ON THE SYNERGIES BETWEEN MACHINE LEARNING AND BINOCULAR STEREO FO DEPTH ESTIMATION FROM IMAGES A SURVEY
ABSTRACT:
Stereo matching is one of the longest-standing problems in computer vision with close to 40 years of studies and research. Throughout the years the paradigm has shifted from local, pixel-level decision to various forms of discrete and continuous optimization to data-driven, learning-based methods.Recently, the rise of machine learning and the rapid proliferation of deep learning enhanced stereo matching with new exciting trends and applications unthinkable until a few years ago. Interestingly, the relationship between these two worlds is two-way. While machine, and especially deep, learning advanced the state-of-the-art in stereo matching, stereo itself enabled new ground-breaking methodologies such as self-supervised monocular depth estimation based on deep networks. In this paper, we review recent research in the field of learning-based depth estimation from single and binocular images highlighting the synergies, the successes achieved so far and the open challenges the community is going to face in the immediate future. Index Terms—Stereo matching, machine learning, deep learning, monocular depth estimation

EXISTING SYSTEM:
· While machine, and especially deep, learning advanced the state-of-the-art in stereo matching, stereo itself enabled new ground-breaking methodologies such as self-supervised monocular depth estimation based on deep networks.
·  In this paper, we review recent research in the field of learning-based depth estimation from single and binocular images highlighting the synergies, the successes achieved so far and the open challenges the community is going to face in the immediate future. 
· Index Terms—Stereo matching, machine learning, deep learning, monocular depth estimation
Disadvantage of Existing System
· Then, we consider two aspects concerning respectively the conventional pipelines and the end-to-end models, that are confidence estimation, covered in the domain-shift problem, introduced in together with techniques aimed at mitigating it. 
· In most computer vision problems, the availability of large and diverse datasets is of paramount importance for successfully developing new algorithms and for being able to measure their effectiveness.
PROPOSED SYSTEM :
· A few years later, an improved dataset and benchmark for scene flow estimation was proposed. In this case, the dataset consists of  color stereo pairs, evenly split into training and test sets
· Three main versions have been proposed between 2002 [1] and  with varying resolution and image content. We will focus on this latter version, namely Middlebury 2014, since it provides an online benchmark for evaluation and still represents one of the most challenging datasets for stereo matching. 
· As evidence, we underline that most of the proposed end-to-end networks for stereo matching are trained from scratch on this large dataset, before being fine-tuned on real data.


ADVANTAGE:
· The same procedure used for KITTI 2012 is followed here to obtain ground truth labels, except for moving objects whose 3D points cannot be properly accumulated over time.
· Some of the data are used multiple times under different exposure and illumination conditions.
· This dataset has rarely been used in the evaluationof stereo approaches .it is much more popular in optical flow.
· Although rarely used to train stereo networks [19], the aforementioned modelling power makes it a promising tool for future research
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	"“Unsupervised CNN for single view depth estimation: Geometry to the rescue,”
	R. Garg, V. K. BG, G. Carneiro, and I. Reid
	A significant weakness of most current deep Convolutional Neural Networks is the need to train them using vast amounts of manu- ally labelled data.

	“Advances in computational stereo,”
	M. Brown, D. Burschka, and G. Hager,
	Extraction of three-dimensional structure of a scene from stereo images is a problem that has been studied by the computer vision community for decades.


INTRODUCTION :
· Since the early stages of computer vision, estimating depth from images has been one of the iconic challenges for researchers.
·  Obtaining dense and accurate depth maps is crucial for effectively addressing higher-level tasks such as 3D reconstruction, mapping and localization, autonomous driving, and many more.
·  The focus of this paper is on stereo matching, which is classified as a passive sensing technique, and related topics.
BLOCK DIAGRAM:
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ARCHITECTURE DIAGRAM :
[image: The schematic of unsupervised monocular depth estimation. X indicates that the three-dimensional scene is mapped to the two-dimensional plane. Z is the depth of the image. x l is the coordinate of the left camera imaging and x r is the coordinate of the right camera imaging. f is the focal length of the binocular camera. b is the distance of baseline between the left and right cameras of the binocular camera.]





SOFTWARE REQUIREMENTS:
· Operating System	: Windows 10
· Platform			: python
HARDWARE REQUIREMENTS:
· Keyboard
· Mouse
· Hard disk 500GB
· Ram 4 G



CONCLUTION :
· We have presented a comprehensive survey of recent advances in depth estimation from images leveraging the synergies between binocular stereo and data-driven, learningbased methods.
·  Reviewing the literature reveals that the relationship is bidirectional and new machine learning approaches had to be developed to address depth estimation. 
· While research is ongoing and voluminous, we believe that this survey will be valuable for researchers entering this field, as well as for experts.
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