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Abstract

In the recent years, rapid advancement in digital cameras and social media has resulted in

widespread use and availability of images and videos. This, in-turn, has provided an impetus

for automatic analysis of visual content in images and videos. Recognition of actions from

videos has emerged as a promising field of research owing to many possible applications such

as surveillance, human-computer interaction, content-based video retrieval, intelligent environ-

ment for assisted living etc. Further, recent advancements in sensing technology has resulted in

an increased interest in the field of analysis of 3D data. Acquisition of 3D data has been greatly

facilitated by devices such as Kinect. As a result, depth information about various objects and

person in the scene can be easily obtained in the form of depth images. In addition to the depth

maps, 3D position of body-joints is also available from Kinect. In this thesis, we address the

issue of recognition of actions from sequence of depth maps and 3D skeleton data.

We propose a bag-of-feature based model for classification of actions from 3D skeleton

data. To incorporate temporal information into the proposed model, we propose a method for

constructing the model in a systematic and hierarchical manner. Depth maps or depth images

are a richer source of 3D information since, the shape and geometric details of entire silhouette

is available which may be beneficial particularly when the joints data is occluded or missing.

We first study the applicability of widely used space-time interest points method. We explore

the scenarios under which such a method is useful. In the literature, numerous methods have

been proposed that analyse sequence of depth images by projecting them onto principal planes

and accumulating the difference between consecutive projections. However, these methods

only make partial observations from projected images as it involves considering the difference

between consecutive projected frames. We propose to study the stacked silhouettes obtained

after projection. We analyse the three 3D space-time action-shapes and obtain saliency and

local orientation features from these action-shapes.

i



Depth images and 3D skeleton data each have their own merits. We propose a method based

on fusion of information from both the modalities. Shape and motion features are extracted

from depth images and skeleton data and their integration is done based on selecting the most

relevant features to be used for classification.

Recent advancements in the field of neural network and their usage in numerous computer

vision tasks has resulted in development of effective end-to-end systems for tasks such as ob-

ject recognition, image captioning, scene understanding and action recognition. We explore

one such model for developing an end-to-end system for recognition of actions from 3D skele-

ton data. We use Recurrent Neural network (RNN) and its variant Long Short-Term Mem-

ory (LSTM) for modelling temporal dependencies among body-joints’ data. Our experimental

study indicates that an efficient model with lesser number of trainable parameters can be devel-

oped by using only a subset of joints in comparison to the entire set of available joints.
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