can be ob-

served in Figure 4-6. The experiments revealed that individual data streams perform

similarly, while ensembling significantly enhances the final accuracy.
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Chapter 5

Experiments and Results

5.1 Datasets

Several experiments were conducted using popular datasets for 3D pose estimation

and activity recognition. Initially, two datasets were planned for 3D pose estimation:

MPI-INF-3DHP and Human3.6M, as they are both large and widely used benchmarks

in state-of-the-art works [46, 31, 14]. However, due to Human3.6M not being publicly

available, only MPI-INF-3DHP was used. For activity recognition, the NTU-RGB+D

60 dataset was chosen due to its size and potential for future expansion to the NTU-

RGB+D 120 dataset (same format, twice the data).

The NTU-RGB+D dataset [30] consists of 56880 videos of 60 action classes, with

each video having 30 frames per second. The dataset provides 3D skeletons, their 2D

projections, and labels. The skeleton is composed of 25 joints of the human body

captured by Microsoft Kinect V2 cameras. Some activities involve 2 people, so each

sample of the dataset contains skeleton data for 2 persons, with the second person’s

data being filled with zeros if not involved. To address the issue of incomplete skeleton

data, the input is checked before passing it to 3D pose estimation.

MPI-INF-3DHP [26] contains more than a million frames captured by cameras

from 14 views. Each sample provides 2D and corresponding 3D coordinates of 17

body joints. The dataset was divided into training and testing sets, with 1054462

and 24891 frames, respectively. To enable comparison between the two datasets, the
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number of joints in the NTU-RGB+D dataset was reduced, resulting in the joint

configuration shown in Figure 5-1.

Figure 5-1: Visualization of modified skeleton data

For the proof of concept, only a cross-subject benchmark was used, meaning that

the training set of 40320 samples did not include people from the testing set of 16560

samples. As is typical with this dataset, cross-subject accuracy scores are lower than

cross-view scores [46, 31].

5.2 Pose Estimation Features

In 3D pose estimation for the MPI-INF-3DHP dataset, each batch contains 81 con-

secutive 2D (x,y) coordinates for 17 joints and corresponding 3D coordinates for one

frame, which serves as the target. When switching to another dataset, the data

was permuted to match the joint order shown in Figure 5-1. For the NTU RGB+D

dataset, 2D projections are used as input, with the central frame (number 40 out of
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81) serving as the target.

Pre-train stage on MPI dataset 15
Fine-tune stage on MPI dataset 30
Train on MPI, test on NTU dataset 200
Train on NTU, test on NTU dataset 0.1
Train on MPI and NTU, test on NTU dataset 0.1

Table 5.1: MPJPE scores of 3D pose estimation

In the first strategy, the model was trained on the MPI-INF-3DHP dataset in both

stages. This was based on the rationale that the dataset was designed specifically for

this task, is larger (1 million vs 50 thousand frames), and covers more cases. As

reported in Table 5.1, this strategy performed well on the MPI-INF-3DHP dataset

with a state-of-the-art score of 30mm, but its performance on NTU RGB+D was

poor. A preliminary conclusion was reached that MPI-INF-3DHP does not cover all

cases.

Training on NTU RGB+D and both datasets yielded suspiciously low results

with a 100 magnitude lower than the state-of-the-art. To investigate this, normalized

MPJPE was used. The explanation is that the magnitude of values in the NTU

RGB+D dataset is smaller, which resulted in lower scores. However, upon examining

the output, the shapes of predicted skeletons were observed to be too far from the

target. Normalized MPJPE was then employed, revealing that the score for the

original model was 0.05mm against 0.1mm, i.e., 10 times lower.

The reason why training on NTU RGB+D did not work is attributed to trans-

formers needing large datasets and performing better when pre-trained [17]. The

unsuccessful training on both datasets implies that there is a difference in the data,

which prevents generalization on both sets.

5.3 Pre-processing

To investigate the data, several steps were taken to identify any differences. First,

a visual inspection of the skeletons did not reveal anything noteworthy. However,
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an analysis of the numeric values of the coordinates revealed that their magnitudes

varied significantly. Additionally, the authors of MPI-INF-3DHP set the coordinates

of joint 1 (as shown in Figure 5-1) to 0 [31].

To address these differences, the decision was made to centralize the data by

subtracting the coordinates of joint 1 from every joint, effectively placing joint 1 at

the origin (0,0,0). The data was then normalized along the joint axis, which preserved

the shape of the skeletons and set both datasets to the same scale. A similar procedure

was employed in some previous works [10, 38]. The subsequent steps included pre-

training on MPI-INF-3DHP, pre-training on NTU RGB+D, fine-tuning on MPI-INF-

3DHP, and fine-tuning on NTU RGB+D. The results are presented in Table 5.2.

Pre-train stage on MPI dataset 15
Pre-train stage on NTU dataset 14
Fine-tune stage on MPI dataset 0.05
Fine-tune stage on NTU dataset 0.06

Table 5.2: Normalized MPJPE scores of 3D pose estimation after pre-processing

The final training results are almost identical to the original performance, indi-

cating a close match. Additionally, training with normalized data resulted in higher

normalized MPJPE scores compared to normalizing the results and taking MPJPE

scores.

5.4 HAR Features

For HAR, only the NTU RGB+D dataset was used as the MPI-INF-3DHP dataset

did not have any activity labels. As with the previous section, the input comprised

the (x,y,z) coordinates of 17 joints across consecutive frames. The number of frames

varied between 64, 81, and 144, depending on the task. Table 5.4 shows the difference

in accuracy scores.

The experimental results demonstrate that a slight 0.2% decline in accuracy was

observed when the number of joints was reduced. This loss in accuracy was subse-

quently recovered by increasing the frame window. Nevertheless, it was important to
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25 joints and window size 64 90%
17 joints and window size 64 89%
17 joints and window size 81 90%

2D 17 joints and window size 64 85.16%

Table 5.3: Accuracy scores of HAR for joints stream, the center of mass at joint 1

note that the pose estimation depended on 81 frames, and therefore the initial plan

was to combine the models using these 81 frames. Additionally, while incorporating

the 3D pose module, the accuracy score for 2D joint input was assessed, exposing a

reduced accuracy of 85% due to the absence of z-dimension information.

5.5 End2End Data Processing

Regarding End2End Data Processing, the initial approach involved using the pre-

dictions for 81 2D to 3D conversions before combining them into a single frame.

However, the model only achieved a 75% accuracy due to output and individual pre-

dictions being far from the desired target. Consequently, the window size of frames

was increased to 144. As discussed in the pose estimation section, predictions are

generated for the central frame with an index of 40 out of 81. To obtain 64 frames

for activity recognition, each frame requires 39 frames preceding it and 41 frames

following it, allowing for pose estimation from 2D to 3D for each of the central 64

frames.

Figure 5-2: The method to get frames for HAR

This approach has the disadvantage of having fewer frames available for each

activity label. However, the advantage is that there is no need to retrain individual

models with a new flow. As the subsequent frames are similar, the pose estimation
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Figure 5-3: The whole process of 2D joints to activity recognition, including keypoints
detection

model trained as usual achieves a similar MPJPE score on the test set generated in

this manner, with a difference of only 0.0006 mm between scores of 0.0446 mm and

0.044 mm.

Despite its high accuracy, the activity prediction model could not train effectively,

reaching only 70% due to a significant loss of frames (55%). To address this issue,

the 3D pose estimation model was retrained to function on 27 frames. To account for

the smaller frame size, the first transformer’s number of layers was increased from 3

to 4. The resulting MPJPE score for this retrained model is 0.0607 mm, as depicted

in figure 5-3.
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5.6 Ensembling

In order to implement 6-way ensembling, the model was trained using 6 distinct

configurations incorporating joints and bones information for 3 different centers of

mass. The outcomes for each individual configuration as well as the ensembling results

are displayed in table 5.5. As previously discussed, the data was pre-processed in the

same manner as pose estimation.

Joint stream, the center of mass at joint 1 89.09%
Joint stream, the center of mass at joint 2 89.29%
Joint stream, the center of mass at joint 17 88.45%
Bone stream, the center of mass at joint 1 88.08%
Bone stream, the center of mass at joint 2 87.75%
Bone stream, the center of mass at joint 17 87.61%
6-way ensemble 92.9%

Table 5.4: Accuracy scores of HAR for 17 joints, 64 frames on generated 3D data

As previously mentioned, due to the frame reduction and 3D conversion, the

final scores are on average 2% lower. Nevertheless, the performance after ensembling

surpasses the results reported in a paper proposing an alternative approach for 2D

projections on the NTU-RGB+D dataset [10].
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Model Input Accuracy

Center of mass 1 2D joint stream 87.25%

Center of mass 2 2D joint stream 87.14%

Center of mass 17 2D joint stream 86.94%

Center of mass 1 2D bone stream 86.49%

Center of mass 2 2D bone stream 85.90%

Center of mass 17 2D bone stream 85.07%

Pose2Act (6-way ensemble) 2D projection 90.3%

MS-G3D [10, 23] 2D projection 86.8%

HD-GCN [20] 2D projection 87.1%

PoseConv3D [10] 2D projection 89.2%

DGNN [33] 3D skeleton 89.9%

MS-OP-AGCN [38] 3D skeleton 91.12%

HD-GCN [20] 3D skeleton 93.4%

Table 5.5: Final accuracy scores

Table 5.5 shows that state-of-the-art models (MS-OP-AGCN, HD-GCN) achieve

the highest results on generated 3D-skeleton data. In this case, the proposed solution

can only outperform the older model (DGNN). However, this is also true for any

model predicting activity from 2D projections. For the same most accurate model

(HD-GCN), the difference between 2D and 3D input is 6.3%, while the difference with

the proposed method is only 3.1%.

Using a model that performs well only on 3D input data is less practical and has

limited applications because obtaining 3D data requires special sensors like the Mi-

crosoft Kinect v2 cameras used in the NTU-RGB+D dataset. In contrast, obtaining

2D data only requires an RGB camera and a 2D pose estimation model. Additionally,

the study found that using predicted data could improve HAR results compared to

sensors on average by 1%.

From the confusion matrix shown in Figure 5-4, it is apparent that certain activ-
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Figure 5-4: Confusion matrix for Pose2Act predictions

ities have lower results. Specifically, reading, writing, playing with the phone, and

typing on a keyboard have the lowest scores. Since all of these actions involve hands,

it is likely that the lower scores are due to the exclusion of finger joints. Including fin-

ger data in the dataset may lead to an improvement in overall accuracy. However, it

is also possible that these activities are more complex, and models in general struggle

to learn them.

5.7 Discussion

In Table 5.6, various models are compared, and it is evident that the proposed model

performs exceptionally well in predicting both 3D input data and 2D data. While

models that utilize generated 3D data achieve the highest scores, their practicality is

limited. Furthermore, the effectiveness of GCN-based solutions depends heavily on

the ensembling technique used. To address this issue, our future plans include com-

paring models based on their lightweight properties, such as the number of parameters

and FLOPs.
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Pose2Act MS-G3D

[10, 23]

HD-GCN

2D [20]

PoseC-

onv 3D

[10]

HD-GCN

3D [20]

DGNN

[33]

MS-OP-AGCN [38]

Year 2023 2020 2022 2022 2022 2019 2021

Produced 3D

data

predicted 2D only 2D only pre-

dicted

generated gener-

ated

generated

Ensembling 6-way 2-way 6-way 2-way 6-way 2-way 5-way

Data Streams joint and

bone for 3

CoM

joint, bone joint, and

bone for 3

CoM

joint,

limb

joint and

bone for 3

CoM

joint,

bone

joint, bone, joint and

bone motion, joint

orientation

Accuracy 90.3% 86.8% 87.1% 89.2% 93.4% 89.9% 91.12%

Parameters 7.0M - - - - - -

FLOPs 1.7G - - - - - -

Methods Transform-

ers, GCN,

TCN

GCN,

TCN

GCN, TCN 3D

CNN

GCN, TCN GCN,

TCN

GCN, CNN

Importance of

edges

Attention

module

Multi-

Scale

Aggrega-

tion

Attention

module

Atten-

tion

module

Attention

module

Adap-

tive

graph

Adaptive graph

Integration with

2D pose

estimator

yes no no yes no no no

Real-life

application

full full full full limited limited limited

Table 5.6: Comparison of different models

There was a concern that using convolution block as spatial encoder as shown in

figure 4-1 could have a negative impact on performance. There was an attempt to

replace this part with additional transformer. As a result, the inference time increased

several times, while the accuracy score only decreased. The results of training are

displayed in the table 5.7. In comparison with original score of 32.2mm, the error

increased more than 2 times. Furthermore, additional study is required.

Stages Dataset MPJPE score (mm)

Stage I MPI INF 15.34

Stage I NTU RGB+D 41.82

Stage II MPI INF 67.91

Table 5.7: The results of modified pose estimation model with transformer as spatial

encoder

It is worth noting that modifying datasets, such as normalization and centering,

leads to a longer convergence time for the HAR model. Achieving an accuracy of

89% percent takes 180 epochs instead of 90 epochs. This may be due to the fact that

after normalization, the scale of coordinates is smaller, making it more challenging for

48



the model to capture the changes in each frame. Additionally, further investigation

is required, and more data augmentation may be beneficial, as some overfitting is

observed. At some point, the training accuracy reaches 100% for all configurations.

The experiments showed that the performance of the pose estimation model on

a new dataset is low, requiring further training. However, after retraining on a new

dataset, the performance of the original data decreases. This issue can partially be

addressed by proper fine-tuning, as described in previous works [19]. However, this

drawback suggests that the transformer’s performance in the 3D pose estimation task

depends heavily on the dataset and may not work as well in real-life conditions.

Normalization of poses another problem for real-life applications, as the model

becomes less scale invariant. Additionally, to visualize pose estimation results, recon-

struction to the original scale is necessary. This issue can be resolved in the future by

applying a larger scaling factor in data augmentation after normalization and keeping

the original scale coefficients to restore proper sizes.

The pose estimation is a bottleneck in the End2End flow since only one frame out

of a sequence is predicted. As a result, the number of frames required to predict one

activity increases from 64 to 144 (depending on window size), from 2.13 seconds of

video to 4.8 seconds. While using state-of-the-art models is reasonable for research

purposes, it would be more advantageous to use a smaller window size of frames (9)

or a model that can accurately predict 3D coordinates for individual frames, such as a

sequence-to-sequence approach instead of a sequence-to-frame approach, for real-life

applications.

Finally, the model’s use in real-time applications is still limited due to the ensem-

bling method used. Each configuration requires a separately trained model, resulting

in six models in a six-way ensembling. As a result, the GPU must run six differ-

ent models, which requires significant VRAM. Every solution is highly dependent on

ensembling, as shown in recent research. Additionally, incorporating a 2D pose esti-

mation model to predict 2D coordinates is necessary, but these models are larger and

require even more VRAM. Thus, high-end GPUs are required to use such solutions.

In future tasks, it would be beneficial to consider using predicted 2D key points
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instead of relying solely on sensor readings. To achieve this, one potential approach

is to utilize a 2D pose estimation model, which can accurately estimate the positions

of key points in a given image. Previous research has shown that using predicted

data results in higher accuracy scores, as demonstrated in studies such as [10, 9]. The

whole plan for the future works can be summarized by the figure ??.

Figure 5-5: The plan for the future work

Furthermore, it may be advantageous to prioritize the development of a more

robust model that is capable of operating on a smaller number of frames. By focusing

on a heavier model with stronger predictive power, it may be possible to achieve

higher accuracy scores and more precise predictions with a reduced computational

workload. This approach could help to streamline the overall process and reduce the

resources required for future tasks.
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Chapter 6

Conclusion

The objective of this thesis is to expand the scope of skeleton-based human activity

recognition models by incorporating 3D pose estimation. The proposed approach

outperformed activity recognition on 2D projections of the NTU RGB+D dataset by

utilizing a hierarchically decomposed graph, a graph convolution network, and two

transformers for the 3D pose estimation task. The model was trained using joints and

bones information for three different centers of mass, and the results were combined

using ensembling. However, the use of generated 3D data in other HAR solutions

still surpasses the proposed model due to information loss. Nonetheless, the proposed

model marks a significant milestone in computer vision and has the potential to

enhance the performance of various applications that rely on 2D input data.

Future work may include integrating a 2D pose estimation component, improving

scaling invariance, enhancing the sequence-to-sequence 3D conversion, testing the

method on different datasets, and refining the ensembling of data streams. The

proposed model can be easily applied to datasets of various sizes and types without

significant changes to its architecture. Additionally, it can be customized to suit

different tasks and domains, such as pose estimation, action recognition, and activity

analysis.
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