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With increasingly high interest in assistive robots and smart surveillance systems, we need a pow-

erful perception mechanism to be able to describe the events in a scene. However, achieving

accurate perception models is not trivial, since, even for one perception task there are unlimited

possible scenarios. Hoping to develop analytically driven models seems too optimistic for such

systems; hence, Supervised Learning as a sub-field of function approximation has become very

popular in robotic perception. Supervised learning is the task of learning a function that maps an

input to an output based on example input-output pairs.

Scene understanding is even more involved when it comes to solving Human Action Recogni-

tion (HAR) problems. In HAR the task is to classify human activities from an image or determine

atomic actions composing the activity in a video. In video-based HAR, there are exponentially

many ways that humans can perform the same task. Besides, the variety in posture and speed

at which people perform activities makes solving HAR tasks even more challenging. Therefore,

models should be designed to learn common underlying spatial and temporal properties of human

activity to achieve generalizability.

This thesis is dedicated to designing perception models for recognizing human actions and de-

termining the ergonomic risk associated with them. Specifically, Part I focus on solving the Human

Activity Segmentation (HAS) problem in long videos, which is the task of semantically segment-

ing long videos into distinct actions in an offline framework. In Part II, we present our designs



for solving online-HAR problems to recognize human activities in the observed batch of frames.

Since, the performance of computer vision algorithms also depends on the quality and relevance

of the training data, in Part I, we introduce a new dataset for an indoor object manipulation task

called the University of Washington Indoor Object Manipulation (UW-IOM).



TABLE OF CONTENTS

Page

List of Figures . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . iii

List of Tables . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . vi

Glossary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . viii

Chapter 1: Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1
1.1 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1
1.2 Human Activity Recognition . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 2
1.3 Why Deep Learning . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4
1.4 Overview and Contributions of the Thesis . . . . . . . . . . . . . . . . . . . . . . 5

Chapter 2: Literature review . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8
2.1 Human Activity Recognition and Object Interaction . . . . . . . . . . . . . . . . . 8
2.2 Human Activity Evaluation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 12
2.3 Ergonomics Risk Assessment . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 13

Part I: Human Activity Segmentation . . . . . . . . . . . . . . . . . . . . . . . . . 16

Chapter 3: Encoder-Decoder Temporal Convolutional Network . . . . . . . . . . . . . 17
3.1 Background . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17
3.2 Ergonomic Risk Assessment Model . . . . . . . . . . . . . . . . . . . . . . . . . 19
3.3 Deep Learning Models . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21
3.4 System Architecture and Datasets . . . . . . . . . . . . . . . . . . . . . . . . . . 22
3.5 Experimental Details and Results . . . . . . . . . . . . . . . . . . . . . . . . . . . 25
3.6 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34
3.7 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 36

i



Chapter 4: Multi-Task Learning for Activity Segmentation . . . . . . . . . . . . . . . . 38
4.1 Background . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 38
4.2 Proposed Multi-Task Framework . . . . . . . . . . . . . . . . . . . . . . . . . . . 40
4.3 Experiments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 45
4.4 Results and Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 48
4.5 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 51

Part II: Early Human Activity Recognition . . . . . . . . . . . . . . . . . . . . . . 55

Chapter 5: Spatio-Temporal Pyramid Graph Convolutional Network . . . . . . . . . . . 56
5.1 Background . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 56
5.2 Proposed Spatio-Temporal Feature Pyramid Graph Convolution . . . . . . . . . . 59
5.3 Experiments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 65
5.4 Results and Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 67
5.5 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 70

Chapter 6: Spatio-Temporal Hierarchical Graph Convolutional Network . . . . . . . . . 73
6.1 Background . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 73
6.2 Proposed Hierarchical Framework . . . . . . . . . . . . . . . . . . . . . . . . . . 75
6.3 Experiments . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 80
6.4 Results and Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 81
6.5 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 89

Chapter 7: Conclusions and Future work . . . . . . . . . . . . . . . . . . . . . . . . . 90
7.1 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 90
7.2 Towards Generalization . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 92

ii



LIST OF FIGURES

Figure Number Page

1.1 The scenario of a robot recognizing that a human operator is in danger of injuring
him/herself and going to offer assistance. . . . . . . . . . . . . . . . . . . . . . . 1

1.2 Decomposition of human activities. Picture is taken from [144]. . . . . . . . . . . 2

1.3 Hierarchical categorization of human activity recognition methods based on differ-
ence in data modalities. Uni-modal refers to methods using one source of informa-
tion and multimodal methods use multiple sources of data. Picture is taken from
[144]. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3

1.4 Vision-based Human activities recognition approaches. Picture is taken from [9]. . 3

3.1 End-to-end ergonomic risk prediction system . . . . . . . . . . . . . . . . . . . . 23

3.2 Representative video frames depicting actions with different ergonomic risk levels
in our own UW IOM dataset . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26

3.3 Performance comparison of various methods in action segmentation of a represen-
tative TUM Kitchen dataset video using (A) pre-trained VGG16 model and (B)
fine-tuned VGG16 model. For each method, the upper row shows the ground truth
(manually annotated) action labels, whereas the lower row depicts the correspond-
ing predicted label. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30

3.4 Performance comparison of various methods in semantic segmentation of a rep-
resentative UW IOM dataset video using (A) pre-trained VGG16 model and (B)
fine-tuned VGG16 model. For each method, the upper row shows the ground truth
(manually annotated) action labels, whereas the lower row depicts the correspond-
ing predicted label. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31

3.5 Output indicator corresponding to medium risk is turned on when a human subject
performs a Box/Bend/Place/Low action. . . . . . . . . . . . . . . . . . . . . . . . 36

4.1 Multi-task activity segmentation and ergonomics risk assessment pipeline. . . . . . 39

4.2 MTL network architecture. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41

iii



4.3 Detailed MTL-emb architecture. GCN(in, out) is a Graph Convolutional Network
(GCN) with edge-importance. ED-TCN has 4 hidden layers of size H with kernel
size k and dropout of D. FC(in, out) is a fully connected layer. nclass is the
number of classes. The LSTM has nl layers. . . . . . . . . . . . . . . . . . . . . . 46

4.4 Visualization of HAS and REBA prediction result for a sample test video of UW-
IOM dataset. The first and third plots (colored ribbons) are the segmentation re-
sults. In each ribbon the top-half is the ground truth and the bottom-half is the
predictions by the network. The second and fourth plots depicting the ground truth
REBA score and the network prediction. The network prediction is color-coded
based on the activity class. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 50

4.5 The difference in confusion matrices. The top and bottom matrices are for the UW-
IOM and TUM dataset, respectively. The diagonal elements show the differences
between the diagonal values of the MTL-emb and MTL-base confusion matrices
and the off-diagonal elements are shown as ”0.0” for simplicity. . . . . . . . . . . 52

4.6 Confusion matrices using MTL-base. The top and bottom matrices are for the
UW-IOM and TUM dataset, respectively. . . . . . . . . . . . . . . . . . . . . . . 53

5.1 Our model (ST-PGN) takes a sequence of skeleton input produced by a pose ex-
traction unit (like LCR-Net [117]) and does early action recognition. The skeleton
sequence along with the activity labels go to the REBA computation unit to assess
the ergonomics risk while testing. . . . . . . . . . . . . . . . . . . . . . . . . . . 57

5.2 The Feature Pyramid Convolutional Graph Network pipeline. . . . . . . . . . . . . 58

5.3 Three level learned edge importance heat-map in UW-IOM (shaded) and TUM
datasets. Each row shows the edge importance of each level of graph pyramid and
it is consistent with bottom-left of Figure 5.2. Every level of PGN consists of the
sum of three edge importance multiplied by the adjacency matrix and node features. 71

5.4 Confusion Matrix of ST-PGN+LSTM+IMP+ML model. Larger figures are added
in the Appendix section. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 72

6.1 Demonstration of the hierarchical graph structure on a sample frame. The pink
dashed-lines represent the human-object interaction graph and the yellow skeleton
denotes the human body structure graph. . . . . . . . . . . . . . . . . . . . . . . . 74

iv



6.2 Demonstration of our Spatio-Temporal Hierarchical Graph Convolutional Network
(ST-HGCN) scheme. The human 3D pose is detected using the LCRnet [117], and
passes through Human Body Structure Graph Convolutional Network (HBS-GCN)—
a pyramid architecture inspired by [99]. In parallel, a Faster R-CNN [114] back-
bone detects the objects and the human and returns the bounding boxes and a fea-
ture vector representing the Region of Interest (ROI). In our ST-HGCN-earlyFusion+LSTM
model, the human features from HBS-GCN are fused with the Faster R-CNN fea-
tures and in the late fusion model (ST-HGCN+LSTM), they are fused after the Avg
pool layer. ST-HGCN+LSTM is our best performing model. . . . . . . . . . . . . 76

6.3 Learned edge importance heat-map for the ST-HGCN model. Each row shows
the edge importance corresponding to each node of the Human Object Interac-
tion (HOI) graph. The Human Object Interaction Graph Convolutional Network
(HOI-GCN) part of the network uses the edge importance multiplied by the ad-
jacency matrix to aggregate node features. The level of brightness shows higher
values and is an indication of the importance. . . . . . . . . . . . . . . . . . . . . 84

6.4 Learned edge importance heat-map for the HOI-GCN model. Each row shows
the edge importance corresponding to each node of the HOI graph. HOI-GCN
uses the edge importance multiplied by the adjacency matrix to aggregate node
features. The level of brightness shows higher values and is an indication of the
importance. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 85

6.5 Three level learned edge importance heat-map in UW-IOM shown as a heat-map.
Each row shows the edge importance of each level of graph pyramid as described
in [99]. Every level of the pyramid consists of the sum of three edge importance
multiplied by the adjacency matrix and node features. The level of brightness
shows higher values and is an indication of the importance. . . . . . . . . . . . . . 86

6.6 Confusion matrix for ST-HGCN+LSTM model. The top figure is for the validation
set and the bottom figure for the test set. . . . . . . . . . . . . . . . . . . . . . . . 87

6.7 Confusion matrix for HOI-GCN+LSTM model. The top figure is for the validation
set and the bottom figure for the test set. . . . . . . . . . . . . . . . . . . . . . . . 88

v



LIST OF TABLES

Table Number Page

3.1 Comparative performance measures of different action segmentation methods on
the TUM Kitchen dataset for camera # 2. . . . . . . . . . . . . . . . . . . . . . . . 28

3.2 Comparative performance measures of different action segmentation methods on
the complete UW IOM dataset . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32

3.3 Comparative performance measures of different action segmentation methods on
two additional video datasets. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33

4.1 Average MSE and Spearman’s Coefficient of the activity score prediction over the
validation videos using the STL-PA model. . . . . . . . . . . . . . . . . . . . . . 48

4.2 mAP, edit, and F1-overlap score represented using mean and standard deviation
values over the test videos in the UW-IOM and TUM datasets for different methods
and modalities solving the HAS task. . . . . . . . . . . . . . . . . . . . . . . . . . 49

4.3 Results for the MTL network. mAP, edit, and F1-overlap scores are represented
using mean and standard deviation values over the validation splits in the UW-
IOM and TUM datasets for different activity segmentation methods and modalities.
MSE and Spearman’s coefficient show the model’s performance in predicting the
activity risk scores. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 49

5.1 Description of the symbols used in Algorithms . . . . . . . . . . . . . . . . . . . 61

5.2 mAP, edit, and F1-overlap score represented in mean and standard deviation over
five splits in UW-IOM and TUM datasets for different methods and modalities.
The best results in skeleton and fusion modality are shown in bold. . . . . . . . . . 65

6.1 mAP across classes, edit, and F1-overlap score represented using mean and stan-
dard deviation over the validation set in the UW-IOM dataset for different methods
and modalities. The best results are shown in bold. The results for our best model
was achieved after 12 epoch with the learning rate of 5e − 5. It should be men-
tioned that we consider four validation videos and kept one video for testing, and
the results on the test video are shown in Table 6.2. . . . . . . . . . . . . . . . . . 82

vi



6.2 mAP across classes, edit, and F1-overlap score represented using mean and stan-
dard deviation over the test set (video number 12) in the UW-IOM dataset for
different methods and modalities. The best results are shown in bold. . . . . . . . . 82

vii



GLOSSARY

AI: Artificial Intelligence

AS: Action Segmentation

AQA: Action Quality Assessment

C3D: 3D Convolutional Neural Networks

CNN: Convolutional Neural Networks

EAWS: European Assembly Worksheet

ED-TCN: Encoder-Decoder Temporal Convolutional Network

ENCODER: maps each node of a graph to a low dimensional vector (ENC(v))

ERA: Ergonomics Risk Assessment

FC: Fully Connected

GC: Graph Convolution

GNN: Graph Neural Networks

GGNN: Gated Graph Neural Network

GRU: Gated Recurrent Unit

HOI: Human Object Interaction

HRC: Human Robot Collaboration

HAR: Human Action Recognition

viii



HAE: Human Activity Evaluation

HOI-GCN: Human Object Interaction Graph Convolutional Network

HBS-GCN: Human Body Structure Graph Convolutional Network

HPA: Human Postural Assessment

HAS: Human Activity Segmentation

HAR: Human Action Recognition

IMAGENET: A dataset that offers tens of millions of cleanly sorted images for various concepts

LSTM: Long-Short-Term-Memory

MPNN: Message Passing Neural Network

MTL: Multi-Task Learning

NLP: Natural Language Processing

NN: Neural Network

P-GCN: Pyramidal Graph Convolutional Network

PA: Postural Assessment

POSECNN: A deep architecture that represents very good feature for images including humans

RBF: Radial Basis Function

REBA: Rapid Entire Body Assessment

RNN: Recurrent Neural Network

RELU: Rectified Linear Unit (ReLU)

SIMILARITY FUNCTION: specifies how relationships in vector space map to relationships in the
original network (similarity(u, v))

ix



SLA: Static Learning Algorithm

STL: Single-Task Learning

ST-HGCN: Spatio-Temporal Hierarchical Graph Convolutional Network

ST-GCN: Spatio-Temporal Graph Convolutional Network

ST-PGN: Spatio-Temporal Pyramid Graph Convolutional Network

TCN: Temporal Convolutional Network

TUM: Technical University of Munich

UW-IOM: University of Washington Indoor Object Manipulation

VGG16: A powerful deep architecture that in this thesis is pre-trained on ImageNet dataset

x



ACKNOWLEDGMENTS

Firstly, I would like to express my sincere gratitude to my advisor, Prof. Ashis G. Banerjee for

the continuous support of my Ph.D. and research, for his patience, motivation, and allowing me to

grow in multiple dimensions and expand knowledge beyond my Ph.D. research. I also appreciate

Amazon Robotics as well as the Washington State Department of Labor and Industry for supporting

my research.

I would also like to thank the rest of my Ph.D. committee members, Profs. Steven Brunton,

Santosh Devasia, Sawyer Fuller, and Mehran Mesbahi for their insightful comments and encour-

agement, which incented me to widen my research from various perspectives. In addition, I would

like to thank Wanwisa Kisalang the Mechanical Engineering Graduate Student Advisor for her

kind support and the joy that she brings to the department.

I would like to thank all my collaborators at the Amplifying Movement and Performance Lab-

oratory at the University of Washington, specifically Profs. Sam Burden and Lillian Ratliff. Many

thanks to Dr. Behzad Dariush at Honda Research Institute (HRI-USA) and Dr. Franziska Meier at

Facebook AI Research (FAIR) for their guidance during my internships.

I should thank the University of Washington (UW) for providing diverse resources for students

and acknowledging students who leverage from the available opportunities to grow different di-

mensions of their personalities. I was honored to be selected as one of the Husky 100 cohort 2020

for leveraging the academic, entrepreneurship, and mindfulness resources as well as my efforts

toward improving the experience of students on campus. And learning that UW recognizes my

dedication to academic- as well as self-development was the most heartwarming moment of my

Ph.D.

For the past two years, I have been taking Yoga classes at UW Recreation to help myself keep

xi



alive the spiritual aspect of my life. This program has made me physically and mentally healthier.

I truly appreciate Danny Arguetty’s hard work for creating the philosophy behind this program and

recruiting exceptional instructors. All the good experience and the joy of sharing it with others

encouraged me to enroll in the “Yoga Teacher Training” program at UW Recreation and now I am

a Yoga instructor teaching at UW Recreation, which would not be possible without the support of

the UW community.

In addition, I would like to thank my family: my dear parents, Parvaneh and Javid, and my

sweet little sister Niusha for their unconditional love and support throughout my life. Last but

not least, a special thanks to the love of my life Siavash who has always seen the best in me and

encouraged me in any endeavor.

xii



DEDICATION

to the light of my life,

to my dear mom, Parvaneh

xiii



1

Chapter 1

INTRODUCTION

1.1 Motivation

In toady’s fast growing technology market, Artificial Intelligence (AI) applications are rapidly

increasing, and among them HAR has received great interest. Applications of HAR are numerous

and vary from anomaly detection in surveillance systems, self-driving cars, sport analytics, human

robot interaction, and many more. In designing autonomous systems interacting with humans, the

accuracy of the the systems’ perception of human activities become even more crucial in order to

insure safety.

Figure 1.1: The scenario of a robot recognizing that a human operator is in danger of injuring

him/herself and going to offer assistance.

.Still there is a long journey to realize the dream of having robots helping humans out in difficult

tasks. For a robot to be trusted to work near humans it has to be safe. These robots must be capable

of understanding humans’ behaviour/actions to perceive their needs. In addition, they must be able

to respond/act accordingly. This thesis is motivated by the first requirement, and tries to explore

the challenges regarding robot perceptions of human actions from video data.
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1.2 Human Activity Recognition

Human Action Recognition is often associated with recognizing human activities in data that is

coming from sensory data [18, 149]. In vision-based HAR the information is coming from video

data. Human activity refers to the movement(s) of one(multiple) human body parts to accomplish

a goal. In [144], human activities are broken down into 6 categories.

Figure 1.2: Decomposition of human activities. Picture is taken from [144].

.
Gestures are referred to primitive movements of the body parts of a person and may be a part of

another action [157]. Group actions are activities performed by a group of people [141]. Human

behaviors refer to movements of actions that are associated with specific emotions, personality, and

psychological state mind [80]. Events are high-level activities describing social activities among a

group of people [63]. Atomic actions are distinct movements/actions that comprise a more complex

activity of a person [89]. Human-to-object or human-to-human interactions are human activities

that involve other people or objects [102]. For any activity category of choice, HAR should be able

to classify similar actions with same objective correctly regardless of the person or style.

As shown in Figure 1.3, HAR methods are categorized, based on the input modalities, in two

main categories, Unimodal and Multimodal [144]. This thesis is focused on unimodal space-time
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problems based on video data, which are also called vision-based HAR problems.

Figure 1.3: Hierarchical categorization of human activity recognition methods based on difference

in data modalities. Uni-modal refers to methods using one source of information and multimodal

methods use multiple sources of data. Picture is taken from [144].

.
Other ways of categorizing HAR methods is based on feature extraction process (Figure 1.4).

Methods based on Handcrafted features rely on human insight and prior knowledge about data

to extract discriminating features. Designing hand crafted features is time-consuming but it often

results in accurate performance on the selected dataset. Recently, feature learning has started to

become popular in vision-based HAR applications. Besides, many of the learning-based action

recognition approaches rely on the end-to-end learning which consists of transformations from

pixel-level to action classes. For more information refer to [9].

Figure 1.4: Vision-based Human activities recognition approaches. Picture is taken from [9].

.
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Vision-based HAR has become an important topic in the computer vision community. It is involved

in the development of many important applications such as virtual reality [122], human computer

interaction (HCI) [63], security [125], video surveillance and home monitoring [5, 110, 113, 120,

121, 154]. A wide range of the activity recognition methods are directly linked to a specific ap-

plication domain, hence, many efforts has been put to review the research trajectory in the field of

vision-based HAR [9, 59, 113, 149, 161].

Many approaches in video-based HAR report state-of-the-art results for recognizing short-term

actions in manually clipped videos. The main downside of these approaches is that they are not

applicable in real world settings. The challenge is different when it comes to understanding daily

tasks in long-term videos. Long videos contain several complex activities and these activities are

difficult to model because each individual perform these task in their own way. Another challenge

is that the starting and ending time of each task are overlapping and often result of many False

Negatives or False Positives predictions, which is studied in [88].

1.3 Why Deep Learning

In solving HAR problems, the goal is to find a mapping from the robot’s observations (video

stream) to robot’s perception (activity labels) of human actions, given a set of {observations, cor-

rect perceptions}. In mathematics, finding a mapping function is referred to as a function approxi-

mation problem.

Many often, regardless of the research domain, we face the problem of function approximation.

In general, function approximation is to select a function among a well-defined class that closely

approximates our observations. This is a general terminology and one can break it down into two

major classes of one, where the target function is known and when it is unknown. The former has

been treated by the numerical analysis which is a branch of the approximation theory [3], which is

concerned with how functions can be approximated with simpler function and how to characterize

the error properties.

In the second class, the explicit formula of the function is unknown and only a set of paired

points are available. In this case depending on the domain (input) and codomain (output) of the
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target function several techniques have been developed for approximation. For example, if the

function operates on the real numbers, we can use techniques like regression analysis or curve

fitting to find the input-output mapping. While if the codomain is a finite set we need to use

classification techniques.

Consider the challenging task of robot scene understanding, specifically HAR. This task can

be formulated as a problem of finding a function that maps video frames to a notion of action,

which is a mapping from a matrix or a sequence of matrices to a label (categorical data). This

is an extremely involved process because there are infinite features one can extract only from an

image even without considering the sequential dependencies between those images. It was only

after the introduction of Neural Networks (NN) that approximating functions operating on the

infinite domain became possible. Especially, with the Convolutional Neural Networks (CNN) we

can reduce the information of an image or a video and extract lower dimensional features.

1.4 Overview and Contributions of the Thesis

As mentioned earlier in this chapter, to achieve real-world application capability we need to de-

velop algorithms that can tackle the challenges come with long-term videos. Therefore, in this

thesis two important class of task in HAR are considered. First, the Human Activity Segmenta-

tion (HAS), and Second, early-/online-HAR problems.

Part I: Human Activity Segmentation

Temporal segmentation of human activities into atomic actions is central to the understanding

and building computational models of human motion and activity recognition [134]. The main

difficulty of HAS stems from the large intra-person physical variability and the irregularity in

periodicity of human activities. In addition, there are exponential number of possible movement

combination.

In this thesis, we add the flavour of Human Activity Evaluation (HAE) to the HAS problem.

In that we are interested in temporally segment the videos into semantically distinct actions and be

able to determine the ergonomics risk associated with each activity. Ergonomics Risk Assessment
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(ERA) is the process of evaluating human movements to calculate a risk score indicating the level

of ergonomics risk (more details can be found in Chapter 2).

In Chapter 3, we present a new dataset we collected, UW-IOM, that includes activities like

picking-up a box, reaching, bending, walking, and etc. In addition we use the skeleton detected

using a Kinect sensor to evaluate a popular industry metric for ERA called Rapid Entire Body As-

sessment (REBA) for each frame. The REBA scores are averaged for each atomic action and are in-

tegrated into the activity labels. A Encoder-Decoder Temporal Convolutional Network (ED-TCN)

is implemented to semantically segment the videos. Multiple feature representation are used as the

backbone of the algorithm and the comparison of the results is reported.

In Chapter 4, we present a novel Multi-Task Learning (MTL) approach for learning to both

HAS and ERA task simultaneously. Our proposed framework comprises a Graph Convolutional

Network (GCN) backbone and an Encoder-Decoder Temporal Convolutional Network (ED-TCN)

for the activity segmentation head and a Long-Short-Term-Memory (LSTM)-based head for activ-

ity assessment. The contribution of our work is threefold. First, we introduce a novel combination

of GCN with ED-TCN for activity segmentation in long videos that outperforms state-of-the-art

results on the UW-IOM dataset. Second, our MTL-emb method initiates a line of research for

more informed activity assessment by fusing activity embedding with spatial features for ERA.

Third, we present a way to use the skeletal information for activity assessment in a Multi-Task

Learning (MTL) framework that may enable generalization across a variety of environments and

leverage anthropometric information.

Part II: Online-Human Activity Recognition

This part of the thesis is devoted to the online-HAR. In Chapter 5, we propose a novel real-time

Spatio-Temporal Pyramid Graph Convolutional Network (ST-PGN) for action recognition that en-

ables the use of features from all levels of the skeleton feature hierarchy. ST-PGN, designed with

a feature pyramid architecture enables the model to capture the correlation between body parts,

rather than hand-coding body-part relations. We test the performance of the model on two public

benchmark datasets typically used for postural assessment (TUM and UW-IOM) as well as Ki-
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netics and NTU-RGBD datasets. We show that the algorithm is also able to learn the transitions

between actions and is suitable for real-time applications. As compared to the state-of-the-art algo-

rithms such as ST-GCN [156], our model has fewer graph convolution kernels without sacrificing

performance. Finally, we enhance the pipeline with postural assessment methods (REBA [43]) that

use the online action recognition output of our model to produce ergonomics risk estimates. We

propose, this combined action-risk architectural design as a first step towards automated assess-

ment of musculoskeletal disorders in occupational safety.

In Chapter 6, first, we introduce a novel hierarchical graph structure to handle temporal non-

Euclidean datasets, in which the nodes are non-Euclidean themselves. Second, Inspired by Radial

Basis Function (RBF), we define an adjacency function in real-time for the Human Object Inter-

action Graph Convolutional Network (HOI-GCN). Third, We leverage our ST-HGCN architecture

to solve an early activity recognition problem that, to the best of our knowledge, has not been ex-

plored in the context of HOI. We evaluate our algorithm on the UW-IOM dataset, and show that

it not only significantly outperforms the state-of-the-art, but also converges faster than the already

existing methods. In addition, we demonstrate how our proposed method can be applied to any

custom dataset—possibly created for real industrial applications.

In the next chapter, provides the required background knowledge for the technical chapters of

the thesis. we summarize the related research on HAS, online-/early-HAR, ERA, and GCN. And

finally, in chapter 7 we discuss the key takeaways from the presented research and the potential

future directions.
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Chapter 2

LITERATURE REVIEW

Human Action Recognition (HAR) is an important topic in computer vision that represents a broad

category of problems dealing with identifying human activity in images or videos. In this chapter

we review works related to Human Activity Segmentation (HAS) and early-HAR. HAS focuses

on semantically segmenting a video into predefined classes of human activity. On the other hand,

early-Human Action Recognition (HAR) is the task of identifying human activities after the obser-

vation of a few frames from a video. The application of these categories has extended to solving

Human Activity Evaluation (HAE) tasks, in which the goal is to determine how well activities are

performed. Later in the chapter we discuss the developments for this application, and specifically

talk about automated Ergonomics Risk Assessment (ERA).

2.1 Human Activity Recognition and Object Interaction

2.1.1 Human Action Recognition

Human Action Recognition (HAR) is the task of identifying the human activity within an image or

a video. Video-based HAR itself can be categorized into three major problems. The first category is

video action segmentation (sometimes referred to as action detection or offline action recognition),

which is the task of localizing action labels in untrimmed videos or classifying the entire video clip

with one label [15, 126, 135, 139, 140, 156, 164]. There has been significant effort on solving this

category of problems [15, 47, 62, 132]. Usually, the preferred method for modeling the temporal

properties of the videos is to use variations of temporal convolutions [6, 64], since they can better

aggregate long temporal relations compared to RNN-based methods.

The second category of video-based HAR is online action recognition [99]. In these problems,

the goal is to identify actions in an ongoing, partially observed videos that include multiple action
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classes [77, 78, 131]. In Chapter 5 and 6, our focus would be mainly on this type of problems due

to the relevance of industrial applications, for instance, analyzing surveillance videos. We seek a

scheme that performs well on any sample clip from a video sequence, regardless of the number of

activity classes.

Regarding the feature representation, skeletal action recognition has recently received immense

attention in the computer vision community. Human pose and relative motion of the body parts

convey key information about the human action. Many efforts have been dedicated to improve

the human dynamic modeling using GCN and leveraging that in solving HAR problems [66, 128,

156, 160]. The advantage of using skeleton-based methods is that they are robust to variations

in illumination or color. Nonetheless, the drawback of using such methods is that crucial scene

information are often missing. In many activities, the differentiating factor is an element within

the scene, namely, an object that is being manipulated.

Despite the significance of the embedded information within the scene, only a few methods

illustrate a way to incorporate the dynamic scene representation into the action recognition prob-

lems. Parsa et al. [99] propose a fusion mechanism using VGG16 network to combine scene

feature with the one for the pose. Zhou and Chi [167] present a method that captures the relation-

ship between the object and the body part in a object-bodypart graph and the relationship between

body parts with a human-bodypart graph for solving HOI detection in images. To the best of our

knowledge, no methodology has been developed for skeleton-based online-HAR that incorporates

dynamic scene information using a GCN. In Chapter 6, we propose a ST-HGCN scheme to solve

online-HAR. Our model not only addresses the relations between human body parts, but also

incorporates dynamic scene information.

Other attempts to address online early action recognition for indoor datasets are [77, 78, 131],

which use PKU-MMD dataset [76] and OAD dataset [71]. However, the focus of those works is

on modelling the temporal evolution of poses and early prediction of future actions. Rather than

predicting future pose streams, our aim is to instead classify incoming pose streams. It is imperative

to capture local label transitions (reaching to pickup) by exploiting subtle pose cues and temporal

sequence understating. Moreover, as evidenced by our ST-GCN [156] experiments, offline models
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do not translate well to online settings. Hence, in Chapter 6 we propose a hierarchical architecture

that can do these tasks jointly in an online manner.

2.1.2 Skeleton-based Action Recognition

With advances in reliable pose estimation models [14, 117, 163], skeleton only action recognition

has gained popularity [66, 117, 128, 156, 160]. Those methods have shown to be robust to vari-

ations in illumination and scene, and are typically context agnostic. One limitation of previous

methods is that they do not use the necessary features from scene context or object handling which

give more meaning to the actions (e.g. walking on crosswalk means crossing verses walking in-

doors, lifting box vs lifting rod). Using scene only cues limits models from capturing complex

pose dynamics and relative pose structure changes (e.g. hand moving in relation to torso means

reaching for object). In this regard [156] is, to our knowledge, the first method to operate on a local

pose structure graph. For more literature on various action recognition techniques we recommend

[146].

Skeleton-based action recognition methods not only facilitate the design of generalizable solu-

tions for various environments, they also provide the opportunity to study downstream applications

such as human performance analysis. The information about human-objects relations inferred from

HOI, on the other hand, create the opportunity to design algorithms for better scene understanding

such as process fidelity assessment in manufacturing. In this work, we leverage the skeleton-based

activity representation as well as the human-object relations to design a generalizable algorithm for

solving online-HAR problems. Here, we summarize the related work to our proposed ST-HGCN

method in the literature of HAR and HOI.

GCNs was developed to process data belonging to non-Euclidean spaces [151]. GCNs are

the most intuitive choice for human body kinematics since the commonly-used independent and

identically distributed random variable assumption is not applicable. Spatio-Temporal Graph Con-

volutional Networks (ST-GCN) introduced a powerful tool for analyzing human motions in videos,

and has been utilized in several computer vision applications [54, 69, 128, 156]. However, most

of these works focus on solving Human Action Recognition (HAR) problems. Recently, [99] in-
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troduced a Spatio-Temporal Pyramid Graph Network (ST-PGN) for early action recognition. They

also used the predicted activity labels to enhance ERA that was computed using 3D skeletal recon-

struction. In this work, we leverage a GCN backbone to learn the joint embedding and use that to

directly predict the ergonomics risks rather than solving it as a separate problem.

Graph convolution network (GCN) is a powerful method for processing non-Euclidean spaces

[151]. Since the skeleton structure is inherently represented as a graph with nodes and connections,

GCN is increasingly being used for analyzing human motion for different applications. Spatio-

temporal graph convolutions add another dimension to GCN by applying convolutions over spatial

domain, and temporal convolutions (TCN) over the time domain in a sequential manner. Most

related work in skeleton based action recognition include [54, 69, 128, 156]. The first three papers

focus on graph convolution on temporal skeleton sequences. However, they do not model the

hierarchical parts structure in graphs.

Recently, Kim et al. [54] introduced a two-stream method for human action recognition. They

used a human pose stream based on ST-GCN and an object-related pose stream which is achieved

by training an object detector on the set of objects of their interest. Similarly, in chapter 5, we

fuse the object/context features along with pose dynamics. However, we focus on enhancing the

skeleton features and treat objects as features from VGG16. We propose an alternative strategy for

fusion inspired by GRU. The focus is to avoid confusion between objects handled in the labels,

for instance, pose configuration for picking up a rod and picking up a box look similar and can be

classified incorrectly.

2.1.3 Human Object Interaction

Human Object Interaction (HOI) is the task of inferring relationships between human and ob-

jects, such as “lifting a box” or “washing a car”. In general, the task is to detect the triplet of

(human, verb, object), however, the HOI problems are often laid out such that an object affor-

dance is predicted—in addition to the human’s activity. Inference of such complex relations re-

quires meticulously crafted datasets such as HICO-DET [17], V-COCO [39], and CAD-120 [60]

just to name a few. The features that represent the scene elements—including the human—are of-
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ten emanated from the feature representations driven from object detection backend. Also, human

pose has rarely been leveraged in HOI problems. Recently, Wan et al. [145] proposed a method that

utilizes human body parts and objects relation to enhance the performance of their HOI detection

model on images.

Another aspect of the HOI that has not been fully studied is a dynamic scene, in which the num-

ber of objects can be different in every frame. Qi et al. [112] propose a Graph Parsing Neural Net-

work for solving temporal HOI problems and they use CAD-120 [60] to test their spatio-temporal

algorithm. CAD-120 dataset has a particular characteristics where, each activity is represented by

an average of 8 frames, and also, same number of objects are present in each clip. Furthermore,

the order of the objects within CAD-120 remains fixed which, in turn, simplifies the construction

of the adjacency matrix. This dataset is not applicable to our setup, as our algorithm is specifically

designed for long videos. In Chapter 6, we present a ST-HGCN, which makes it possible to tackle

HOI for an online setting and with a dynamic scene.

2.2 Human Activity Evaluation

Also known as Action Quality Assessment, HAE focuses on designing models that are able to

learn a mapping between human body dynamics and the completion quality of the performed

actions based on an accepted metric or a template sequence (refer to [67] for further literature

on early methods with handcrafted features). The majority of deep learning approaches to HAE

have focused on using 3D Convolutional Neural Networks (C3D) [139] and Pseudo-3D Networks

(P3D) [152] to extract spatio-temporal features that are fed into a regression unit. One of the recent

works in applications for physical therapy, [74], proposed a framework including performance

metrics, scoring functions, and different neural network architectures for mapping joint coordinates

to the activity score. Similarly, [97] used C3D to extract spatio-temporal features and conducted

performance score regression using a LSTM unit for data from Olympic events. Despite the value

of all these works in initiating the use of computer vision techniques for HAE in rehabilitation and

sports, the proposed methods are highly dependent on the context of the video frames. Moreover,

the learned mapping between the frames and the score does not incorporate the effect of human
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body kinematics.

Recently, there have been efforts in leveraging human body kinematics in designing deep ar-

chitectures for evaluating surgical skills [31]. This work uses 75 dimensional kinematic data (3D

coordinates plus velocities) of two surgical tools being manipulated by surgeons and classifies the

skill level into expert, intermediate, and novice. Joint relation graph has been utilized to assess the

performance of athletes in Olympic events [93]. The proposed joint relation graph is a spatial GCN

with node features that are outputs of I3D [15] on image patches containing the human joints.

Parmar and Morris’s work [93] is the most similar work to our paper. They propose a multi-

task framework utilizing spatio-temporal features to solve action recognition, commentary gen-

eration, and HAE score estimation for Olympic events. However, the focus of their work is on

short video classification, where each clip includes only one activity, namely, diving of one athlete.

In contrasts, our focus is on localizing actions in a long video while simultaneously inferring the

ergonomics risk of human posture at every frame.

2.3 Ergonomics Risk Assessment

One of the key considerations for viable human-robot collaboration (HRC) in industrial settings

is safety. This consideration is particularly important when a robot operates in close proximity

to humans and assists them with certain tasks in increasingly automated factories and warehouses.

Therefore, it is not surprising that a lot of effort has gone into identifying and implementing suitable

HRC safety measures [159]. Typically, the efforts focus on designing collaborative workspaces

to minimize interferences between human and robot activities [87], installing redundant safety

protocols and emergency robot activity termination mechanisms through multiple sensors [87],

and developing both predictive and reactive collision avoidance strategies [115]. These efforts

have resulted in the expanded acceptance and use of industrial robots, both mobile and stationary,

leading to increased operational flexibility, productivity, and quality [82].

A key factor in achieving safe HRC is accurate robotic perception of humans actions and their

potential risks. Specifically, perceiving (assessing) the ergonomic risks of human actions is an

extremely important topic that has not received much attention until recently [35, 70]. Unlike
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other commonly considered safety measures, a lack of ergonomic safety does not lead to immediate

injury concerns or fatality risks. It, however, causes or increases the likelihood of causing longterm

injuries in the form of musculoskeletal disorders (MSDs) [42]. According to a recent report by the

U.S. Bureau of Labor Statistics, there were 349,050 reported cases of MSDs in 2016 just in the

U.S. [90], leading to tens of billions of dollars in healthcare costs.

Most organizations use conventional ergonomic risk assessment methods, which are based

on observations and self-reports, making them error-prone, time consuming, and labor-intensive

[133]. More recently, researchers have started exploring alternative sensor-based automated as-

sessment methods. For example, Li et al. [68] used distributed surveillance cameras and body-

mounted motion sensors for this purpose. Shafti et al. [124] used an RGB-D camera to extract the

skeletal information of the arm and understand the safe range of arm motions and give feedback

on the subjects performance during welding. Kim et al. [55] introduced a reconfigurable HRC

workstation to monitor and adjust the ergonomic risks of working with power tools in real time

using a stereovision camera.

From a methodological perspective, deep learning has become popular in assessing the risks

of performing occupational tasks, especially in the construction industry [26, 29]. Outside of the

construction sector, Abobakr et al. [2] employed deep residual convolutional networks (CNNs) to

predict the joint angles of manufacturing workers from individual camera depth images. Mehrizi

et al. [85] proposed a multi-view based deep perceptron approach for marker-less 3D pose esti-

mation in the context of object lifting tasks. While all these works present useful advances and

report promising performances, they do not provide a general-purpose framework to predict the

ergonomic risks for any representative set of object manipulation tasks commonly performed in

the industry.

Manufacturing assembly is another well studied area for ergonomics risk analysis [22, 79,

106, 109, 118, 130]. Rapid Entire Body Assessment (REBA) [44] and the European Assembly

Worksheet (EAWS) [123] are two common ergonomics risk measures used in the industry. REBA

is a tabular method created by experts in ergonomics by evaluating over 600 postural examples.

REBA is a less qualitative measure for ergonomics risk assessment which takes the human joint
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angles and computes a risk score. EAWS, however, is focused at the type of activity that is done

during an assembly task. Both metrics are traditionally determined visually, by an expert observing

the action.

One line of research is focused on using body-mounted motion sensors for automation of er-

gonomics risk assessment [68, 79]. Recently, [81] introduces a dataset which is very useful for

studying ergonomics for collaborative robotics application. Another track focuses on using only

a camera sensor for evaluating the safety of an activity. For instance, in [124] an RGB-D camera

is used to find a safe range for arm movements and give feedback on the subjects’ performance

during welding. In [55] a camera is used to monitor and adjust the ergonomics risks of working

with power tools in real-time. Moreover, in [100], an offline method is introduced to segment a

video into semantically meaningful actions and report an ergonomics risk level for each action.

Improved ergonomics risk assessment can be attained by considering not only the posture, but

also the action and object interaction. In this thesis, along with our effort to advance activity recog-

nition algorithms, we present ways to leverage these HAR methods for automated ergonomics

risk assessment. In Chapter 3, the ERA problem is taken as an action localization problem and

Temporal Convolutional Network (TCN) is used to segment the videos into tasks with different

risk labels. The ergonomics risk is computed offline and the dataset is labeled with high-, medium-

, and low-risk labels. In Chapter 4, on the other hand, introduces a multi-task Human Postural

Assessment (HPA) framework that predicts ergonomics risk directly from human pose with the

help of HAS as an auxiliary task. In Chapter 5, we compute REBA frame-wise and use the recog-

nition predictions to adjust the scores. The proposed activity recognition algorithm predicts the

postures and actions, and identifies object interactions and the height at which the activity is being

performed, which are important for REBA calculation.
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Part I

HUMAN ACTIVITY SEGMENTATION
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Chapter 3

ENCODER-DECODER TEMPORAL CONVOLUTIONAL NETWORK

Automated real-time prediction of the ergonomic risks of manipulating objects is a key unsolved

challenge in developing effective human-robot collaboration systems for logistics and manufac-

turing applications. In this chapter, We present a foundational paradigm to address this challenge

by formulating the problem as one of action segmentation from RGB-D camera videos. Spatial

features are first learned using a deep convolutional model from the video frames, which are then

fed sequentially to temporal convolutional networks to semantically segment the frames into a hi-

erarchy of actions, which are either ergonomically safe, require monitoring, or need immediate

attention. For performance evaluation, in addition to an open-source kitchen dataset, a new dataset

was collected comprising twenty individuals picking up and placing objects of varying weights to

and from cabinet and table locations at various heights. Results show very high (87-94)% F1 over-

lap scores among the ground truth and predicted frame labels for videos lasting over two minutes

and comprising a large number of actions. In the following sections, We start by discussing the

deep learning methods that We adapted for solving this problem, then, We introduce the datasets,

and lastly We illustrate the experimental details and discuss the results.

3.1 Background

One of the key considerations for viable human-robot collaboration (HRC) in industrial settings

is safety. This consideration is particularly important when a robot operates in close proximity

to humans and assists them with certain tasks in increasingly automated factories and warehouses.

Therefore, it is not surprising that a lot of effort has gone into identifying and implementing suitable

HRC safety measures [159]. Typically, the efforts focus on designing collaborative workspaces

to minimize interferences between human and robot activities [87], installing redundant safety



18

protocols and emergency robot activity termination mechanisms through multiple sensors [87],

and developing both predictive and reactive collision avoidance strategies [115]. These efforts

have resulted in the expanded acceptance and use of industrial robots, both mobile and stationary,

leading to increased operational flexibility, productivity, and quality [82].

A key factor in achieving safe HRC is accurate robotic perception of humans actions and their

potential risks. Specifically, perceiving (assessing) the ergonomic risks of human actions is an

extremely important topic that has not received much attention until recently [35, 70]. Unlike

other commonly considered safety measures, a lack of ergonomic safety does not lead to immediate

injury concerns or fatality risks. It, however, causes or increases the likelihood of causing longterm

injuries in the form of musculoskeletal disorders (MSDs) [42]. According to a recent report by the

U.S. Bureau of Labor Statistics, there were 349,050 reported cases of MSDs in 2016 just in the

U.S. [90], leading to tens of billions of dollars in healthcare costs.

Most organizations use conventional ergonomic risk assessment methods, which are based

on observations and self-reports, making them error-prone, time consuming, and labor-intensive

[133]. More recently, researchers have started exploring alternative sensor-based automated as-

sessment methods. For example, Li et al. [68] used distributed surveillance cameras and body-

mounted motion sensors for this purpose. Shafti et al. [124] used an RGB-D camera to extract the

skeletal information of the arm and understand the safe range of arm motions during welding. Kim

et al. [55] introduced a reconfigurable HRC workstation to monitor and adjust the ergonomic risks

of working with power tools in real time using a stereovision camera.

From a methodological perspective, deep learning has become popular in assessing the risks

of performing occupational tasks, especially in the construction industry [26, 29]. Outside of the

construction sector, Abobakr et al. [2] employed deep residual convolutional networks (CNNs) to

predict the joint angles of manufacturing workers from individual camera depth images. Mehrizi

et al. [85] proposed a multi-view based deep perceptron approach for markerless 3D pose esti-

mation in the context of object lifting tasks. While all these works present useful advances and

report promising performances, they do not provide a general-purpose framework to predict the

ergonomic risks for any representative set of object manipulation tasks commonly performed in
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the industry.

Here, we present a first of its kind end-to-end deep learning system for ergonomic risk assess-

ment during indoor object manipulation using camera videos. Our learning system is based on

action segmentation, where an action class (with a corresponding risk label) is predicted for every

video frame.

Representative works on this topic include that by Fathi et al. [30], who showed that state

changes at the start and end frames of actions provided good segmentation performance. Kuehne

et al. [61] used reduced Fisher vectors for visual (spatial) representation of every frame, which

were then fitted to Gaussian mixture models. Huang et al. [46] presented a temporal classification

framework in the case of weakly supervised action labeling. Ghosh et al. [33] recently devel-

oped a graph-based spatiotemporal CNN to exploit environmental cues for better segmentation.

Along similar lines, our method uses a combination of spatial and temporal CNNs to achieve good

segmentation performance.

In addition, we present a new benchmark dataset, called the University of Washington In-

door Object Manipulation (UW IOM) dataset, for vision-based ergonomic risk assessment studies.

Given an acceptable ergonomic risk model, we then show that our end-to-end system satisfactorily

predicts the risks of actions in test videos. The goal of our system, therefore, is to enable the col-

laborative robots to accurately detect the risky manipulation actions so that they can perform these

actions, allowing the humans to instead engage in supervisory control or cognitively challenging

tasks.

3.2 Ergonomic Risk Assessment Model

We use a well-established ergonomic model, known as the rapid entire body assessment (REBA)

model [44], which is popularly used in the industry. The REBA model assigns scores to the human

poses, within a range of 1-15, on a frame-by-frame basis by accounting for the joints motions and

angles, load conditions, and activity repetitions. An action with an overall score of less than 3

is labeled as ergonomically safe, a score between 3-7 is deemed to be medium risk that requires

monitoring, and every other action is considered high risk that needs attention.
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Skeletal information for the TUM Kitchen dataset [136] is available in the bvh (Biovision

Hierarchy) file format. We use the bvh parser from the MoCap Toolbox [12] in MATLAB to read

this information as the XYZ coordinates of thirty three markers (joints and end sites) corresponding

to every frame. For the UW IOM dataset, the positions of twenty five different joints are recorded

directly in the global coordinate system for each frame using the Kinect sensor with the help of

a toolbox [138] that links Kinect and MATLAB. For every frame, the vectors corresponding to

different body segments such as fore-arm, upper-arm, leg, thigh, lower half spine, upper half spine,

and so on, are computed. The extension, flexion, and abduction (as applicable) of the various body

segments are computed by taking the projection of the two body segment vectors that constitute

the angle on the plane of motion. These angles of extension, flexion, and abduction are used to

assign the trunk, neck, leg, upper arm, lower arm, and wrist scores [44].

We define three different thresholds as a part of our implementation, namely, zero threshold,

binary threshold, and abduction threshold. Zero threshold is used for trunk bending, such that any

trunk bending angle less than this value is regarded as no bending. Binary threshold is defined

to answer whether the trunk is twisted and/or side flexed. Trunk twisting and trunk side flexion

less than this value are ignored. Abduction threshold, though similar to the binary threshold, is

separately defined for shoulder abduction considering the considerably larger allowable range of

abduction (about 150◦) as against a smaller allowable range of trunk twisting. Due to the non-

availability of rotation information of the neck, We assume that the neck is twisted when the trunk

is twisted, which is not entirely unreasonable. The nature of the performed actions does not involve

arm rotations, and they are ignored while computing the upper arm score.

The computed trunk, neck, leg, upper arm, lower arm, and wrist scores are used to assign the

REBA score on a frame-by-frame basis using lookup tables [44]. The REBA scores assigned for

each frame are then aggregated over all the actions and participants, so that We have a constant

risk score for every frame that corresponds to a particular action. This aggregated value is also

considered as the final REBA score for that particular action.
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3.3 Deep Learning Models

3.3.1 Spatial Features Extraction

We adapt two variants of VGG16 convolutional neural network models [129] for spatial feature

extraction. The first model is based on the VGG16 model that is pre-trained on the ImageNet

database [24]. The second model involves fine-tuning the last two convolutional layers of the

VGG16 base that is pretrained on ImageNet. In both the models, the flattened output of the last

convolutional layer is connected to a fully connected layer with a drop-out of 0.5 and then fed into

a classifier. We always use rectified linear units (ReLU) and softmax as the activation functions,

and Adam [56] as the optimizer.

We also use a simplified form of the pose-based CNN (P-CNN) features [20] that only consider

the full images and not the different image patches. Optical flow [11] is first computed for each

consecutive pair of RGB datasets, and the flow map is stored as an image [34]. A motion network,

introduced in [34], containing five convolutional and three fully-connected layers, is then used

to extract frame descriptors for all the optical flow images. Subsequently, the VGG-f network

[19], pre-trained on ImageNet, is used to extract another set of frame descriptors for all the RGB

images. The VGG-f network also contains five convolutional and three fully connected layers.

The two sets of frame descriptors are put together as arrays in the same sequence as that of the

video frames to construct motion-based and appearance-based video descriptors, respectively. The

appearance and motion-based video descriptors are then normalized and concatenated to form the

final video descriptor (spatial features).

3.3.2 Video Segmentation Methods

We use two kinds of temporal convolutional networks (TCNs), both of which use encoder-decoder

architectures to capture long-range temporal patterns in videos [64]. In the first network, referred

as the encoder decoder-TCN, or ED-TCN, a hierarchy of temporal convolutions, pooling, and

upsampling layers is used. The network does not have a large number of layers, but each layer

includes a set of long convolutional filters. We use the ReLU activation function and a categorical
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cross-entropy loss function with RMSProp [1] as the optimizer. In the second network, termed as

dilated-TCN, or D-TCN, dilated upsampling and skip connections are added between the layers.

We use the gated activation function as it is inspired by the WaveNet [142] and Adam optimizer.

We also use two other segmentation methods for comparison purposes. The first method is bidirec-

tional long short term memory, or Bi-LSTM[36], a recurrent neural network commonly used for

analyzing sequential data streams. The second method is support vector machine, or SVM, which

is extremely popular for any kind of classification problem.

3.3.3 Video Segmentation Performance Metrics

In addition to frame-based accuracy, which is the percentage of frames labeled correctly for the

related sequence as compared to the ground truth (manually annotated), We report edit-score and

F1 overlap score to evaluate the performance of the various methods. The edit-score [65] measures

the correctness of Levenshtein distance to the segmented predictions. The F1 overlap score [65],

combines classification precision and recall to reduce the sensitivity of the predictions to minor

temporal shifts between the predicted and ground truth values, as such shifts might be caused by

subjective variabilities among the annotators.

3.4 System Architecture and Datasets

3.4.1 System Architecture

We develop an end-to-end automated ergonomic risk prediction system as shown in Fig. 3.1. The

Figure shows that the prediction works in two stages. In the first stage (top half of the Figure),

which only needs to be done once for a given dataset, ergonomic risk labels are computed for each

object manipulation action class based on the skeletal models extracted from the RGB-D camera

videos. Simultaneously, the videos are annotated carefully to assign an action label to each and

every frame. These two types of labels are then used to learn a modified VGG16 model for the

entire set of available videos. In the second stage (bottom half of the Figure), during training,

the exact sequence of video frames is fed to the learned VGG16 model to extract useful spatial
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Figure 3.1: End-to-end ergonomic risk prediction system

features. The array of extracted features is then fed in the same order to train a TCN on how to

segment the videos by identifying the similarities and changes in the features corresponding to

actions executions and transitions, respectively. For testing, a similar procedure is followed except

that the trained TCN is now employed to segment unlabeled videos into semantically meaningful

actions with known ergonomic risk categories. It is possible to replace the VGG16 model by

another deep neural network model that also accounts for human motions (e.g., P-CNN) to achieve

slightly better segmentation performance at the expense of longer training and prediction times.

3.4.2 Datasets

TUM Kitchen Dataset

The TUM Kitchen dataset [136], consists of nineteen videos, at twenty-five frames per second,

taken by four different monocular cameras, numbered from 0 to 3. Each video captures regular

actions performed by an individual in a kitchen involving walking, picking up, and placing utensils
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to and from cabinets, drawers, and tables. The average duration of the videos is about two min-

utes. The dataset also includes skeletal models of the individual through 3D reconstruction of the

camera images. These models are constructed using a markerless full body motion tracking system

through hierarchical sampling for Bayesian estimation and layered observation modeling to handle

environmental occlusions [7]. We categorize the actions into twenty-one classes or labels, where

each label follows a two-tier hierarchy with the first tier indicating a motion verb (close, open,

pick-up, place, reach, stand, twist, and walk) and the second tier denoting the location (cabinet,

drawer) or mode of object manipulation (do not hold, hold with one hand, and hold with both

hands).

UW IOM Dataset

Considering the dearth of suitable videos capturing object manipulation actions involving awk-

ward poses and repetitions, We collected our own dataset using an Institutional Review Board

(IRB)-approved study. The dataset comprises videos of twenty participants within the age group

of 18-25 years, of which fifteen are males and the remaining five are females. The videos are

recorded using a Kinect Sensor for Xbox One at an average rate of twelve frames per second.

Each participant carries out the same set of tasks in terms of picking up six objects (three empty

boxes and three identical rods) from three different vertical racks, placing them on a table, putting

them back on the racks from where they are picked up, and then walking out of the scene car-

rying the box from the middle rack. The boxes are manipulated with both the hands while the

rods are manipulated using only one hand. The above tasks are repeated in the same sequence

three times such that the duration of every video is approximately three minutes. We catego-

rize the actions into seventeen labels, where each label follows a four-tier hierarchy. The first

tier indicates whether the box or the rod is manipulated, the second tier denotes human motion

(walk, stand, and bend), the third tier captures the type of object manipulation if applicable (reach,

pick-up, place, and hold), and the fourth tier represents the relative height of the surface where

manipulation is taking place (low, medium, and high). Representative snapshots from one of

the videos are shown in Fig. 3.2. Each video is annotated manually using the ANVIL annota-
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tion tool [58]. After annotating all the videos, the frames within the same class are extracted and

checked for accuracy and consistency. The UW IOM dataset is available for free download and use

at: https://data.mendeley.com/datasets/xwzzkxtf9s/draft?a=c81c8954-

6cad-4888-9bec-6e7e09782a01.

3.5 Experimental Details and Results

3.5.1 Implementation Details

For each participant (video), We first compute the REBA score for all the frames. The zero thresh-

old is set to 5◦ and the binary threshold is set to 10◦. To avoid minor shoulder abductions from

contributing substantially owing to Kinect tracking errors, the abduction threshold is chosen as 30◦.

For the UW IOM dataset, we compute the median of the REBA scores assigned to all the frames

belonging to a particular action. We then take the median over all the participants to determine the

final REBA score for that action.

The framewise skeletal information available for the TUM Kitchen dataset has a variable lag

with respect to the video frames, i.e., the skeleton does not lie exactly on the human pose in the

RGB image. Therefore, aggregating over actions and participants according to the RGB image

annotations does not result in meaningful REBA scores. Therefore, the length of both the video

annotations of the RGB frames and the framewise REBA scores are reduced to 100 using a constant

step size of number of frames/100 for every video. Then the average REBA score is computed for

every action in a particular video using the reduced video annotations and framewise scores. For

safety considerations, the maximum score assigned to a particular action among all the videos is

considered as the final REBA score for that action.

The pre-trained VGG16 model for spatial features extraction is trained for 200 epochs with 300

steps per epoch on the TUM Kitchen dataset, and 300 epochs with 300 steps per epoch on the UW

IOM dataset with a step-size of 10−5. The fine-tuned model is trained with the same number of

epochs for the TUM Kitchen dataset but with 500 steps per epoch on the UW IOM dataset with

300 steps per epoch and a step-size of 10−7. The number of training and validation samples for the

https://data.mendeley.com/datasets/xwzzkxtf9s/draft?a=c81c8954-6cad-4888-9bec-6e7e09782a01.
https://data.mendeley.com/datasets/xwzzkxtf9s/draft?a=c81c8954-6cad-4888-9bec-6e7e09782a01.
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Figure 3.2: Representative video frames depicting actions with different ergonomic risk levels in

our own UW IOM dataset
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TUM Kitchen dataset are 24,052 and 5,290, respectively. For the UW IOM dataset, We train over

27,539 samples and validate over 6,052 samples. The models are learned using the TensorFlow

machine learning software library [137] and Python-based Keras [53] neural network library as the

backend. To implement the simplified P-CNN model, We modify the MATLAB package provided

with [20].

We evaluate the performance of the four segmentation methods by splitting our datasets into

five splits, in each of which, the videos are assigned randomly to mutually exclusive training and

test sets of fixed sizes. For both the TCN methods, training is terminated after 500 epochs in each

of the splits as the validation accuracy stops improving afterward. We use a learning rate of 0.001

for both the methods. D-TCN includes five stacks, each with three layers, and a set of {32, 64, 96}

filters in each of the three layers. Filter duration duration, defined as the mean segment duration

for the shortest class from the training set, is chosen to be 10 seconds. Similarly, training for Bi-

LSTM is terminated after 200 epochs for each split as the validation accuracy does not change any

further. Bi-LSTM uses Adam optimizer with a learning rate of 0.001, softmax activation function,

and categorical cross-entropy loss function. We choose a linear kernel to train the SVM and use

squared hinge loss as the loss function. All the training and testing are done on a workstation

running Windows 10 operating system, equipped with a 3.7GHz 8 Core Intel Xeon W-2145 CPU,

GPU ZOTAC GeForce GTX 1080 Ti, and 64 GB RAM.

3.5.2 Results

Ergonomic Risk Assessment Labels

For the TUM Kitchen dataset, fifteen actions are labeled to be medium risk, while the remaining six

are deemed as high risk. The high risk actions are associated with closing, opening, and reaching

motions, although there is no perfect correspondence due to a lack of fidelity of the skeletal models

on which the risk scores are based upon.

In case of the UW IOM dataset, three actions are labeled as low risks, eleven actions are

considered medium risk, and the remaining three are identified as high risk. The high risk actions
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Table 3.1: Comparative performance measures of different action segmentation methods on the

TUM Kitchen dataset for camera # 2.

Method Accuracy (%) Edit score (%) F1 overlap (%)

Pre-trained

VGG16

D-TCN 73.74±4.57 78.7±6.50 83.88±4.52

ED-TCN 74.75±4.08 86.34±3.15 87.92±2.16

Bi-LSTM 62.55 ± 6.56 44.49±8.67 55.11±9.42

SVM 59.55 ± 4.98 35.39±3.00 47.75±3.82

Fine-tuned

VGG16

D-TCN 74.14±4.97 80.33±5.41 84.44±4.05

ED-TCN 74.32±4.06 84.96±4.37 87.29±2.78

Bi-LSTM 62.89± 6.17 47.15±8.67 57.75±9.02

SVM 59.81 ± 5.10 35.8±3.54 47.67±4.35

include picking up a box from the top rack and placing objects (box and rod) on the top rack.

Walking without holding any object, walking while holding a box, and picking up a rod from

the mid-level rack while standing are regarded as low risk, i.e., safe actions. Fig. 3.2 shows the

corresponding ergonomic risk labels for these different actions depicted in the video snapshots

Video Segmentation Outcomes

Table 3.1 provides a quantitative performance assessment of the two variants of our segmentation

method on the TUM Kitchen dataset for camera # 2 videos. Both the variants perform satisfactorily

with respect to all the three performance measures. In fact, the ED-TCN method achieves an F1

overlap score of almost 88%, which has not been previously reported for any action segmentation

problem with more than twenty labels to the best of our knowledge. Our TCN methods also

outperform Bi-LSTM and SVM substantially. Just for comparison purposes, it is interesting to

note that the pre-trained and fine-tuned VGG16 models provide validation accuracy of 82.80% and

73.46%, respectively, during image classification. Fig. 3.3 demonstrates that regardless of whether

the spatial features are extracted using a pre-trained or fine-tuned VGG16 architecture, both the

TCN methods are able to segment the frames into the correct (or more precisely, same as the
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manually annotated) actions substantially better than Bi-LSTM and SVM. In fact, the global frame-

by-frame classification accuracy value is very high, between (86-91)%, using the TCN methods.

Furthermore, both the TCN methods almost always predict the correct sequence of actions unlike

the other two widely-used classification methods.

The difference in performance between the TCN and other two segmentation methods is even

more pronounced in case of the UW IOM dataset, which includes a larger variety of object ma-

nipulation actions. As shown in Table 3.2, SVM performs rather poorly particularly with respect

to edit score and F1 overlap values owing to over-segmentation and sequence prediction errors.

Bi-LSTM performs somewhat better with the best results obtained using the spatial features gen-

erated from a simplified form of P-CNN. Interestingly enough, ED-TCN performs substantially

better than D-TCN regardless of the spatial feature extraction method being used. This finding is

also consistent with the results for different grocery shopping, gaze tracking, and salad prepara-

tion datasets presented in [64]. It happens most likely due to the ability of ED-TCN to identify

fine-grained actions without causing over-segmentation by modeling long-term temporal depen-

dencies through max pooling over large time windows. In fact, the edit scores for ED-TCN are

close to 90% and the F1 overlap values are more than 93% when We use the fine-tuned VGG16

and P-CNN models. The performance measures are almost identical between the two models with

P-CNN yielding marginally better results. For just the pre-trained VGG16 and fine-tuned VGG16

models, the validation accuracy is 75.97% and 73.86%, respectively, which are similar to the val-

ues for the TUM Kitchen dataset. Fig. 3.4 reinforces these observations on a representative UW

IOM dataset video.

If one only uses the spatial features, image classification validation accuracy is either compa-

rable to (for the TUM Kitchen dataset), or lower than the video segmentation test accuracy (for the

UW IOM dataset). Noting that validation accuracy is typically greater than test accuracy for any

supervised learning problem, one would expect segmentation accuracy to be much lower than the

reported values in the absence of the temporal neural networks. On the other hand, segmentation

performance depends quite a bit on the choice of the spatial feature extraction model, particularly

in the case of the more challenging UW IOM dataset. This reinforces the intuition that both spatial
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Figure 3.3: Performance comparison of various methods in action segmentation of a representative

TUM Kitchen dataset video using (A) pre-trained VGG16 model and (B) fine-tuned VGG16 model.

For each method, the upper row shows the ground truth (manually annotated) action labels, whereas

the lower row depicts the corresponding predicted label.
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Figure 3.4: Performance comparison of various methods in semantic segmentation of a represen-

tative UW IOM dataset video using (A) pre-trained VGG16 model and (B) fine-tuned VGG16

model. For each method, the upper row shows the ground truth (manually annotated) action labels,

whereas the lower row depicts the corresponding predicted label.
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Table 3.2: Comparative performance measures of different action segmentation methods on the

complete UW IOM dataset

Method Accuracy (%) Edit score(%) F1 overlap (%)

Pre-trained

VGG16

D-TCN 62.11±4.13 46.62±4.17 57.48±5.26

ED-TCN 78.76±3.65 82.96±3.33 87.77±2.51

Bi-LSTM 42.14 ± 5.45 23.76±1.50 29.71±3.72

SVM 27.10 ±3.40 18.05±0.92 20.25±1.35

Fine-tuned

VGG16

D-TCN 61.39±6.22 72.29±6.16 72.29±6.16

ED-TCN 86.46±0.50 88.52±1.17 93.24±0.58

Bi-LSTM 59.23±4.40 33.19±3.13 43.88±4.23

SVM 42.10±3.33 20.61±0.89 27.56±1.92

Simplified

P-CNN

D-TCN 81.72±2.82 74.01±5.13 82.23±4.80

ED-TCN 87.63±0.77 89.90±1.16 93.99±0.77

Bi-LSTM 71.38±4.97 75.33±7.41 80.45±7.55

SVM 59.62±2.74 20.09±0.95 31.33±1.75

and temporal characteristics are important in analyzing long-duration human action videos.

It is not surprising to observe that the TCN methods perform better using edit score and F1

overlap score as the measure instead of global accuracy. As also reported in [64], accuracy is

susceptible to erroneous and subjective manual annotation of the video frames, particularly during

the transitions from one action to the next, where identifying the exact frame when one action ends

and the next one begins is often open to individual interpretation. Both edit score and F1 score

are more robust to such annotation issues as compared to accuracy, and, therefore, serve as better

indicators of true system performance.

To further evaluate the general applicability of our action segmentation methods, We consider

two additional test scenarios: TUM Kitchen videos taken from camera # 1, and a truncated UW

IOM dataset comprising only one sequence of object manipulation actions per participant. Table

3.3 reports the action segmentation outcomes using just the fine-tuned VGG16 model since it yields

better results than the pretrained VGG16 model on our regular test datasets. The trends are more or
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Table 3.3: Comparative performance measures of different action segmentation methods on two

additional video datasets.

Method Accuracy (%) Edit score (%) F1 overlap (%)

TUM Kitchen with

camera # 1

D-TCN 64.00±8.74 69.26±6.08 72.24±7.49

ED-TCN 69.83±4.66 84.69±3.49 83.43±3.09

Bi-LSTM 54.10 ± 9.37 40.64±8.06 48.33±9.44

SVM 48.43 ± 8.87 30.34±6.25 38.46±7.88

UW IOM with

non-repeated action

sequence

D-TCN 74.04±2.53 62.91±3.32 72.91±3.01

ED-TCN 83.99±1.10 88.16±2.24 92.66±1.72

Bi-LSTM 58.93± 2.22 30.57±2.98 41.23±2.71

SVM 40.62±1.72 21.05±1.94 26.98±1.92

less the same as in our regular datasets. The actual measures are almost identical for the complete

and truncated UW IOM dataset. Thus, our methods seem to be robust to sample size, provided all

the actions are covered adequately with a sufficient number of instances in the training set, and the

actions occur in the same sequence in all the videos. The actual measures for our TCN methods

are only slightly lower for the different TUM Kitchen dataset. Thus, performances appear to be

independent of how the videos are recorded. The VGG16 validation accuracy is equal to 76.81%

and 75.28% for the different TUM Kitchen and the truncated UW IOM dataset, respectively, which

are, again, almost identical to the corresponding values for the regular TUM Kitchen and complete

UW IOM datasets.

System Computation Times

In addition to characterizing the goodness of action segmentation, We am interested in knowing

how long does it take to learn the spatial feature extraction models, to train the segmentation

methods, and to compute the framewise action labels during testing.

The learning times for the pre-trained and fine-tuned VGG16 models are 20,844.11 seconds

and 30,564.39 seconds, respectively, in case of the complete UW IOM dataset. As expected, the
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learning time for the fine-tuned VGG16 model is somewhat lower and equal to 25,414.24 seconds

in case of the truncated UW IOM dataset. For the TUM Kitchen dataset, the corresponding value

is 31,753.18 seconds.

Using the fine-trained VGG16 model, in case of the complete UW IOM dataset, the overall

training times are 252.73 ± 0.85, 237.76 ± 0.72, 2,172.23 ± 11.22, and 60.54 ± 1.54 seconds

across the five data splits for the D-TCN, ED-TCN, Bi-LSTM, and SVM methods, respectively.

The corresponding testing times are 0.10, 0.10, 1.09, and 0.09 seconds (the standard errors are

negligible), respectively, for an average number of 8,261 frames, which implies that real-time

action class prediction is highly feasible. These values are almost identical using the pre-trained

VGG16 model. For the TUM Kitchen dataset, the overall training times are 91.19± 1.04, 74.53±

0.65, 619.21± 1.82, and 15.68± 0.67 seconds across the five data splits for the D-TCN, ED-TCN,

Bi-LSTM, and SVM methods, respectively. The corresponding testing times are 0.03, 0.02, 0.33,

and 0.03 seconds (negligible standard errors), respectively, for an average number of 6,311 frames.

Note that the TCN methods also have acceptable training times of the order of a few minutes

for reasonably large datasets. This characteristic enables our system to adapt quickly to changing

object manipulation tasks. On the other hand, the training times are considerably larger for Bi-

LSTM, similar to the results reported in [64].

3.6 Discussion

In case of the more challenging UW IOM dataset, We observed that our TCN methods demonstrate

better segmentation performance when spatial features are extracted using the fine-tuned VGG16

model instead of the pre-trained VGG16 model. Consequently, We decided to use P-CNN features

to examine whether additional spatial features would further facilitate learning the temporal aspects

of the videos for the action segmentation methods. As introduced in [20], P-CNN features are

descriptors for video clips that are restricted to only one action per clip. All the frame features

of a video clip are aggregated over time using different schemes that result in a single descriptor

comprising information about the action in that clip. However, our goal is to process full-length

videos with multiple actions. A single time-aggregated descriptor for an entire sequence of multiple
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actions is not useful to us, as time aggregation results in the loss of important information about

the sequence of actions as well as the transitions between the different actions. Hence, We skip the

time aggregation step to obtain a video descriptor of the same length as the number of features in

the full-length video.

Also, P-CNN features are originally generated by stacking normalized time-aggregated de-

scriptors for ten different patches, i.e., five patches of the RGB image (namely, full body, upper

body, left hand, right hand, and full image) and corresponding five patches of the optical flow

image. These patches are cropped from the RGB and optical flow frames, respectively, using the

relevant body joint positions. The missing parts in the patches are filled with gray pixels, before

resizing them as necessary for the CNN input layer. This filling step is done using a scale factor

available along with the joint positions for the dataset used in [20]. Such a scale factor is, however,

not available for our TUM Kitchen and UW IOM datasets. On experimenting with various com-

mon values for this scale factor, We observe that it needs to be different for every video as each

participant has a somewhat different body structure. Therefore, only the full image patches were

used in the simplified form of P-CNN.

To further understand the potential impact and deployment challenges of our system, a proof-

of-concept trials were performed, thank to Ekta SamanWe and Cameron Devine, using a Yaskawa

HC10 collaborative robot equipped with an Intel RealSense D435 camera (see Fig. 5). Video

recordings of ten human subjects (five males and five females), each performing the same set of

seventeen actions as in the UW IOM dataset, are used to train the segmentation model consisting

of the fine-tuned VGG16 and ED-TCN models. The RGB camera frames are captured and stored

using the pyrealsense2 [49] library. While the videos are acquired at 30 Hz, only every third frame

is retained. At run time, for two new test subjects (both males), the actions are segmented in groups

of thirty frames at a time. Considering that ED-TCN requires the features for full-length videos

to generate the predictions, We pad the feature vector by repeating the features of the 30th frame.

Such padding is done every time ED-TCN is given a new group of thirty frames to segment. The

predictions are then communicated to a Programmable Logic Controller (PLC), which displays the

outputs (action classes with ergonomic risk levels) on the robot teach pendant. This framework
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Figure 3.5: Output indicator corresponding to medium risk is turned on when a human subject

performs a Box/Bend/Place/Low action.

predicts most of the test actions in the correct sequence with reasonably accurate action duration.

However, the performance is worse than that in Section 3.5.2 due to frame downsampling and extra

feature padding.

3.7 Summary

In this chapter, We presented an end-to-end deep learning system to accurately segment human

actions and predict the corresponding ergonomic risks during indoor object manipulation using

camera videos. This system comprises effective spatial features extraction and sequential feeding

of the extracted features to temporal neural networks for real-time segmentation into meaningful

actions. We believe that good overall performance is the cumulative effect of both the steps as

is observed from our results for the different segmentation methods on the more challenging UW

IOM dataset. This reinforces the intuition that both spatial and temporal characteristics are im-

portant in analyzing long-duration human action videos. The segmentation methods work well

with just standard (RGB) camera videos, irrespective of how the spatial features are extracted, pro-

vided depth cameras are used to generate reliable ergonomic risk scores for all the possible actions



37

corresponding to a known object manipulation environment. Consequently, it makes our system

useful for widespread deployment in factories and warehouses without requiring 3D cameras, body

markers, and body-mounted sensors.

Despite the accurate performance of the proposed model, this method can be improved in

multiple aspects. First, is to use less context-dependent features (VGG16 driven) to enhance the

generalizability of the model. In Chapter 4, a multi-task learning framework is proposed that uses

skeleton-based features for solving similar problem. Another opportunity for improvement is to

move toward online-HAR (or early-HAR) and develop a learning method that would be capable of

risk prediction on a frame-by-frame basis. This aspect is addressed in Chapter 5.
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Chapter 4

MULTI-TASK LEARNING FOR ACTIVITY SEGMENTATION

We propose a new approach to Human Activity Evaluation (HAE) in long videos using graph-based

multi-task modeling [98]. Previous works in activity evaluation either directly compute a metric us-

ing a detected skeleton or use the scene information to regress the activity score. These approaches

are insufficient for accurate activity assessment since they only compute an average score over a

clip, and do not consider the correlation between the joints and body dynamics. Moreover, they

are highly scene-dependent which makes the generalizability of these methods questionable. We

propose a novel multi-task framework for HAE that utilizes a Graph Convolutional Network back-

bone to embed the interconnections between human joints in the features. In this framework, we

solve the Human Activity Segmentation (HAS) problem as an auxiliary task to improve activity as-

sessment. The HAS head is powered by an Encoder-Decoder Temporal Convolutional Network to

semantically segment long videos into distinct activity classes, whereas, HAE uses a Long-Short-

Term-Memory-based architecture. We evaluate our method on the UW-IOM and TUM Kitchen

datasets and discuss the success and failure cases in these two datasets.

4.1 Background

With the advancements in computer vision techniques, automated Human Activity Evaluation

(HAE) has received significant attention. The aim of this category of problems is to design a

computational model that captures the dynamic changes in human movement and measures the

quality of human actions based on a predefined metric. HAE has been studied in a variety of

computer vision applications such as sports activity scoring, athletes training [96, 103, 148], reha-

bilitation and healthcare [8, 95], interactive games [86, 162], skill assessment [27, 73], and workers

activity assessment in industrial settings [99, 100]. Some of the earlier works on HAE used tradi-
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Figure 4.1: Multi-task activity segmentation and ergonomics risk assessment pipeline.

tional feature extraction methods for performance analysis [48, 107]. Recently, with the popularity

of deep learning methods, a multitude of creative solutions have emerged for solving HAE prob-

lems. Among the proposed methods, some directly learn a mapping from images to a quality score

[152]. As the activity quality is highly task-dependent a majority of research is focused on leverag-

ing the available activity information in the learning process [96, 99]. Another approach has been

to measure the deviation of a test sequence from a template sequence for determining the activity

quality [94]. This approach is valuable when the performance of humans is evaluated based on

how well they followed a fixed series of activities in a certain way such as in sport competitions or

manufacturing operations.

There is another aspect of HAE that has received less attention despite its importance and

potential impact on the safety and health of the society. Human Postural Assessment (HPA) is

studied in various fields such as biomechanics, physiotherapy, neuroscience, and more recently

in computer vision [79, 99, 100]. HPA is a subcategory of HAE that focuses on determining the

quality of human posture using a ergonomics-based (or biomechanics-based) criteria. There are

three major challenges in solving HPA problems: (1) the type of task and the object involved in

the activity highly influence the risk level. (2) The repetition of certain movements can cause

accumulated pressure on specific body parts. Therefore, it is important to analyze a video in a
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frame-wise fashion to be able to capture repetition. (3) Everyone does not necessarily perform a

task in the same way, hence, a successful algorithm should learn the relation between human joints

dynamics and the corresponding ergonomics risk score.

This work is inspired by the importance of HPA problems and their significant impact on the

health and safety of industrial workers. However, our approach is not limited to this specific appli-

cation and it is a novel design that can benefit other aspects of HAE research. We leverage from

consistent representation of human 3D pose and propose an end-to-end multi-task framework (Fig-

ure 5.2) that solves Human Activity Segmentation (HAS) as an auxiliary task to improve the HPA

performance. Skeleton-based methods have been shown to provide the opportunity of develop-

ing more generalizable algorithms for various applications in HAR and prediction problems [117].

However, they have not been leveraged enough in HAE.

The work presented in this chapter, brings together activity segmentation and activity assess-

ment using a novel multi-task learning framework. Our proposed framework comprises a Graph

Convolutional Network (GCN) backbone and an Encoder-Decoder Temporal Convolutional Net-

work (ED-TCN) for the activity segmentation head and a Long-Short-Term-Memory (LSTM)-

based head for activity assessment. The contribution of our work is threefold. (1) We introduce

a novel combination of GCN with ED-TCN for activity segmentation in long videos that outper-

forms state-of-the-art results on the UW-IOM dataset. (2) Our MTL-emb method initiates a line of

research for more informed activity assessment by fusing activity embedding with spatial features

for ERA. (3) We present a way to use the skeletal information for activity assessment in a Multi-

Task Learning (MTL) framework that may enable generalization across a variety of environments

and leverage anthropometric information.

4.2 Proposed Multi-Task Framework

In ERA, posture alone cannot accurately determine the risk level. The activity class contains

information that is key to measure ergonomics risk. We, therefore, define HPA as a MTL problem

consisting of an HAS and an HPA task (Figure 4.2). In the following sections, each component of

our MTL model is described in details.
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Figure 4.2: MTL network architecture.

4.2.1 Spatial Features

The inputs to our multi-task model are 3D joints locations, which is a form of structured data. Since

GCNs are known to be powerful in representing structured data [166], our model uses a sequence

of stacked GCNs as the backbone for spatial feature extraction, similar to the proposed structure in

[156] except for temporal convolution. Just like a 2D convolutional layer, a stacked GCN allows

better feature extraction for unstructured data such as graphs.

Given the input x ∈ RD×N , where D is equal to 3 as the joints are represented using (x, y, z)
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coordinates andN is the number of joints, the adjacency matrix A ∈ RN×N , and the degree matrix

D̂ with Dii =
∑

j Aij , a Graph Convolution (GC) can be written as,

f = D̂−
1
2 ÂD̂−

1
2x>W . (4.1)

Here, Â = A+I, I is the identity matrix. For a graph with human skeletal structure, A is designed

based on the anatomical connections among the joints. W ∈ RD×F is the weight matrix that is to

be learned. Hence, if the input to a GCN layer is D × N , the output feature f is N × F , where

F is the chosen output feature size. In our proposed backbone, each GCN is followed by a ReLU

activation. Moreover, the adjacency matrix is partitioned into three sub-matrices as described in

[156] to better capture the spatial relations among the joints. Therefore, Equation (6.1) is written

in a summation form for each GCN layer as:

f =
3∑

a=1

D̂
− 1

2
a AaD̂

− 1
2

a x>Wa , (4.2)

where a indexes each partition.

4.2.2 Encoder-Decoder Temporal Convolution for Human Activity Segmentation

In HAS problems, the task is to identify the activities that are happening in untrimmed videos and

determine the corresponding initial and final frames [6, 32, 64, 100]. A popular approach that is

inspired by works in audio generation and speech recognition [92, 153] is to use feed-forward (i.e.,

non-recurrent) networks for modeling long sequences. The main component of these methods is a

1D dilated causal convolution that can model long-term dependencies.

A dilated convolution is a filter that applies to an area larger than its length by skipping input

values by a certain length [92]. A causal convolution is a 1D convolution which ensures the model

does not violate the ordering of the input sequence. The prediction emitted by a causal convolution

(that is p(xt|x1, ..., xt−1)) at time step t only depends on the previous data. Combining these two

properties, dilated causal convolutions have large receptive fields and are faster than Recurrent

Neural Networks (RNNs). Moreover, they are shallower than regular causal convolution due to

dilation.
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For the HAS task, inspired by [64, 92, 100] we design an ED-TCN-based on 1D dilated con-

volutions (Figure 4.2). Our design consists of a hierarchy of four temporal convolutions, pooling,

and upsampling layers. The output of the ED-TCN followed by a Fully Connected (FC) layer and

a RelU activation is fed to the classification layer.

In using ED-TCN for HAS [64, 100], the focus is on learning the temporal sequence and lo-

calizing activities. It is common to extract spatial features prior to training from an independent

network like VGG16 [129] or ResNet [41]. Our proposed framework learns the spatial and tempo-

ral properties of the data in an end-to-end fashion. To our knowledge, this is the first attempt to use

ED-TCN in an end-to-end architecture with a spatial feature detector. In addition, the combination

of GCN with ED-TCN for solving HAS is a novel approach and it shows promising results.

4.2.3 Regression Module for Human Postural Assessment

We define HPA as a sub-category of HAE where the activity score is determined based on the

safety of the posture. In HPA, the task is to find a mapping between the spatio-temporal features

and ergonomics risk score. Our proposed regressor uses the shared spatial features coming from

the GCN backbone. The GCN features go through a FC layer with tanh nonlinearity and are then

fed into a stacked LSTM structure to predict the REBA scores.

4.2.4 Multi-Task Approach to ERA

MTL is a popular framework for end-to-end training of a single network for solving multiple

related tasks. In these networks, a common backbone provides the data representation for branches

responsible for learning a specific task. Usually in MTL, there is a main task plus multiple auxiliary

tasks that complement the core task. For instance, in HAE, the main task is to determine the action

quality. However, action quality is not independent of what action is carried out, which makes the

HAS choice of auxiliary tasks natural for this kind of problems.

The supervision signals from the auxiliary tasks can be viewed as inductive biases [16] that

limit the hypothesis search space and result in a more generalizable solution. The multi-task ap-
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proach to HAE has been recently introduced by [96] for determining the quality of action in short

clips from Olympic games.

In our work, the main task is to predict the REBA scores. However, the information about

human action is closely related to its corresponding ergonomics risk. Therefore, the auxiliary task

in this case is the HAS. The long duration videos pose an additional challenge, since, unlike most

of the HAE datasets, both the activities and their risk scores vary over time. In a majority of sport

HAE [96], a single activity score is predicted for a clip. Here, the HAS task consists of 17 and

20 actions for the UW-IOM and TUM datasets, respectively (see Section 4 for more information

on the datasets). Therefore, in any video, activity localization and ERA task involves predicting a

smooth function that shows how the risk is changing throughout the video.

We studied two different architectures for solving this MTL problem. In the first architecture,

the heads corresponding to each task only share the GCN-driven features. In the second architec-

ture, the output of the Softmax layer of the HAS head is fused to the feature going to the LSTM

regressor.

We consider a weighted average of the HAS loss and the HPA loss as the overall multi-task

HPA loss function,

LHPA =
T∑
t=1

α(xt − yt)
2 + β|xt − yt|, (4.3)

where yt is the frame-wise ground truth REBA score and xt is the model prediction. | · | is the L1

norm. α and β are weights to be learned. For HAS, we use cross-entropy loss between ground

truth and model prediction,

LHAS = −
T∑
t=1

Cl∑
c=1

yt,c log(xt,c), (4.4)

where Cl is the number of classes. The overall loss is the sum of all the losses,

LMTL = LHPA + γLHAS, (4.5)

where γ is to be learned.



45

4.3 Experiments

4.3.1 Datasets

Despite the impact of automated ERA on industry, research in this area has started gaining popular-

ity only recently. As a result, only a few datasets are available that capture representative activities

in industrial settings. In particular, two such datasets have been used in recent publications in this

domain.

UW-IOM Dataset is a publicly available dataset of 20 videos by [100] that captures industry-

relevant activities. This dataset has 17 action classes and labels are of four-tier hierarchy indicating

the object, human motion, type of object manipulation (if applicable), and the relative height of the

surface on which the activity is taking place. The longest video in this dataset has 2, 384 frames.

We use the 3D poses for UW-IOM dataset from our earlier work [99].

TUM Kitchen Dataset has 19 videos consisting of daily activities in a kitchen. Learning with

graph-based methods has been shown to be challenging on this datasets due to the similarity of

human postures in multiple action classes [99]. We took labels provided by [100] so that we can

compare our results with theirs. We used [104] to extract the 3D poses from the videos recorded

by the second camera. The longest video in this dataset has 2, 048 frames.

The input features to our model are 3-dimensional key-points (x, y, z) of N =15 joints, con-

catenated over time T . Hence, the resulting input tensor is of dimension 3 × 15 × T . The output

ground truth labels are frame-wise labels that have the dimension of 1× T .

4.3.2 Ergonomics Risk Pre-processing

REBA method [44] computes a score describing the total body risk based on the joint angles and

the properties of an action. The REBA scores are discrete integers from 1 (the minimum risk level)

to 15 (the maximum risk level). In [100], the scores of all the subjects are averaged over the classes

and a single score is reported for each activity class. We used the detected skeletons to compute

the joint angles and obtained a frame-wise REBA score. However, the REBA profile then becomes

a sequence of piece-wise constants, which is hard to learn by a regressor. Therefore, we smoothed
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Figure 4.3: Detailed MTL-emb architecture. GCN(in, out) is a GCN with edge-importance. ED-

TCN has 4 hidden layers of size H with kernel size k and dropout of D. FC(in, out) is a fully

connected layer. nclass is the number of classes. The LSTM has nl layers.

the REBA sequence using the Python UnivariateSpline function to make it easier for the

ERA regressor to learn the patterns. To help advance research in this area, the smoothed REBA

scores along with the code are available on the project repository1.

4.3.3 Implementation Details

All the networks were implemented in PyTorch [101]. The initial values of the loss function weight

parameters α, β, and γ were set to 1. All the networks were trained using the Adam optimizer [56].

We implemented early-stopping and trained the model with different learning rates to find the best

one (the best performing learning rate is shown in Table 4.3). The 20 videos in the UW-IOM

dataset were randomly split into 15 and 5 for the training and validation set, respectively. For the

TUM dataset, the training and validation sets include 15 and 4 videos, respectively.

1https://github.com/BehnooshParsa/MTL-ERA
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GCN Backbone: The details of the GCN network is displayed in Figure 4.3. The output of

the final GCN layer is of size (N, T, 256, 15) that is flattened to (N, T, 3840) and passed through

an adaptive pool layer. Therefore, the feature that is fed to the rest of the network is of size

(N, T, 2048).

Action Segmentation Head: ED-TCN requires input batches to have the same temporal

length. Hence, we defined a maximum length in both the training and validation sets, and masked

the rest of the inputs with a value of −1 (thus, T corresponds to the maximum sequence length).

The predicted sequence was unmasked before calculating the loss. The ED-TCN output goes

through two fully connected layers with RelU activation and is used to compute the cross-entropy

loss.

Postural Assessment Head: We evaluated the performance of two architectures for HPA. In

one design, we fuse the Softmax output of the HAS head to the GCN features and call this model,

multi-task-emb. The base design does not include fusion and we refer to that as multi-task-base.

The spatial features (from the GCN backbone) are followed by a fully connected layer with tanh

activation and sent to three layers of LSTM. The LSTM output is followed by a fully connected

layer to predict the REBA scores and is sent to the regression loss function.

4.3.4 Evaluation Metrics

To measure the performance of the HAS network we use F1-overlap score, segmental edit score,

and Mean Average Precision (MAP). F1-overlap score is essentially the harmonic mean of Precision

and Recall and is computed using the following well known formula:

F1 -Score = 2× Precision × Recall

Precision + Recall
. (4.6)

Edit score measures the closeness of the predicted sequence to the ground truth sequence. This

metric penalizes if the order of the sequence and the number of action segments are not correct.

The average precision is computed over all the classes and its mean is reported.
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4.4 Results and Discussion

To evaluate the strength of our proposed multi-task approach in solving the HAS and HPA prob-

lems, we carry out two single-task experiments for the HPA task (STL-PA) and the HAS task

(STL-AS). Another reason behind the STL-AS experiment is to investigate the power of our GCN

model as a spatial feature extractor in solving HAS problems.

The STL-PA network has identical GCN backbone and LSTM design as the MTL network.

The average MSE result is reported for the validation set in Table 4.1. It is clear from the results

that the network cannot learn the sophisticated pattern of the REBA profile.

UW-IOM TUM

MSE Sp. Corr. (%) MSE Sp. Corr. (%)

1.68 ±0.28 11.79 ±12.32 2.75 ±0.40 62.92±4.89

Table 4.1: Average MSE and Spearman’s Coefficient of the activity score prediction over the vali-

dation videos using the STL-PA model.

4.4.1 Action Segmentation with GCN-ED-TCN

As discussed in Section 2, ED-TCN along with the input features derived from pre-trained net-

works, have been widely used for HAS. The idea is that given the input spatial features for every

time-step of a sequence, this method can segment it into semantically similar pieces. Nonethe-

less, an end-to-end approach for learning both the spatial and temporal features in an HAS has not

been explored with ED-TCN. While GCN models have been used both for activity classification

[54, 156] and early action recognition [99], its capability has not been evaluated for HAS.

ED-TCN is used for HAS on the UW-IOM dataset in [100], where the authors compare three

spatial feature extractors, namely, a pre-trained VGG16 on ImageNet [24], a fine-tuned version of

VGG16 model, and a P-CNN model [20]. Our proposed GCN backbone extracts spatial features

based on human pose only, but its performance is comparable with the state-of-the-art as shown

in Table 4.2. Hence, we believe that pose-based features are more suitable for designing a gener-



49

Method
UW-IOM TUM

mAP (%) Edit score (%) F1 overlap (%) mAP (%) Edit score (%) F1 overlap (%)

ED-TCN / Pre-trained VGG16 [33] - 88.52 ± 1.17 93.24 ± 0.58 - 86.34 ± 3.15 87.92 ± 2.16

ED-TCN / Fine-tuned VGG16 [33] - 82.96 ± 3.33 87.77 ± 2.51 - 84.96 ± 4.37 87.29 ± 2.78

ED-TCN / Simplified P-CNN [33] - 89.90 ± 1.16 93.99 ± 0.77 -

GCN-ED-TCN (STL-AS) 49.61 ± 0.17 92.08 ± 1.18 92.33 ± 0.78 24.17 ± 11.99 67.53 ± 5.16 52.20 ± 22.02

Table 4.2: mAP, edit, and F1-overlap score represented using mean and standard deviation values

over the test videos in the UW-IOM and TUM datasets for different methods and modalities solving

the HAS task.

alizable algorithm. However, we should emphasize that generalizability comes with a price of the

model not performing well when the pose information is poor or when the activities require similar

postures, which is the case for the TUM dataset (Table 4.2).

Method

UW-IOM

MSE Sp. Corr.
(%)

mAP
(%)

Edit score 
(%)

F1 overlap
(%)

Learned
Weights

MTL-base 0.72
±0.14

66.68
±4.89

76.0
±8.51

88.36
± 4.67

89.56
±4.45

CrE: 0.70, MSE: 0.81, L1: 0.51
lr: 0.001

MTL-emb 0.61
±0.36

55.18
±6.57

74.45
±10.36

91.59
±1.23

92.03
±2.54

CrE: 0.72, MSE: 0.85, L1: 0.64
lr: 0.001

TUM

MTL-base 1.03
±0.48

80.44
±4.67

36.83
±16.63

64.75
±13.10

54.15
±19.01

CrE: 0.95, MSE: 0.97, L1: 0.95
lr: 1e-04

MTL-emb 1.01
±0.38

73.83
±8.00

39.23
±17.00

65.87±
9.13

58.24
±11.23

CrE: 0.86, MSE: 0.89, L1: 0. 86
lr: 0.0005

Table 4.3: Results for the MTL network. mAP, edit, and F1-overlap scores are represented using

mean and standard deviation values over the validation splits in the UW-IOM and TUM datasets

for different activity segmentation methods and modalities. MSE and Spearman’s coefficient show

the model’s performance in predicting the activity risk scores.
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Figure 4.4: Visualization of HAS and REBA prediction result for a sample test video of UW-IOM

dataset. The first and third plots (colored ribbons) are the segmentation results. In each ribbon

the top-half is the ground truth and the bottom-half is the predictions by the network. The second

and fourth plots depicting the ground truth REBA score and the network prediction. The network

prediction is color-coded based on the activity class.

4.4.2 Single-task vs. Multi-task Approach

The substantial improvement in predicting the activity risk scores is evident when comparing the

results in Table 4.1 with Table 4.3. We believe that the underlying reason behind this observation

is that the REBA score is highly dependent on the type of activity, and learning an auxiliary HAS

task can enhance the performance of the HPA head. However, the inverse dependency is not that

strong. Our findings indicate that the STL-AS performs better than the MTL approach for HAS

(comparing results in Table 4.2 and 4.3).

4.4.3 Fusion vs. No Fusion Approach

The main purpose of this experiment is to validate the idea that action information can improve

REBA score predictions. Table 4.3 and Figure 4.4 show the MTL-base and MTL-emb results,



51

where improvements are observed when the HPA head has access to the Softmax output of the

HAS head. In Figure 4.4, we see the highly nonlinear ground truth REBA scoreline (in solid light

blue-green) and the corresponding predictions for each action by both the MTL networks. The

figure suggests that the network with embedding predicts the REBA scores more accurately. On

the contrary, the shared embedding model does not significantly improve the performance of the

HAS head. Figure 4.5 depicts the difference in the confusion matrices of the two models. For

simplicity, the off-diagonal elements are ignored. While there are small improvements in a few

classes, the overall improvement is not substantial.

4.4.4 Failure Cases

Although we show that our MTL-emb and STL-AS methods perform well on the UW-IOM dataset

and even better than using context heavy features such as VGG16, these models are not particularly

successful on the TUM dataset. We present the confusion matrices for the UW-IOM and TUM

datasets in Figure 4.6. In the following, we describe our insights on the performance of the models

in detail.

The camera view in the TUM dataset is from the top. As a result, arm pose estimation quality is

poor for the activities where the person’s back is facing the camera and the arm is occluded such as

for pickup-drawer and close-drawer. Another source of confusion is between Pickup-hold-both-

hands and Pickup-hold-one-hands due to the fact that the poses are very similar.

Since the segmentation head is not very successful on the TUM dataset, the improvement in the

REBA score prediction between the MTL-emb and MTL-base models is also not significant unlike

in the case of the UW-IOM dataset. For the TUM dataset, fusing image-based features with the

GCN can be potentially useful in decreasing the ambiguity in the GCN spatial descriptors, thereby,

improving both the STL-AS and MTL results for REBA score prediction.

4.5 Summary

We introduce a graph-based multi-task learning approach for Human Postural Assessment and

show that it outperforms the equivalent Single-Task Learning due to the importance of the ac-
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IOM and TUM dataset, respectively. The diagonal elements show the differences between the

diagonal values of the MTL-emb and MTL-base confusion matrices and the off-diagonal elements

are shown as ”0.0” for simplicity.
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Figure 4.6: Confusion matrices using MTL-base. The top and bottom matrices are for the UW-

IOM and TUM dataset, respectively.
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tivity type in the risk associated with a posture. Human Postural Assessment tasks, specifically

Ergonomics Risk Assessment, are more challenging than regular Human Activity Evaluation prob-

lems since the assessment has to happen in a frame-wise manner and is highly dependent on joint

kinematics. Despite the challenge of tracking the intricacies of our risk assessment (REBA) pro-

file, the proposed method shows competence in predicting the risk scores. More importantly, our

work demonstrates the effectiveness of the GCN model as a spatial feature extraction backbone,

compared to context-based features that have been traditionally used with ED-TCN for Human

Activity Segmentation tasks. To showcase the weaknesses of this framework, we implemented our

method on a challenging dataset (TUM) and discussed the failure cases.
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Part II

EARLY HUMAN ACTIVITY RECOGNITION
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Chapter 5

SPATIO-TEMPORAL PYRAMID GRAPH CONVOLUTIONAL
NETWORK

Recognition of human actions and associated interactions with objects and the environment is an

important problem in computer vision due to its potential applications in a variety of domains.

Recently, graph convolutional networks that extract features from the skeleton have demonstrated

promising performance. In this paper, we propose a novel Spatio-Temporal Pyramid Graph Con-

volutional Network (ST-PGN) for online action recognition for ergonomics risk assessment that

enables the use of features from all levels of the skeleton feature hierarchy. The proposed al-

gorithm outperforms state-of-art action recognition algorithms tested on two public benchmark

datasets typically used for postural assessment (TUM and UW-IOM). We also introduce a pipeline

to enhance postural assessment methods with online action recognition techniques. Finally, the

proposed algorithm is integrated with a traditional ergonomics risk index (REBA) to demonstrate

the potential value for assessment of musculoskeletal disorders in occupational safety.

5.1 Background

Human action recognition has been a widely studied research topic in computer vision for several

decades. The task is to infer the human action and activity from still images or video frames.

Solutions to this important and challenging problem have traditionally been applied to domains

such as surveillance, entertainment, robotics, video retrieval, and intelligent driving assistance sys-

tems [91, 108, 165]. Recently, there are emerging applications that involve assessment of human

performance for virtual fitness, health monitoring, training, and ergonomics risk assessment for

occupational safety [38, 100, 111]. These applications have unique requirements that may involve

simultaneous association of time varying pose with action and object interaction, and relating such
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Figure 5.1: Our model (ST-PGN) takes a sequence of skeleton input produced by a pose extraction

unit (like LCR-Net [117]) and does early action recognition. The skeleton sequence along with the

activity labels go to the REBA computation unit to assess the ergonomics risk while testing.

information for computational modeling and prediction of various biomechanical indicators. Vi-

sion only systems are non-invasive and less expensive alternatives to study these problems as op-

posed to expensive drift prone motion capture systems and wearable sensors [21, 84]. Depending

on the application, human action recognition can be formulated in an online or off-line setting.

In most applications, processing is performed off-line, making use of the entire video sequence

without strict limitations on computational resources. In such cases, the typical assumption is that

the start and end points of the action is known [28, 83] and the training video is pre-segmented into

various action classes. Recent advances in hardware and GPU performance has led to the emer-
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Figure 5.2: The Feature Pyramid Convolutional Graph Network pipeline.

gence of many online applications, where the requirement is to process video streams in real-time

and without a priori knowledge of the transitions between actions [77, 78, 131]. Generalization of

action recognition algorithms is a challenging and unsolved problem. Ideally, the method should

generalize to various environments and deal with cluttered backgrounds, occlusions, and viewpoint

variations. While end to end video to action classification have shown great promise, generaliza-

tion is achieved through domain adaptation [13, 40] or using intermediate skeletal representations

that are robust to these variations [116, 156]. In particular, skeleton-based features appear to pro-

duce favorable results since human pose is typically a consistent representation of action across

people and context. Among them, recent work based on graph convolutional networks that extract

meaningful features from the skeleton have achieved good performance [69, 156].

The work in this paper is inspired by emerging applications involving human performance

assessment in various domains including health, fitness, rehabilitation, and occupational safety. In

particular, we consider specific challenges for real-time ergonomics risk assessment in complex

environments such as manufacturing assembly. The requirements include correlation of action

with the time varying posture and associated ergonomics and biomechanical risk. The ultimate
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goal is to produce reliable estimates of pose, action, and associated ergonomics indicators in order

to identify the risk of musculoskeletal disorders associated with acute and repetitive tasks.

In this chapter, we propose a novel real-time Spatio-Temporal Pyramid Graph Convolutional

Network (ST-PGN) for action recognition that enables the use of features from all levels of the

skeleton feature hierarchy (Figure 5.2). ST-PGN, designed with a feature pyramid architecture

enables the model to capture the correlation between body parts, rather than hand-coding body-

part relations. We test the performance of the model on two public benchmark datasets typically

used for postural assessment (TUM and UW-IOM) as well as Kinetics and NTU-RGBD datasets.

We show that the algorithm is also able to learn the transitions between actions and is suitable for

real-time applications. As compared to the state-of-the-art algorithms such as ST-GCN [156], our

model has fewer graph convolution kernels without sacrificing performance. Finally, we enhance

the pipeline with postural assessment methods (REBA [43]) that use the online action recognition

output of our model to produce ergonomics risk estimates. We propose, this combined action-risk

architectural design as a first step towards automated assessment of musculoskeletal disorders in

occupational safety.

5.2 Proposed Spatio-Temporal Feature Pyramid Graph Convolution

In this work we introduce Saptio-Temporal Pyramid Graph Convolutional Network (ST-PGN). ST-

PGN models the spatio temporal features of the skeletal structure using combinations of Pyramidal

GCNs (PGNs) and Long-Short-Term-Memory Units (LSTMs). PGN is a novel way to process

non-Euclidean skeletal data in a hierarchical form. Each feature representation in PGN hierarchy

is used as an input to an LSTM unit to learn the temporal aspect of the input sequence (shown in

Figure 5.2 and described in Section 5.2.4).

5.2.1 Graph Convolutional Network

Graph convolutional networks (GCN) [166] learn the layer-wise propagation operation that can be

applied on structured data represented by a graph. To briefly introduce how GCNs work, assume

we have an undirected graph with N nodes, a set of edges between nodes, an adjacency matrix
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A ∈ RN×N , and a degree matrix Dii =
∑

j Aij . If x ∈ RF×N represents the feature matrix of

the graph (xi ∈ RF is the feature vector of node i with size F ), a linear formulation of graph

convolution is,

f = D̂−
1
2 ÂD̂−

1
2xi
>W, (5.1)

where Â = A+ I, I is the identity matrix and W ∈ RF×C is the weight matrix. So, if the input to

a GCN layer is F ×N the output feature f is N × C, where C is the chosen output size. As with

any other convolution layer we can have a stack of GCNs each followed by a nonlinear function

(such as ReLU) [57].

In this work, we are following the spatial configuration partitioning introduced in ST-GCN

[156], therefore, Â =
∑

aAa and Equation 6.1 is written in a summation form.

f =
∑
a

D̂
− 1

2
a AaD̂

− 1
2

a x>Wa, (5.2)

Equation 6.2 is represented for kth level of the pyramidal hierarchy in line 3 of Algorithm 1. We

hypothesize that a hierarchical graph convolution that operates on human joints, body parts and

global structure would enrich the input representation.

5.2.2 Pyramidal Graph Architecture

Pyramidal Graph Convolutional Network (PGN) is a hierarchical GCN that produces different

spatial features with semantic meaning at different levels. The input to the PGN is the skeleton

with N joints represented by a tensor (X) of dimension F × N × T , where T indicates time.

Each GCN aggregates features along the spatial dimension using a specific adjacency matrix Âk

using Equation 6.2. Our PGN has three graph levels (Â1, Â2, Â3). The initial GCN works on

the skeleton with Â1, which is constructed based on the skeleton connections and accompanied

with an edge-importance matrix 1. The subsequent graph levels represent the body parts and global

structure respectively. Since the correlation between the nodes for higher level graphs is unknown,

1Edge-importance is a learnable mask on every layer of the spatio-temporal graph convolution. It has the same
dimension as the adjacency matrix and learns to scale the contribution of a node’s feature to its neighboring nodes
based on the learned importance weight of each spatial graph edge.
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Â2 and Â3 represent fully connected graphs and we let the edge-importance learn the correlations.

Thus our model has a hierarchy of graphs with the base as the input skeleton and the top level

a graph with three nodes representing arms, legs and middle part of the body. We refer to this

hierarchical graph structure as a pyramidal graph architecture because it is large at the base and

becomes smaller as we move to the top levels.

Symbol Legend

N Number of 3D Skeleton joints,(x, y, z) tuples

T Time history of 80 samples

ck Graph convolution(GCN) at each hierarchy k

Âk Adjacency matrix at each hierarchy k

X0 Input Skeleton feature to first GCN ( 3×N × T )

gk Group Average Pool at each hierarchy k

Jk Pooling kernel at each hierarchy k

fk Output of each GCN ( 3×N × F )

wk 1× 1 convolution operation

uk Upsample and Add

pk Output of 1× 1 convolution

zk Final features sent to LSTMs

Table 5.1: Description of the symbols used in Algorithms

5.2.3 Group Average Pool

A Group Average Pool (GAP) layer average-pools the features in a selected group of nodes or

joints using a specific kernel (Jk) for each level (line 4 of Algorithm 1). The resulting graph has

nodes that represent a higher level body part (as shown in Figure 5.2). Therefore, every layer of

the pyramid has a semantic meaning, from low to high level. In the bottom left corner of Figure

5.2, we show how the groups are defined in TUM and UW-IOM datasets.

More specifically, feature masking is inspired by [23] which is generally used in foreground

background separation. Here, kernels are pre-determined matrices with ones or zeros. These
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kernels are element-wise multiplied by the features to group only certain body parts one at a time.

For example, the kernel has ones in the particular rows corresponding to those joints representing

left arm (7, 9, 11) and zero everywhere else. Hence, the masked features (features multiplied by

the mask) all belong to the left arm. These features are average pooled as they belong to the same

group. Multiple such combinations are used to group the joints into different parts. Similarly ,

parts are combined into global structure using another set of kernels. Such successive GCN-GAP

combinations allows us to model the entire local and global motions jointly. We refer to this as

the feature update rule (Algorithm 1), and later in Section 5.2.4, it is referred to as a bottom-up

pathway.

5.2.4 Feature Pyramid Graph Convolutional Network

Feature pyramids have been an important component of object recognition algorithms [41, 75,

127]. The advantage of using pyramids is that it produces a multi-scale feature representation in

which all feature levels are semantically strong. Especially in skeleton-based action recognition the

correlation of body-parts can be very informative in recognizing actions. However, a pre-defined

graph might not be sufficient to represent every sample. For example, in ST-GCN graph, there is no

connection between hand and head, which is important in actions such as eating. Therefore, here

we are generalizing the feature pyramid network to a GCN pyramidal feature hierarchy, and we

believe that learning the correlations at different levels of the hierarchy enhances the performance

of our model. Here feature pyramids are still valid in skeleton structure as global motion is a

combination of local motion of parts and part motion is a combination of local motion of joints.

Hence our feature pyramids aggregate joints, parts and global features jointly [155].

The feature pyramid networks consist of two pathways, a bottom-up and a top-down pathway.

The bottom-up pathway is the feed-forward computation of the backbone GCN, which computes

a feature hierarchy consisting of feature maps at different scales. The top-down pathway produces

higher resolution features by up-sampling spatially larger, but semantically stronger, feature maps

from higher pyramid levels. The top-down path is enhanced by the features produced in the bottom-

up pathway through lateral connections. The features from the bottom-up pathway undergo a 1×1
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Algorithm 1 Feature Update Rule
1: X0 ← X{input skeleton distributed over time}

2: k ← 1{iterator} k ≤ 3

3: fk = ck(Xk−1; Âk) {GCN operation}

4: Xk =

gk(fk;Jk) if k < 3,

None otherwise.
{GAP operation}

5: k=k+1

{The fk∀k ∈ (1, 2, 3) are used as input features for the feature pyramid operations in Algorithm 2.}

Algorithm 2 Pyramid Update Rule
1: k ← 1{iterator} k ≤ 3

2: pk =

wk ⊗ fk if k < 3,

fk otherwise.
{1× 1 convolution}

3: zk =

pk ⊕ uk(pk−1) if k < 3,

pk otherwise.
4: {Upsample & Add}

5: k=k+1

{The Following zk∀k ∈ (1, 2, 3) are used as input features for the temporal modelling using three separate

LSTMs.}

conv layer to reduce channel dimensions and then are merged into the top-down pathway features

by element-wise addition. The purple connections in Figure 5.2 shows this process, and it is

described as the pyramid update rule.

5.2.5 Spatio-Temporal Modelling

Now we briefly summarize ST-PGN steps that are described in Algorithm 1-2 and Figure 5.2, and

also describe major differences with respect to ST-GCN. The input skeleton (X0) goes through

three levels of GCN and GAP, and the output of each level (fk) is aggregated with the upsample

features through lateral connection and forms the final features (zk). Each pyramidal feature is

passed through separate LSTMs to create three frame-wise activity predictions. As an ablation
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study we either 1) average these three predictions and compute one loss or 2) compute three losses

separately and average the predictions while testing. The latter gives us better performance. As

a comparison, in ST-GCN, the input goes through a sequence of multiple GCN and TCN units

so that the final feature embodies spatial and temporal properties of the input. A final feature

that summarizes spatial and temporal properties is the key for video clip classification. However,

when we need to recognize activities frame-wise, that strategy fails as it is shown in Section 6.4.1.

Therefore, we extract the spatial features through PGN and send these features to individual LSTM

units so that the temporal aspect is learned at different spatially semantic layers.

5.2.6 Optional Fusion Unit

To study the benefit of image features, we also perform experiments with image features concate-

nated along with skeleton pose features. We hope to avoid confusion in situations with object

handling. Hence we extract VGG16 features from a crop image region around the human and fuse

them with the final skeleton feature pyramid. Our fusion unit is inspired by GRU [25], that learns

to weight the features before LSTM. We freeze the weights of the pre-trained network and only

train the fusion unit along with the final LSTM layer. While the benefit of the image features are

very minimal, for completeness, we will describe the fusion unit below.

At time t, let the image features and the final feature pyramid layer features be denoted by it and

z1t, respectively. Since the dimensions of these features do not match, we apply linear weights (Ui,

Uz) to transform them into the same dimension and arrive at the transformed image and skeleton

features It and S(t) as shown in Equation 5.3. The terms Wi and Wz are learnt weights that are

used to learn a gauging value (pt) between the two features similar to the GRU. The weight pt is

squished to take on values ∈ [0, 1] using a sigmoid operation. Finally this weights are multiplied

to the incoming features.

It = relu(Ui ∗ it), St = relu(Uz ∗ z1t) (5.3)

pt = σ(Wi ∗ It +Ws ∗ St), (5.4)

Ot = ptIt + (1− pt)St (5.5)
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Modalities Backbones
UW-IOM TUM

mAP (%) Edit (%) F1-overlap (%) mAP (%) Edit (%) F1-overlap (%)

Skeleton (only)

Frame based 39.82 ± 1.45 29.26 ± 1.32 37.87 ± 1.82 29.79 ± 4.74 27.55 ± 2.89 32.63 ± 4.66

LSTM [45] 79.35 ± 4.55 77.82 ± 6.34 85.32 ± 5.37 44.24 ± 5.97 56.46 ± 5.92 57.13 ± 8.24

TCN [6] 57.72 ± 6.40 56.40 ± 5.36 64.78 ± 6.38 30.61 ± 5.40 51.07 ± 6.17 49.87 ± 11.01

ED-TCN [64] 60.05 ± 4.89 81.73 ± 2.44 84.60 ± 2.64 28.89 ± 5.77 56.75 ± 8.50 55.92 ± 11.11

ST-GCN [156] 66.94 ± 3.49 61.89 ± 3.56 71.08 ± 2.83 34.73 ± 5.98 53.88 ± 5.53 53.52 ± 7.09

ST-GCN+IMP [156] 73.28 ± 4.30 67.21 ± 6.05 76.58 ± 4.95 34.93 ± 4.75 52.27 ± 3.99 52.60 ± 5.72

GCN+LSTM+IMP 81.97 ± 7.34 72.25 ± 7.24 82.04 ± 6.08 45.92 ± 4.19 52.07 ± 4.01 55.26 ± 5.54

ST-PGN+LSTM (ours) 86.33 ± 2.71 77.92 ± 2.44 86.83 ± 1.74 48.02 ± 4.68 55.31 ± 5.09 57.58 ± 6.38

ST-PGN+LSTM+IMP (ours) 85.92 ± 1.62 77.75 ± 2.46 86.21 ± 1.91 42.74 ± 1.03 47.19 ± 6.39 51.14 ± 6.94

ST-PGN+LSTM+IMP+ML (ours) 87.03 ± 2.85 79.86 ± 2.15 87.95 ± 1.54 49.62 ± 6.10 56.10 ± 4.98 57.60 ± 6.03

Image (only)

Frame based 51.62 ± 4.12 25.60 ± 1.55 34.17 ± 3.08 35.33 ± 5.26 28.33 ± 1.94 35.34 ± 2.65

LSTM 66.50 ± 7.55 48.31 ± 5.90 57.81 ± 6.64 49.04 ± 7.03 52.64 ± 7.50 58.60 ± 7.53

Fusion

Frame based+ Concat 50.54 ± 1.55 27.57 ± 0.96 36.42 ± 2.09 41.70 ± 5.76 29.66 ± 1.25 36.04 ± 1.59

LSTM+ Concat 83.55 ± 5.74 72.98 ± 7.32 77.89 ± 11.70 48.71 ± 9.42 54.86 ± 6.83 57.11 ± 8.81

ST-PGN+LSTM+IMP+ML+GRU-Fusion (ours) 87.05 ± 3.47 80.90 ± 2.06 88.08 ± 1.89 57.79 ± 6.43 54.49 ± 5.59 58.35 ± 9.78

Table 5.2: mAP, edit, and F1-overlap score represented in mean and standard deviation over five

splits in UW-IOM and TUM datasets for different methods and modalities. The best results in

skeleton and fusion modality are shown in bold.

Where, Ot is the weighted feature that is sent as input into one LSTM unit. For Example, If pt is

0.6 then the image features (It) is weighted higher and the skeletal features (St) are weighted lower

(1− 0.6 = 0.4).

5.3 Experiments

5.3.1 Datasets

In skeleton-based action recognition the skeletal structure is represented as a graph. For our vision

only system, we use state of the art 3D skeleton estimation LCR-Net [117] to estimate poses for

the TUM Kitchen and UW-IOM dataset. While the focus of our work is to evaluate our proposed

method on an online setting , we also run experiments on Skeleton Kinetics and NTU-RGB datasets

as shown in Appendix Section I.

UW-IOM Dataset is a new dataset introduced in [100] with the intention of capturing activities
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that are common in warehouses. It consists of twenty videos (with average rate of twelve frames

per second) of a sequence of object manipulation. The duration of every video is approximately

three minutes. This dataset represents seventeen action classes and labels are of four-tier hierarchy

indicating the object (box/rod), human motion (walk, stand, and bend), type of object manipula-

tion if applicable (reach, pick-up, place, and hold), and the relative height of the surface where

manipulation is taking place (low, medium, and high).

TUM Kitchen Dataset [136] consists of nineteen videos of a sequence of kitchen activities

from four monocular cameras with the rate of twenty-five frames per second and the average du-

ration of two minutes (we used camera 2). We use the provided two-tier labels by [100], which

includes a motion verb (place, reach, stand), and a location (cabinet, drawer) or object manipulation

mode (both-hands, one-hand) and creates a total of twenty-one activity classes.

5.3.2 Implementation Details

In our experiments, we sample a fixed length T=80 frames from each skeleton sequence as the

input for online experiments. For offline experiments (NTU dataset and Skeleton Kinetics) we

set the length T = 150 to cover the entire sequence for one label. We set the batch size to 128

and 32 for online and offline experiments respectively. In order to compare fairly with ST-GCN,

the graph partitioning for the first adjacency matrix (Â1) is set to the same spatial strategy and

partitioned into 3 subsets: the root node itself, centripetal group, and centrifugal group. However

for the subsequent graphs Â2 and Â3 we assume that fully connected graph as initialization (all

nodes are connected to every other node) and learn the edge importance weighting.

It should be noted that we do not modify the original ST-GCN model in terms of number of

GCN or parameters. Our final model has only three GCN layers as opposed to the ten GCN-TCN

components. More specifically the first GCN layer has 64 channels, second GCN has 128 and third

has 256 channels. During training, we use the Adam optimizer [11] to optimize the network. We

set the betas to 0.9 and 0.999 and set weight decay to zero. We split the training and validation

using a five fold split in both TUM and UW-IOM. We report he mean and variance of all the splits

in the results Table 6.1. We also do a grid search for learning rate(lr) from 0.1 to 0.001. On an
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average, lr of 0.05 performs best on all the splits in both datasets.

5.3.3 Ergonomics Risk Assessment

Given the input skeleton (X) and the recognized activity from PGN (Figure 5.1), we compute

REBA. REBA assigns human posture scores, in the range 1-15, based on joint angles during an

activity. First, a risk score is computed for lower and upper extremities and those scores are added

to the task-related scores (coupling and load scores). In [100] the score over all subjects are aver-

aged offline and one score is reported for each activity class. We are proposing a real-time subject

specific REBA evaluation using pose and action information such as the weight of the object and

the type of manipulation.

5.4 Results and Discussion

5.4.1 Baseline Models

GCN vs Non-GCN Methods. To see the benefit of temporal analysis we perform experiments

that only take human skeleton or image as input. We use these features as inputs of a TCN [6],

ED-TCN [64] and LSTM [45] model. Baselines are trained in an online fashion. We also perform

frame based experiments to determine the efficacy of temporal modelling. It must be noted that no

additional convolution or linear layers are used to transform the input pose.

ST-GCN variants. We showcase the original ST-GCN implementations modified to support

online setting by removing the final average pooling layer. Most ST-GCN variants used for spatio-

temporal modelling, support recursive GCN-TCN models that pool messages across the overall

graph of full skeleton. We also replace the 1x1 TCN convolutions with LSTMs. We refer to this

model as GCN+TCN. Edge Importance, as in the original work, is trained and is showcased as ST-

GCN+IMP. LSTMs generally outperforms the TCNs to capture short transition changes in online

fashion. Hence for the following experiments we choose to use LSTM as a primary temporal

modelling source.

ST-PGN variants. Our models are showcased as pyramid-GCN (PGN) models. Similar to

the previous section, we choose to train the edge importance for each of the sub graphs. The
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predictions are averaged for ST-PGN+LSTM and ST-PGN+LSTM+IMP and used to compute a

single loss. Alternatively, our final multi-loss (ML) model has three losses, one for each of the

pyramids. These losses are averaged and propagated during training. During testing the model’s

predictions are averaged and used for evaluation. The results for this model is shown in Table 6.1

under ST-PGN+LSTM+IMP+ML.

Fusion Models. To evaluate the impact of adding contextual features, we use a fusion mech-

anism that learns the importance of each feature modalities through a gauging mechanism (pt in

top-left of Figure 5.2).

5.4.2 Performance Analysis

The UW-IOM dataset focus is on object manipulation tasks that involve picking up, placing, and

carrying objects, as well as walking bending and standing. Therefore, when we look at the edge

importance demonstrations in the top left of Figure 5.3, we see that left hand (L-hand), right hand

(R-hand) and right hip (R-hip) are the most important nodes in the low-level edge importance

heat-map. Also, at the high-level, the importance of arms is higher than the legs and spine. We

achieve an overall +5% improvement in mAP, +2% improvement in F1-overlap (ST-PGN+LSTM)

over the best baseline (GCN+LSTM and LSTM). However, we see an overall performance boost of

+16% in Edit score and similar to our multi-loss model. Importantly, ST-PGN is more powerful in

distinguishing pick-up and place. These activities are spatially very similar and differ primarily in

temporal aspects. We do not see a huge benefit in Edit score using our image fusion. However, we

see a minor improvement of 1% in the mAP and F1-overlap.

TUM kitchen dataset also includes object manipulation activities; however, it is focused on

common daily activities in a kitchen. Looking at the low-level heat-map (top right in Figure 5.3)

we observe that the hand, elbow, shoulder, and the neck joints have more importance. Looking at

the high-level demonstration, we observe that the arms are more important than the legs and spine.

We observe an overall improvement in mAP and F1-overlap using our models. However, a simple

ED-TCN is slightly better at capturing the sequence and hence the Edit score is higher. Since the

subjects move around in the scene, the significance of the lower body (legs, hip) is visibly higher



69

in the edge importance compared to UW-IOM.

The results reported in Table 6.1 show that using skeleton is sufficient to get equal or better

performance as compared to image-only or the fusion of skeleton and image. In UW-IOM, the

human is facing the camera; thus, the detected skeleton is accurate. However, since this is not the

case in the TUM dataset, the image-based models perform better as compared to the skeleton only

on TUM dataset. If the skeleton is accurate, the addition of the image does not seem to enhance

the results significantly in these tasks.

5.4.3 Failure Cases

We showcase confusion matrices of our best ST-PGN+LSTM+IMP+ML model in Figure 5.4 of

the previous section. While we see an overall performance increase on both UW-IOM and TUM

datasets, the model cannot deal with confusion among similar classes. We showcase the skeleton

only model as adding image features do not help significantly. We describe our insights in detail

below.

UW-IOM Dataset Our models can differentiate between box-handling actions and rod-handling

actions without the use of image features (The skeleton configuration differs and handling of these

objects is distinct due to the object size and location). However, Standing and walking misclassifi-

cations occur especially when the subject’s back faces the camera. Hence important hand motions

that help to infer these actions are missed. Better self-occlusion handling is warranted. Confusion

also occurs between bending actions such as bending-place. This is predominantly due to mis-

classifications in transitions between these actions since bending is followed by pickup action or

preceded by place action. Since it is a challenge for human annotators to accurately label transi-

tions, the edit score should avoid penalizing such transitions. TUM Dataset The camera view angle

contributes to significant confusion between related classes. We choose the training-validation split

with the lowest mAP score to analyze the results. The following observations are made:

1) The pickup-drawer and close-drawer are completely misclassified in this split. Once the

drawer is closed, the pose estimation predicted the hand orientation and location using LCR-Net

occlusion strategy [117]. However, the predicted pose is not always reliable, resulting in poor
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performance due to incorrect pose input during training. 2) Walk-not holding is misclassified for

the majority of the classes such as reach-cabinet, reach-drawer, stand-hold-both-hands, stand-

not-hold. This is attributed to unbalanced class distribution, where most of the actions are walking.

In future work, we plan to address biases introduced by data imbalance by introducing sampling

strategies. 3) Twisting actions are very challenging to detect using vision only since we only

measure poses in Cartesian coordinates. Adding rotation information should help the model detect

twisting actions about certain body axes. 4) Pickup-hold-both-hands gets confused with either

Pickup-hold-one-hand or stand-hold-both-hands. Confusion is primarily due to one hand either

being occluded by the object being handled, or the pose configuration being too similar in pose

configuration with standing. More key-points in the pose prediction models could help resolve

such issues.

5.5 Summary

We proposed a novel Spatio-Temporal Pyramid Graph Convolutional Network (ST-PGN) for on-

line action recognition. The method integrates the following: a) basic prior knowledge about the

skeletal structure, b) hierarchical joint relationships and c) data-driven learning framework for on-

line action based ergonomics risk assessment. The proposed approach addresses the simultaneous

association of time-varying pose with action and objects interaction to enable downstream appli-

cations that involve computational modeling and prediction of various human performance metrics

for ergonomics risk assessment.
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Figure 5.3: Three level learned edge importance heat-map in UW-IOM (shaded) and TUM datasets.

Each row shows the edge importance of each level of graph pyramid and it is consistent with

bottom-left of Figure 5.2. Every level of PGN consists of the sum of three edge importance multi-

plied by the adjacency matrix and node features.
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(a) UW-IOM (b) TUM

Figure 5.4: Confusion Matrix of ST-PGN+LSTM+IMP+ML model. Larger figures are added in

the Appendix section.
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Chapter 6

SPATIO-TEMPORAL HIERARCHICAL GRAPH CONVOLUTIONAL
NETWORK

In a HAR framework, objects or other components of the scenes are often the prime differentiat-

ing factors among human activities and such distinction becomes even more crucial in real-world

applications of HAR, such as safety analysis or industrial process fidelity monitoring. This has led

to a recent surge in using HOI graph representations. However, designing an algorithm based on

context-specific features affects generalizability, whereas using fewer context-sensitive ones such

as skeleton-based features has shown promising results. GCNs have been successfully used in ac-

tion recognition problems for modeling human-object and human joints interactions. Nevertheless,

the employment of both graphs for action recognition is unexplored in the literature. We propose a

ST-HGCN for early action recognition in long videos. Our method is flexible in handling datasets

with a variable number of objects in the scene as well as an unknown adjacency matrix. We evalu-

ate our algorithm on the UW-IOM dataset and show that our method significantly outperforms the

previous results on this dataset with faster convergence.

6.1 Background

The majority of human activities involve some level of interactions with the objects in the sur-

rounding environments. Such scenarios result in spatio-temporal data structures, where suitable

representation and understanding of such data structures allows us to incorporate domain specific

knowledge in the learning frameworks that aim to recognize the human activities. This form of

learning is especially important in computer vision applications such as human-robot collabora-

tion and industrial scene inspections.

Indeed, the interactions between humans and their environments are inherently spatio-temporal
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in the real world. For instance, during daily tasks such as house cleaning or food preparation,

humans interact with several objects at different locations and different points of time, indicating

dependencies over both space and time. Similar interdependence holds for the human body parts,

where the individual parts (shoulders, arms, etc.) coordinate their motions through the joints to

generate physically feasible postures. Such spatio-temporal interdependencies and coordinations

have formed the basis for many graph-based algorithms in order to solve HOI and Human Action

Recognition (HAR) problems [99, 112, 147, 167]. Scene-based features—which do not explicitly

model the spatio-temporal relations—have also been widely used to learn graphical representations

for both HOI and HAR. These features typically capture the scene-level appearance and contextual

information (background, color, boundary, configuration, etc.) of both humans and the objects

[4, 51, 119] and, sometimes, include the object affordances to learn how humans interact with them

in a (physically) meaningful manner [50]. However, these methods have been mostly successful

for offline semantic segmentation of human activities and online recognition of HOI from images

and video clips.
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Figure 6.1: Demonstration of the hierarchical graph structure on a sample frame. The pink dashed-

lines represent the human-object interaction graph and the yellow skeleton denotes the human body

structure graph.
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Our work, on the other hand, is inspired by the applications of HAR in industrial settings, where

real-time interactions with objects play an important role. In particular, we consider the challenge

of online activity recognition in warehouses and fulfillment centers, where the number of objects

vary and the HOI graphs, often represented using adjacency matrices, are not known in advance.

Our goal, therefore, is to create a flexible and fast converging algorithm that is able to identify the

activities and determine the key objects during HOI from long videos. Such an algorithm opens up

the possibility of performing key measurements such as ergonomics risk monitoring and process

fidelity assessment in industrial settings. In both of these measures, the requirement includes

identifying the correlations between the human poses and objects. Figure 6.1 demonstrates how

we can leverage the graph representation of human pose along with a graph representation of the

HOI in order to achieve this objective.

In this chapter, we propose a novel real-time Spatio-Temporal Hierarchical Graph Convolu-

tional Network (ST-HGCN). ST-HGCN is designed with a multi-layered GCN that models HOI.

The human node itself has a feature pyramid architecture that allows the model to learn the corre-

lations between human body parts. The contributions of our work are threefold: (1) We introduce

a novel hierarchical graph structure to handle temporal non-Euclidean datasets, in which the nodes

are non-Euclidean themselves. (2) Inspired by RBF, we define an adjacency function in real-time

for the Human Object Interaction Graph Convolutional Network (HOI-GCN). (3) We leverage our

ST-HGCN architecture to solve an early activity recognition problem that, to the best of our knowl-

edge, has not been explored in the context of HOI. We evaluate our algorithm on the UW-IOM

dataset, and show that it not only significantly outperforms the state-of-the-art, but also converges

faster than the already existing methods. In addition, we demonstrate how our proposed method

can be applied to any custom dataset—possibly created for real industrial applications. All the

steps and the source code will be available on the project’s GitHub page.

6.2 Proposed Hierarchical Framework

In this work, we introduce Spatio-Temporal Hierarchical Graph Convolutional Network (ST-HGCN)

for solving early action recognition problems. ST-HGCN models both the spatiotemporal features
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of the skeletal structure and the HOI graph. To represent the skeletal structure of the human body,

we use a Pyramidal Graph Convolutional Network (P-GCN) inspired by [99]. To capture the hu-

man object interaction within a scene we design a Human Object Interaction Graph Convolutional

Network (HOI-GCN) with an RBF-based adjacency matrix. Finally, an LSTM unit is used to learn

the temporal relations throughout the videos (shown in Figure 6.2 and described in Section 6.2.5).

Before we proceed to the details of the model, it is essential to describe the input structure.

Figure 6.2: Demonstration of our Spatio-Temporal Hierarchical Graph Convolutional Network

(ST-HGCN) scheme. The human 3D pose is detected using the LCRnet [117], and passes through

HBS-GCN—a pyramid architecture inspired by [99]. In parallel, a Faster R-CNN [114] back-

bone detects the objects and the human and returns the bounding boxes and a feature vector rep-

resenting the Region of Interest (ROI). In our ST-HGCN-earlyFusion+LSTM model, the human

features from HBS-GCN are fused with the Faster R-CNN features and in the late fusion model

(ST-HGCN+LSTM), they are fused after the Avg pool layer. ST-HGCN+LSTM is our best per-

forming model.
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6.2.1 Model Input Structure

The input to the model comprises two main parts. First, the skeleton structure of the human body,

which consists of a sequence of the xyz location of N = 15 joints (X ∈ RF×N×T , where F = 3

and T is the number of frames). Second, the objects bounding box coordinates along with the

Faster R-CNN [114] features (fo ∈ R1024) that represent each object (described in Section 6.3.3).

A bounding box is defined by a tuple containing (x0, y0) and (x1, y1) coordinates, where x0, y0 are

the coordinates of the image’s top left corner and x1, y1 denote the bottom right. The size of the

second set of features is 1024 + 4 = 1028. Note that this feature is also computed for the detected

human.

6.2.2 Graph Convolutional Network

GCN is proved to be an efficient tool for representing non-Euclidean data structures [166]. In this

work, we are using an undirected graph to represent the human skeleton structure as well as the

HOI graph. To briefly describe the machinery of GCNs, consider a graph with N nodes, a set of

edges between nodes encoded by an adjacency matrix A ∈ RN×N . The degree matrix is then

denoted by Dii =
∑

j Aij . Let xi ∈ RF represent the feature of each node, then x ∈ RF×N

represents the feature matrix of the graph and a linear formulation of graph convolution is,

f = D̂−
1
2 ÂD̂−

1
2x>W, (6.1)

where the output feature f is N ×C with C as the output feature size. We define Â = A+ I where

I is the identity matrix and W ∈ RF×C denotes the weight matrix. Similar to the design of 2D

convolutional layers, we can have a stack of GCNs each followed by a nonlinear function—say,

ReLU—to capture more detailed representations [57].

For the human skeleton structure, we follow the spatial configuration partitioning introduced in

ST-GCN [156]. Therein, the adjacency matrix is comprised of three matrices, hence Â =
∑

aAa

and Equation 6.1 is cast as a summation,

f =
∑
a

D̂
− 1

2
a AaD̂

− 1
2

a x>Wa, (6.2)
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6.2.3 Human Body Structure Graph

Feature pyramids have been leveraged mainly in object recognition algorithms [41, 75, 127] to pro-

duce a multi-scale feature representation with semantically strong meaning. Recently, Parsa et al.

[99] brought the feature pyramid architecture in skeleton-based action recognition and showed that

this design can more effectively capture the correlation of body parts. We use a similar Pyramidal

Graph Convolutional Network (P-GCN) as [99] to represent the skeletal structure of the human

body. P-GCN consist of two pathways: bottom-up and top-down. The bottom-up pathway is a

feed-forward process to compute a feature hierarchy consisting of feature maps at different scales

using a series of GCNs. The top-down pathway is the process of up-sampling spatially larger—

but semantically stronger—feature maps from higher pyramid levels resulting in higher resolution

features.

The input skeleton representation to the bottom-up pathway, X ∈ RF×N×T , consists of the

xyz location of N = 15 human body joints with F = 3 and T indicates time. Each level of

P-GCN has a specific adjacency matrix (Âk) that is defining the connection between the nodes at

that level and each GCN aggregates features using Equation 6.2. The initial GCN works on the

skeleton with Â1, constructed based on the skeleton connections. The second graph represents

the body parts and the third one the global structure. Each adjacency matrix is accompanied with

an edge-importance matrix1. A Group Average Pool (GAP) layer average-pools the features in a

selected group of nodes using a specific kernel so that the corresponding graph has semantically

meaningful nodes. This successive design of GCN-GAP combinations models the entire local and

global motions jointly.

To enhance the features in the top-down pathway, the output features of the bottom-up pathway

(3 layers) undergo a 1× 1 conv layer to reduce channel dimensions and then they are merged into

the top-down pathway features by element-wise addition (as described in [99]). In the rest of the

paper, we refer to Human Body Structure Graph Convolutional Network as HBS-GCN.

1Edge-importance is a learnable mask with the same dimension as the adjacency matrix and learns to scale the
contribution of a node’s feature to its neighboring nodes based on the learned importance weight of each spatial
graph edge.
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6.2.4 Human Object Interaction Graph

Performing an activity, humans often interact with multiple objects within a scene where the inter-

actions are under the influence of the relative position of objects with respect to each other and the

human. Therefore, local interactions are as important as the global ones. This, hence, motivates

the design of a GCN to capture the local and global representations in a scene.

We propose a HOI-GCN with Nhoi nodes consisting of a human and the objects detected in

the scene. To encourage local attention in our network, we construct an adjacency matrix with

elements representing the relative distance of nodes. Then this adjacency matrix is normalized

to the interval of [0, 1] and undergoes an RBF function that prioritizes closer objects by creating

values closer to one as in,

ahoiij = exp
(
−cdij2

)
, (6.3)

where ahoiij is the ijth element of the adjacency matrix Ahoi, dij is the normalized distance between

the nodes i and j, c is a constant that is dependent on the scene setup (c = 5 for UW-IOM dataset),

and exp is the exponential function. The adjacency matrix was accompanied by an edge importance

matrix to allow the algorithm learn the more sophisticated nodal relations from the data.

6.2.5 Spatio-Temporal Modeling

In this section, we describe in details how the HBS-GCN and HOI-GCN are combined and used in

the temporal modeling of the video sequences. The output features of the top-down pathway (fk)

are passed through an LSTM and result in a feature (zk) that captures the temporal aspect of the

human body movement. We use an adaptive average-poolmechanism to convert the three

features to one feature vector of size 1028. Then this feature is fused to the Faster R-CNN feature

corresponding to the human and undergoes a linear transformation followed by an activation unit

(ReLU). The resultant feature for the human node along with the features representing other objects

is used as the input to the HOI-GCN in order to represent the scene spatial features. The output of

the HOI-GCN undergoes a linear transformation followed by a ReLU activation unit and is sent to

an LSTM unit to create frame-wise activity predictions.
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6.3 Experiments

6.3.1 UW-IOM Dataset

Our proposed method is designed for online-HOI on long custom videos. The most relevant dataset

that satisfied these conditions is the newly released UW-IOM [100]. This dataset consists of twenty

videos capturing activities that are common in warehouses, and each video is approximately three

minutes. There are seventeen action classes and the labels consist of the object (box/rod), human

motion (walk, stand, and bend), type of object manipulation if applicable (reach, pick-up, place,

and hold), and the relative height of the surface where manipulation is taking place (low, medium,

and high).

To extract the human 3D pose, we use LCR-Net [117]. Moreover, we use Faster R-CNN [114]

to detect the objects, as UW-IOM does not provide the bounding boxes and features representing

the objects.

6.3.2 HOI-GCN Node Representations

We fine-tune the Faster R-CNN [114] with Detectron2 [150] backbone pre-trained on ImageNet

to detect the human and objects in the UW-IOM dataset. The result of the detection algorithm is

the 2D coordinate of the objects. However, we also require the underlying features that is used by

the network during the detection process, while in the current implementation of Faster R-CNN,

those features are inaccessible. Hence, we implement a function to extract the output of the fully

connected layer after the ROI Pooler layer and before the Softmax, and use that as the object

representations.2

6.3.3 Implementation Details

In our experiments, we sample a fixed length T=80 frames from each video sequence, and use a

batch size of 128. Inspired by [156], the adjacency matrix applied on the skeletal data at the first

layer of the P-GCN (Â1) is partitioned into 3 subsets: the root node itself, centripetal group, and

2Full detail of the implementation with the code will be available on the project GitHub page.
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centrifugal group. For the two other layers of the pyramid network similar to [99], we initialize Â2

and Â3 as if we have a fully connected graph and allow the edge importance learn the weighting of

the nodes. The feature pyramid architecture in HBS-GCN has 64 channels in the first GCN layer,

128 in the second GCN, and 256 channels in the third one. The GCN in the HOI-GCN has 1024

channels.

We design two different architectures to find the best strategy for fusing the feature coming

from HBS-GCN and Faster R-CNN for the human-node shown in Figure 6.2. In the first design we

fuse the features after the Avg pool unit in HOI-GCN. In the second design, we concatenate the

two features and pass them through a linear layer to make the size consistent with the object-nodes

and then send the HOI graph to the HOI-GCN. We call this design ST-HGCN-earlyFusion.

We used the same training and validation videos used in [99] to be able to compare our results,

however, since we are interested to determine the generalizability of our model, we keep out video

number 12 for testing. Thus we have 15 training and 4 validation and 1 test videos. We report the

mean and variance of all the validation splits in the results in Table 6.1. We use the Adam optimizer

[56] to optimize the network and perform a grid search for learning rate (lr) from 1e− 2 to 5e− 5.

On an average, an lr of 5e − 5 performs best on all the splits. We use early stopping with 10-step

patience based on the F1-overlap and Edit score.

6.4 Results and Discussion

To validate the effectiveness of our ST-HGCN model, we performed two experiments. The first one

is without the human skeleton information from the HBS-GCN, which we refer to as HOI-GCN+LSTM

in Tables 6.1 and 6.2. The second experiment is our hierarchical graph convolution design that

fuses the features from HBS-GCN and Faster R-CNN for the human and runs a HOI-GCN on the

scene. We call this experiment ST-HGCN+LSTM. We also consider two different architectures for

fusing the human features. One choice is to fuse after HOI-GCN has aggregated the Faster R-CNN

feature of the scene (ST-HGCN+LSTM), and the other is to fuse before the aggregation happens

(ST-HGCN-earlyFusion+LSTM). In the following sections, we discuss the performance of these

methods in more details.
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UW-IOM
Backbones

mAP (%) Edit (%) F1-overlap (%)

ST-GCN [156] 66.94 ± 3.49 61.89 ± 3.56 71.08 ± 2.83

ST-GCN+IMP [156] 73.28 ± 4.30 67.21 ± 6.05 76.58 ± 4.95

ST-PGN+LSTM+IMP+ML [99] 87.03 ± 2.85 79.86 ± 2.15 87.95 ± 1.54

ST-PGN+LSTM+IMP+ML+GRU-Fusion [99] 87.05 ± 3.47 80.90 ± 2.06 88.08 ± 1.89

HOI-GCN+LSTM (ours) 80.08 ± 11.82 87.35 ± 3.11 89.18 ± 4.02

ST-HGCN-earlyFusion+LSTM (ours) 83.50 ± 9.96 87.81 ± 3.23 89.09 ± 3.08

ST-HGCN+LSTM (ours) 88.40 6.32 88.84 ± 3.23 90.29 ± 1.64

Table 6.1: mAP across classes, edit, and F1-overlap score represented using mean and standard

deviation over the validation set in the UW-IOM dataset for different methods and modalities. The

best results are shown in bold. The results for our best model was achieved after 12 epoch with the

learning rate of 5e − 5. It should be mentioned that we consider four validation videos and kept

one video for testing, and the results on the test video are shown in Table 6.2.

UW-IOM
Backbones

mAP (%) Edit (%) F1-overlap (%)

HOI-GCN+LSTM (ours) 78.37 ± 17.95 72.22 75.60

ST-HGCN-earlyFusion+LSTM (ours) 83.83 ± 16.84 82.95 80.33

ST-HGCN+LSTM (ours) 85.88 ± 12.52 82.67 82.70

Table 6.2: mAP across classes, edit, and F1-overlap score represented using mean and standard

deviation over the test set (video number 12) in the UW-IOM dataset for different methods and

modalities. The best results are shown in bold.
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6.4.1 Performance Analysis

HBS-GCN vs. HOI-GCN vs. ST-HGCN

In Table 6.1, we compare the result of our ST-HGCN model on UW-IOM dataset with the other

reported results on this dataset. Parsa et al. examined the idea of fusing scene information driven

from a VGG16 network to the skeleton-based features in [99]. Although our model only has partial

information from the scene, it outperforms the ST-PGN+LSTM+IMP+ML+GRU-Fusion results.

This is a key observation emphasizing the importance of modeling the human object relation in

online-HAR problems. Our HBS-GCN has a similar architecture to the ST-PGN network presented

in [99]. Comparing our best model results with ST-PGN+LSTM+IMP+ML in Table 6.1, we see that

incorporating the HOI graph enhances the skeleton-only results. Our early- and late-fusion models

perform similarly. However, the late fusion of HBS-GCN features results in the best performance

(ST-HGCN+LSTM). In Table 6.2, we show the performance of our models on the test set. It is

insightful to see even with close performance of HOI-GCN with the other models with skeleton

information, this model is significantly less generalizable on an unseen video.

In Figure 6.5, we demonstrate the average edge importance matrices across three matrix com-

ponents of the adjacency matrix corresponding to each level of the pyramid network. Similarly,

we showcase the edge importance for the HOI graph in Figure 6.3. The UW-IOM dataset includes

object manipulation tasks that involve picking-up and placing objects from a shelf at different

heights. Therefore, in Figure 6.5, we observe that the correlations between the legs and arms are

more important. The majority of participants in this dataset are right-hand dominant. This is in-

terestingly reflected in the resulting edge importance matrices as R-leg and R-arm are found to be

more important.

Looking at Figure 6.3 that shows the objects edge importance weights for ST-HGCN+LSTM,

an interesting observation is that the correlation of the objects matter more as compared to the

objects features themselves (brighter off-diagonal entries). There is an exception for obj 7, and we

think this is because that object is mainly absent and network needs to pay close attention to when

it is detected meaning the feature is non-zero. obj 1 to obj 3 are mainly the boxes in the scene
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and they are almost always present. Therefore, the corresponding off-diagonal entities are brighter

(more important).

A similar plot is drawn for the HOI-GCN+LSTM in Figure 6.4. We see the results are reversed

as compared to ST-HGCN+LSTM (Figure 6.3). We believe that this reversal is because the human

feature has no advantage over the other objects, and they are all driven from the Faster R-CNN

backbone. Therefore, any object can be selected as the most important node. Another interesting

observation is that the diagonal elements are more important than the off-diagonal elements, im-

plying that the objects themselves play a more important role in solving the recognition task rather

than the correlations among the objects.
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Figure 6.3: Learned edge importance heat-map for the ST-HGCN model. Each row shows the edge

importance corresponding to each node of the HOI graph. The HOI-GCN part of the network uses

the edge importance multiplied by the adjacency matrix to aggregate node features. The level of

brightness shows higher values and is an indication of the importance.
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Late Fusion vs. Early Fusion

The idea behind designing this experiment is to determine the most effective place in the network to

include the HBS-GCN human feature. In the early fusion model (ST-HGCN-earlyFusion+LSTM),

we fuse the two features for the human node before the HOI-GCN aggregates node features, and

in the late fusion model (ST-HGCN+LSTM) the HBS-GCN feature later fused to the scene feature

coming from the HOI-GCN. Although the results in both Table 6.1 and 6.2 are close, it is slightly

in favor of ST-HGCN+LSTM, and we believe this is due to the higher pose information preserved

in the feature vector that goes to the classifier.
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Figure 6.4: Learned edge importance heat-map for the HOI-GCN model. Each row shows the edge

importance corresponding to each node of the HOI graph. HOI-GCN uses the edge importance

multiplied by the adjacency matrix to aggregate node features. The level of brightness shows

higher values and is an indication of the importance.
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Figure 6.5: Three level learned edge importance heat-map in UW-IOM shown as a heat-map. Each

row shows the edge importance of each level of graph pyramid as described in [99]. Every level of

the pyramid consists of the sum of three edge importance multiplied by the adjacency matrix and

node features. The level of brightness shows higher values and is an indication of the importance.
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Figure 6.6: Confusion matrix for ST-HGCN+LSTM model. The top figure is for the validation set

and the bottom figure for the test set.
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Figure 6.7: Confusion matrix for HOI-GCN+LSTM model. The top figure is for the validation set

and the bottom figure for the test set.
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6.4.2 Failure Cases

We show the confusion matrices for our ST-HGCN+LSTM model performance on both the vali-

dation and test set in Figure 6.6. The bottom confusion matrix demonstrates the significance of

the performance. In addition, as observed from the results in Table 6.2, the HOI-GCN generalizes

poorly to the test set.

Our models can successfully classify box-handling and rod-handling actions. However, Stand-

ing and walking are more confusing, especially at the transitions between two classes. This is even

more evident when the hands of the subjects are hidden from the camera due to self-occlusion. Sim-

ilarly, bending is confused with bending/place and bending/pick up since the transitions between

these actions are not necessarily annotated consistently in this dataset. In the HOI-GCN+LSTM

model (Figure 6.7), more confusion is observed for actions in which the pose carries a lot of infor-

mation, such as rod/pick-up and box-pickup, where the hand position is the main differentiator.

6.5 Summary

In this chapter, we propose using a Spatio-Temporal Hierarchical Graph Convolutional Network

(ST-HGCN) to leverage the human object interaction information in a skeleton-based online action

recognition setup. Our algorithm can potentially be employed for any custom dataset and with

all the components released on the project website. We compare the results of our method to two

other designs as well as the state-of-the-art results on UW-IOM dataset to show how human object

interaction information can enhance the results of an online-HAR model.
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Chapter 7

CONCLUSIONS AND FUTURE WORK

In this thesis we studied Human Action Recognition (HAR) in video data. Part I is about Hu-

man Activity Segmentation (HAS) in which the goal is to semantically segment long videos into

activity classes and identify the beginning and end of each segment. Part II is dedicated to early-

/online-HAR problems in which inference is made to identify human actions in the latest observed

T frames. Usually, T is a small number in the range of 50 to 100 frames, which makes it a challeng-

ing problem. All presented studies are done having the industry application in mind. Specifically,

they are dedicated to facilitate automation in ergonomics risk assessment. When real world appli-

cation is a key drive of projects then the generalizability of the developed algorithms become even

more essential. In this regard, this chapter focuses on discussing the key learning points from the

presented studies.

7.1 Discussion

In Chapter 3, we present an end-to-end deep learning system to accurately segment human actions

and predict the corresponding ergonomic risks during indoor object manipulation using camera

videos. This system comprises effective spatial features extraction and sequential feeding of the

extracted features to temporal neural networks for real-time segmentation into meaningful actions.

We believe that good overall performance is the cumulative effect of both the steps as is observed

from our results for the different segmentation methods on the more challenging UW IOM dataset.

This reinforces the intuition that both spatial and temporal characteristics are important in analyz-

ing long-duration human action videos. The segmentation methods work well with just standard

(RGB) camera videos, irrespective of how the spatial features are extracted, provided depth cam-

eras are used to generate reliable ergonomic risk scores for all the possible actions correspond-
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ing to a known object manipulation environment. Consequently, it makes our system useful for

widespread deployment in factories and warehouses without requiring 3D cameras, body markers,

and body-mounted sensors.

Despite the accurate performance of the proposed model, this method can be improved in

multiple aspects. First, is to use less context-dependent features (VGG16 driven) to enhance the

generalizability of the model. In Chapter 4, a multi-task learning framework is proposed that uses

skeleton-based features for solving similar problem. Another opportunity for improvement is to

move toward online-HAR (or early-HAR) and develop a learning method that would be capable of

risk prediction on a frame-by-frame basis. This aspect is addressed in Chapter 5.

In Chapter 4, we introduce a graph-based multi-task learning approach for Human Postural As-

sessment and show that it outperforms the equivalent Single-Task Learning due to the importance

of the activity type in the risk associated with a posture. Human Postural Assessment tasks, specif-

ically Ergonomics Risk Assessment, are more challenging than regular Human Activity Evaluation

problems since the assessment has to happen in a frame-wise manner and is highly dependent on

joint kinematics. Despite the challenge of tracking the intricacies of our risk assessment (REBA)

profile, the proposed method shows competence in predicting the risk scores. More importantly,

our work demonstrates the effectiveness of the GCN model as a spatial feature extraction backbone,

compared to context-based features that have been traditionally used with ED-TCN for Human Ac-

tivity Segmentation tasks. Although the focus of this work is on Ergonomics Risk Assessment, we

believe that our Multi-Task Learning approach can be applied to many other action and skill assess-

ment problems. The mapping of skeletal representation to the activity score using GCN is a new

approach for solving ERA, which can initiate a new direction by exploiting the natural connection

between posture and activity risk/quality.

In Chapter 5, We proposed a novel Spatio-Temporal Pyramid Graph Convolutional Network

(ST-PGN) for online action recognition. The method integrates the following: a) basic prior knowl-

edge about the skeletal structure, b) hierarchical joint relationships and c) data-driven learning

framework for online action based ergonomics risk assessment. The hierarchical graph embed-

dings preserve the semantic meaning of skeletal keypoint descriptors. The learned skeletal features
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are fused with image features using a fusion mechanism that can model motion and context jointly.

The proposed approach addresses the simultaneous association of time-varying pose with action

and objects interaction to enable downstream applications that involve computational modeling

and prediction of various human performance metrics for ergonomics risk assessment.

Some open issues remain. First, generalization concerning other skeletal joint representations

( Lie [143], Quaternion [105] ) and camera viewpoint changes have not been addressed. Further-

more, while we outperform state of the art on online action recognition we are only comparable

to the state of the art in offline action datasets (NTU-RGBD and Skeleton-Kinetics). The effect

of the action label distribution on our models need to be studied further. In future work, we hope

to address these issues with improved context fusion, long-term temporal modeling, and biome-

chanically consistent human pose representations [168]. In Chapter 6, we propose using a Spatio-

Temporal Hierarchical Graph Convolutional Network (ST-HGCN) to leverage the human object

interaction information in a skeleton-based online action recognition setup. Our algorithm can po-

tentially be employed for any custom dataset and with all the components released on the project

website. We compare the results of our method to two other designs as well as the state-of-the-art

results on UW-IOM dataset to show how human object interaction information can enhance the

results of an online-HAR model.

We believe that our ST-HGCN model introduces a new perspective in solving both HAR and

HOI problems. As discussed earlier, the HOI graph has not been considered in solving online-

HAR problems, and the human skeleton information has not been leveraged in HOI problems. In

addition, HOI methods have not been implemented for handling long videos. Hence, we anticipate

our method to inspire more efforts in this line of research.

7.2 Towards Generalization

A generalizable neural network shows reliable performance on unseen data in addition to the train-

ing set. The question of what metric should be used for measuring generalizability of both Machine

Learning and Deep Learning models have been a research topic itself [37, 52, 158]. In the case of

video analysis, generalizability has two aspects to it; one is the capability to perform on sequences
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with different temporal properties that share similar features as the training data. Second, is the

capability to capture spatial representation in unseen videos. Prior knowledge about data helps

with designing richer spatial and temporal representation and achieve better performance on un-

seen or adversarial data. In the following sections we discuss our observations from the research

presented in previous chapters and the possible directions for key component of HAR problem,

such as features and training algorithm.

7.2.1 Spatial and Temporal Features

Good feature representations result in a better differentiated search space and make it easier for

the learning algorithm to distinguish different classes of activities. Context rich features such as

pixel-based features often show the best performance on the training set, but depending on how

the feature extractor is designed their performance on test set suffers. In Chapter 3, we use a

VGG16 backbone to extract the spatial features in each frame and we observed that despite the

good performance of models with pixel-based features, they do not necessarily generalize well.

For HAR, specifically, these features do not represent human body dynamics. Optical Flow which

is the pattern of apparent motion of objects, humans, and surfaces in a visual scene caused by

the relative motion between an observer and a scene is often used to capture human movement

in a scene. Optical follow is a measure for quantifying the difference between two frame of a

video from pixel values. Although using optical flow is effective in many applications, it has a

few limitations when it comes to HAR. Optical flow is most useful when the camera and the

background are stationary. Like any other 2D pixel based feature extractor it is sensitive to view

point and how the human body is oriented with respect to the camera.

In Chapter 4, 5, and 6, we demonstrated the skeleton-based features, and how they can enhance

the generalizability of models. Skeleton-based features provide the opportunity to incorporate a

more realistic model of human movement in to a deep learning model and since to posture of

performing an a activity is similar across individuals it creates a more generalizable model. 3D

skeleton information can be represented with Lie Algebra and make the model learn the human

joints trajectories [10]. To further enhance the quality of Lie algebra-based feature representation,
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we can design convolutional networks inspired from Rotation Matrices used in Lie algebra map-

pings [72]. The downside of using skeleton-based feature is that we lose information about the

scene, and in many cases key elements in classifying human activities are objects or scene infor-

mation. We explored incorporation of objects with skeleton information in Chapter 6. To design

well representative features one should balance the use of context-independent and context heavy

features. For modeling the temporal representation, when it comes to HAS, ED-TCNs variations

a very powerful to capture the temporal transitions between activities, and we observed that for

early-HAR, LSTM-based designs perform better.

7.2.2 Learning Algorithms

In this thesis we demonstrate the power of Graph Convolutional Networks (GCNs) in capturing

complex non-Euclidean data structures with interactions. In Chapter 4-6, we used variations of

GCNs to represent both the human skeleton and the scene graph. GCNs learn the dynamic of the

interaction between input elements and at the time of inference in addition to spatial positioning of

elements they look for the interactions.

If the goal is to move towards generalizable HAR algorithms for real-life scenarios, we need

to leverage prior knowledge about the task as much as possible. In addition, if all the activities are

not predefined for the application in hand, we need to transition from Static Learning Algorithms

(SLAs) to Dynamic Learning Algorithms (DLAs) to be able to handle unseen activities. SLAs

are algorithms trained offline and used in online inference, whereas DLAs are algorithms that get

updated as new observations are made. The challenge with DLAs is that we would need a labeling

mechanism to label new activities. One possible getaway with the issue of lacking labels is to

use few-shot learning and/or to bring in other modalities of training such as Natural Language

Processing and use knowledge graphs to create labels for unseen activities with a better accuracy.
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