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Chapter 1

Introduction

This thesis deals with the problem of 3D animal reconstruction and describes
the issues that arise in modern reconstruction pipelines when applied to the artic-
ulated moving objects. It provides a comprehensive overview of the modern and
historical reconstruction methods and discusses their applicability to the given task.
Following the successes of the neural networks in multiple areas of computer vision,
it explores an end-to-end learning-based family of the reconstruction pipelines in
more details. Results of several such pipelines are demonstrated and a new method,
called SMAL4V, is proposed, extending the existing end-to-end methods to the
video sequences. The proposed architecture leverages temporal information to pre-
dict smoother meshes throughout the video.

Figure 1.1: A typical example of the point clouds obtained from the reconstruction of
some static objects. Image taken from [1].

1.1 Motivation

The research of 3D reconstruction has been a popular topic in computer vi-
sion for several decades. It has a wide range of possible applications, including
medicine [2], agriculture [3][4], archaeology [5], ecology [6], robotics [7], autonomous
vehicles [8], motion capture [9] and many others. A typical 3D reconstruction pipeline
takes a set of images of an object or scene of interest and returns its 3D represen-
tation, such as a point cloud, mesh or voxel model. Optionally, the resulting repre-
sentation can be colored or texturized if required by the application. Depending on

1
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