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Abstract

Human action recognition, with its irrefutable and varied use cases across �elds of surveillance,

robotics, human object interaction analysis and many more, has gained critical importance and atten-

tion in the �eld of compute vision. Traditionally entirely based on RGB sequences, action recognition

domain has shifted focus towards using skeleton sequences due to the easy availability of skeleton data

capturing apparatus and the release of large scale datasets, in recent years. Skeleton based human ac-

tion recognition, having superiority in terms of privacy, robustness and computational ef�ciency over

traditional RGB based action recognition, is the primary focus of this thesis.

Ever since the release of large scale skeleton action datasets namely NTURGB+D and NTURGB+D

120, the community has solely focused on developing complex approaches, ranging from CNNs to

complex GCNs and more recently transformers, to achieve the best classi�cation accuracy for these

datasets. However, in this rat race for state of the art performance, the community turned a blind eye

to a major drawback at the data level which bottlenecks even the most sophisticated approaches. This

drawback is where we start our explorations in this thesis.

The pose tree provided in the NTURGB+D datasets contains only 25 joints, out of which only 6

joints (3 for each hand) are �nger joints. This is a major drawback since only 3 �nger level joints are not

suf�cient enough to distinguish between action categories such as ”Thumbs up” and ”Thumbs down” or

”Make ok sign” and ”Make victory sign”. To speci�cally address this bottleneck, we introduce two new

pose based human action datasets - NTU60-X and NTU120-X. Our datasets extend the largest existing

action recognition dataset, NTU-RGBD. In addition to the 25 body joints for each skeleton as in NTU-

RGBD, NTU60-X and NTU120-X dataset include �nger and facial joints, enabling a richer skeleton

representation. We appropriately modify the state of the art approaches to enable training using the

introduced datasets. Our results demonstrate the effectiveness of these NTU-X datasets in overcoming

the aforementioned bottleneck and improving the state of the art performance, overall and on previously

worst performing action categories.

Pose-based action recognition is predominantly tackled by approaches that treat the input skeleton

in a monolithic fashion, i.e. joints in the pose tree are processed as a whole. However, such approaches

ignore the fact that action categories are often characterized by localized action dynamics involving

only small subsets of part joint groups involving hands (e.g. `Thumbs up') or legs (e.g. `Kicking').

Although part-grouping based approaches exist, each part group is not considered within the global

pose frame, causing such methods to fall short. Further, conventional approaches employ independent
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modality streams (e.g. joint, bone, joint velocity, bone velocity) and train their network multiple times

on these streams, which massively increases the number of training parameters. To address these issues,

we introduce PSUMNet, a novel approach for scalable and ef�cient pose-based action recognition. At

the representation level, we propose a global frame based part stream approach as opposed to conven-

tional modality based streams. Within each part stream, the associated data from multiple modalities is

uni�ed and consumed by the processing pipeline. Experimentally, PSUMNet achieves the state of the

art performance on the widely used NTURGB+D 60/120 dataset and dense joint skeleton dataset NTU

60-X/120-X. PSUMNet is highly ef�cient and outperforms competing methods which use 100%-400%

more parameters. PSUMNet also generalizes to the SHREC hand gesture dataset with competitive per-

formance. Overall, PSUMNet's scalability, performance and ef�ciency make it an attractive choice for

action recognition and for deployment on compute-restricted embedded and edge devices.

Finally, we conclude this thesis by exploring new and more challenging frontiers under the umbrella

of skeleton action recognition namely ”in the wild” skeleton action recognition and ”non-contextual”

skeleton action recognition. We introduce Skeletics-152, a curated and 3D pose dataset derived from

the RGB videos included in the larger Kinetics-700 dataset to explore in the wild skeleton action recog-

nition. We further introduce, Skeleton-mimetics, a 3D pose dataset derived from recently introduced

non-contextual action dataset-Mimetics. By benchmarking and analysing various approaches on these

two new dataset we lay the ground for future exploration in these two challenging problems within

skeleton action recognition.

Overall in this thesis, we draw attention to prevailing drawbacks in the existing skeleton action

datasets and introduce extensions of these datasets to counter their shortcomings. We also introduce a

novel, ef�cient and highly reliable skeleton action recognition approach dubbed PSUMNet. Finally, we

explore more challenging tasks of in the wild and non-contextual action recognition.
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Chapter 1

Introduction

Human action recognition has been a widely studied and explored domain in the �eld of computer

vision. With its varied application from surveillance to autonomous cars and robots, human action

recognition has come to the attention of computer vision researchers. Under this umbrella of human

action recognition, the sub domain of skeleton based human action recognition has gained a lot of at-

tention with the release of large scale datasets of skeleton sequences. Skeleton data, with its superiority

to conventional RGB data in terms of storage, robustness and privacy, has attracted a plethora of ap-

proaches to work on this problem of skeleton based human action recognition. Hence, over the past

decade, the methods to capture such skeleton datasets have also seen a paradigm shift. This, evolution

of skeleton data capturing methods, is where we start our thesis.

1.1 Evolution of Skeleton Data capturing methods

One of the �rst attempts at the creation of a reliable pose based motion capture dataset was done

by team of researchers at CMU in 2003. The introduced dataset dubbed CMU MoCap[22] contains

several hours of motion data over various locomotion activities (such as ”running”, ”walking”,), Sports

activities (such as ”basketball”, ”soccer”,...) and more. As shown in Fig. 1.1 (Left), 41 infra-red markers

are tapped on the body of an actor and the action is captured via 12 Vicon infrared MX-40 cameras at

a 120 Hz rate which generates the motion data. Following the wide academic interest in CMU MoCap

dataset Muller et al.[28] introduced the HMD05 dataset in 2007 which included1457 motion clips

spanning across100different motion classes. As opposed to CMU MoCap, HMD05 focuses on a very

limited number of motion classes. Similar to CMU MoCap, motion data in HMD05 is also created by

using 40-50 retro-re�ective sensors tapped on actors' bodies as shown in Fig. 1.1 (Right). The action is

captured using six to twelve calibrated high-resolution cameras at a frame rate of up to 240 Hz.

However, it can be easily understood that the motion capturing method employed by these early

datasets, where multiple sensors are tapped on actors' bodies, is not scalable nor is convenient. With

the availability of frugal data capturing sensors and apparatus, such as Depth cameras, Microsoft Kinect

and Open Sense, came the second generation of pose based action and motion capture datasets. These

1



Figure 1.1 Generation one motion capture datasets: CMU MoCap (Left) and HMD05 (Right). These

datasets were curated using multiple sensors tapped to actors body and then captured via several high

resolution cameras yielding accurate pose estimations.

sensors capture multi modal data directly from visual feed which includes depth maps and 3d coordi-

nates of the joints along with the RGB sequences eliminating the need of tapping multiple sensors to the

body of the actors.

MSR Action3d dataset[24], was one of the �rst datasets which used depth cameras to obtain depth

maps for each frame and sampled 3d skeleton point clouds using this depth information as shown in

Fig. 1.2 (Left). Afterwards, with introduction of Microsoft Kinect sensor and its ability to capture

multi modal data simultaneously (See Fig. 1.2 (Right)) showed a plethora of pose based action datasets,

ranging from small scale datasets (MSRDailyActivity3D[43], UTD-MHAD [44], UWA3D Multiview

II[32]) and large scale datasets (NTURGB+D[35], NTURGB+D 120[25]).

Even though the frugality and easy availability of Kinect like sensors has drawn huge attention to the

aforementioned datasets, these datasets suffer from some inherent �aws,

• These Kinect (or some other) sensor based data capturing methods cannot handle the presence of

a large number of subjects in the frame making the recognition models trained on such datasets

un�t to identify group action activities involving multiple subjects.
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Figure 1.2 The left diagram shows the process of 3d skeleton joints estimation from depth maps as

employed in creation of MSR Action3d dataset. Right diagram shows various data modalities, RGB,

RGB + Joints, Depth, Depth + Joints, IR respectively, captured using Kinect sensors used in the creation

of datasets such as NW-UCLA and NTURGB+D.

Figure 1.3 Depth Sensors based skeleton data capturing method (Above) against deep model based

data capturing methods. Depth sensors captures the depth information along with 3d joints estimations.

Deep models use RGB frames directly and estimates the 3d skeleton.

• Owing to its �xed calibration and capturing setups, these sensors can not capture �ne 3d joints

such as �ngers or facial joints making the resulting pose tree sparse.
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• These sensors are prone to noise caused by occlusion or partially visible subjects leading to their

unreliability for data capturing for in the wild actions.

• Need of specialized sensors that can capture depth information restricts real time applications.

The aforementioned drawbacks in existing and widely used skeleton datasets naturally prompt atten-

tion in the direction of datasets created using deep learning methods (See Fig. 1.3). Deep pose estimation

models with their high ef�ciency, generalizability and scalability can allow the creation of skeleton ac-

tion datasets with include dense pose representation, multi person capture and immunity to occlusion

induced noise. With the release of large scale annotated datasets such as Human3.6M[19], COCO[13],

MPII[1] and highly reliable and generalizable pose capturing deep models such as OpenPose[2], SMPL-

x[30], ExPose[9], a new generation of skeleton action datasets captured using such deep models are the

future frontiers in this domain.

1.2 Our Contributions

• To begin our study, we thoroughly analyze the performance of various state of the art approaches

for widely used skeleton action recognition datasets: NTURGB+D and NTURGB+D 120. (See

Sec. 2.1)

• We experimentally draw attention to a major drawback in the existing skeleton action datasets,

i.e. lack of �ner �nger level joints which bottlenecks recognition approaches to wrongly classify

actions involving signi�cant �nger movements such as ”Make ok sign” or ”Thumbs Up”. (See

Fig. 2.4)

• To overcome this major drawback, we introduce NTU-X, an extension of existing NTURGB+D

datasets with a dense pose tree with a total of 118 joints involving 21 �nger joints per hand, 51

facial joints and 25 body joints. (See Sec. 2.3)

• We benchmark existing state of the art approaches on our proposed NTU-X dataset and show the

overall improvement in performance proving the superiority of our dataset over the conventional

dataset. To Further justify our hypothesis, we show signi�cant improvements in per class accuracy

of action categories involving signi�cant �nger movements. (See Sec. 2.4)

• In the next chapter of our study, we propose a novel architecture, dubbed Part Stream Uni�ed

Modality Network (PSUMNet) which achieves the state of the art performance on NTU60-X,

NTU120-X and NTURGB+D 120 datasets compared to existing competing methods which use

100%-400% more parameters. PSUMNet also generalizes to the SHREC hand gestures dataset

with competitive performance. (Sec. 3.4.3)

• We introduce a uni�ed modality processing approach as opposed to conventional independent

modality approaches. This enables a signi�cant reduction in the number of parameters. (Sec. 3.3.2)
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• We propose a part based stream processing approach that enables richer and dedicated represen-

tations for actions involving a subset of joints (Sec. 3.3.1). The part stream approach also enables

ef�cient generalization to dense joint (NTU-X [42]) and small joint (SHREC [10]) datasets.

• We perform extensive experiments and ablations to analyze and demonstrate the superiority of

PSUMNet. (Sec. 3.4).

• We conclude our study by laying the ground for more challenging tasks within skeleton action

recognition namely ”In the wild” and ”non-contextual” skeleton action recognition and introduce

two new curated datasets: Skeletics-152 (See Sec. 4.2) and Skeleton-Mimetics (See Sec. 4.3) for

these two problems respectively.

1.3 Thesis Layout

Chapter 2 draws attention to major shortcomings of existing widely used skeleton action datasets

(NTURGB+D [35] and NTURGB+D 120 [25]) due to lack of �nger level joint estimation. To remedy

this, a new dense skeleton action dataset, NTU-X is introduced which provides a dense 118 joints

pose tree. Extensive experiments and analysis are performed on this introduced dataset to convey its

superiority over existing datasets.

Chapter 3 introduces a novel architecture - PSUMNet which proposes a Part streams uni�ed modal-

ities approach as opposed to conventional multi modality approaches. PSUMNet achieves outperforms

other methods, which use100%� 400%more parameters, across various skeleton action datasets.

Chapter 4 focuses on more challenging tasks of in the wild and non-contextual skeleton action

recognition. Further, two new datasets Skeletics-152 and Skeleton-mimetics are introduced for these

tasks respectively.

Chapter 5 concludes this thesis by providing closing remarks and motivation for future works.
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Chapter 2

Dense pose based action recognition: A new direction

2.1 Introduction

The recent adoption of graph neural networks which process the skeleton action sequence as a spatio-

temporal graph has enabled a steady rise in average accuracy for skeleton action recognition [49, 26, 8,

40, 38]. However, an analysis of sorted per-class accuracies reveals that the actions with lowest accuracy

involve the usage of �ngers (see Table 2.3,2.4). The underlying reason is that hand joints in Kinect-based

skeletons provided in the original dataset are represented by just two �nger joints (Figure 2.1-d). As

a result, actions involving subtle �nger movements (e.g. `eating', `writing', 'make ok sign', 'make

victory sign') often fail to be recognized correctly. Sometimes, even the non-hand, main body joints are

localized poorly by the Kinect-based capture system, as Figure 2.2 shows. These shortcomings at the

raw data level cannot be addressed at the architecture level, i.e. by proposing novel architectures.

To address the mentioned data-level issues, we introduce NTU60-X and NTU120-X, curated and

extended versions of the existing NTU dataset. Obtained from RGB videos present along with NTU

skeleton data, the pose representations in the new dataset include42 �nger joints (21 for each hand),

51 facial keypoint joints and25body joints similar to those present in Kinect-based NTU-60 and NTU-

120, for a total of118 joints per skeleton (see Figure 2.1). We also modify state of the art approaches

to enable experimental evaluation and benchmark the modi�ed variants on NTU60-X and NTU120-X.

As a result, we set the new state of the art benchmark on NTU-60 and NTU-120. Our results also

demonstrate the bene�t of the newly introduced datasets for overcoming the performance bottleneck

mentioned earlier and enabling recognition of subtle human actions involving hand-based joints.

2.2 Related Work

Before the creation of NTU RGB-D dataset, a number of datasets enabled progress for skeleton-

based human action recognition. MSR-Action3d [24] was one of the �rst action recognition datasets

which provided depth and skeleton joint modalities, albeit from a single viewpoint. However, it only

covered a limited set of gaming actions (e.g. forward punching, side boxing). The Northwestern-UCLA
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Figure 2.1 (a) The118 joint skeleton introduced in the new NTU-X datasets. The25 body joints are

indicated by red dots.(b)51 facial joints (c)21 �nger joints (d) 25 body joints present in original NTU

datasets .
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