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“GrabCut” — Interactive Foreground Extraction using lterated Graph Cuts

Carsten Rother* Vladimir Kolmo .gorov;r Andrew Blake?
Microsoft Research Cambridge. UK

Figure 1: Three examples of GrabCut. The user drags a rectangle loosely around an object. The object is then extracted automatically.
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Ground truth Entangled Conventional

A. Montillo, J. Shotton, J. Winn, J. E. Iglesias, D. Metaxas, and A. Criminisi,
EntangledDecision Forests and their Application for Semantic Segmentation of CT Imag
in Information Processing in Medical ImagiRi/f), July 2011
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Real-Time Human Pose Recognition in Parts from Single Depth Images

Jamie Shotton Andrew Fitzgibbon Mat Cook Toby Sharp Mark Finocchio
Richard Moore Alex Kipman Andrew Blake
Microsoft Research Cambridge & Xbox Incubation

Abstract

We propose a new method to quickly and accurately pre-
dict 3D positions of body joints from a single depth image,
using no temporal information. We take an object recog-
nition approach, designing an intermediate body parts rep-
resentation that maps the difficult pose estimation problem
into a simpler per-pixel classification problem. Our large
— . dataset allows the classifier to
nt to pose, body shape, clothing,
1fidence-scored 3D proposals of

E v P R ] ] sjecting the classification result

frames per second on consumer

m COLO RADO m shows high accuracy on both Figure 1. Overview. From an single input depth image, a per-pixel
oyrincie unw e 1o ocso, dnd inve stigates the effect of sev- body part distribution is inferred. (Colors indicate the most likely

eral trainine narameters. We achieve state of the art accu- part labels at each pixel, and correspond in the joint proposals).
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From: Mark Finocchio

To: Jamie Shotton

Date: 11 Sept 2008

Subject: Your computer vision expertise

Hi Jamie,
) xT OE 11 8Ai @ )T AGAAOCEITT AT A ) 11 O0EAAA OI
recognition using contours ( http://jamie.shotton.org/work/research.html ). |
was hoping to be able to discuss an important scenario we are trying to
solve with you. Would you be able to chat?
Thanks,
- Mark
THE CALL Microsoft
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XBoxprototype, Sept2008
A Real time

A Accurate

A General poses

Butd

A Needs initialization
A Limited bodytypes
A Limited agility
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Model-based vision:
a program to see
a walking person

David Hogg

For a machine to be able to ‘see’, it must M:oamhmg
abwt the otym it is ‘looking” at. A common method in
h general rather

structure whether perceived visually or otherwise. Each
output description is an instance of an abstract 3D model
for a class of human walkers, henceforth called the
WALRERmndd, itselfani mput to the program (Figure 2).

than specific kmmtadge about the object. An ail
technigue, and the one used in this paper, is @ model-based
approach in which particulars abw: the object are given
and this drives the analysis. The computer program
described here, the WALKER model, maps images into a
description in which a person is represented by the series of
hierarchical levels, i.e. a person has an arm which has a
lower-arm which has a hand. The performance of the
program is illustrated by superimposing the machine-
generated picture over the original photographic images.

Keywords: vision, machine perception, WALKER model

INTRODUCTION

Vision systems, both natural and artificial, require
knowledge about the pereeived objects, although the role
played by this knowledge in the analytical process is
unclear. Many techniques of machine vision seck to
generate 3D structural descriptions without invoking
object specific knowledge. An alternative is to adopt the
‘model-based’ approach wherein particular knowledge
about the objects being sought drives the analysis.

This paper is concerned with a computer program that
understands TV image sequences depicting a person
wilking through an arbitrary environment (Figure 1). The
program maps given image sequences into a description in
which the human body is represented by a collection of
connected cylinders corresponding to its parts. It is
supposed that such a 3D structural description would be
both necessary and sufficient for many everyday tasks to
be performed ecffectively. For ecxample, touching
someone’s arm or deciding whether several people are
marching in step all appear to require a grasp of 3D

School u{Enpnmm‘ and Applicd Sciences, University of Sussex,
Brighton, Sussex, Ul

an SERC student in the Cogni
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wmlemmrwu

are sufficiently
demlcd to determine & plc(mal reconstruction of the
pemnﬁom lhepe:specuveoftheongnllmmdcm
over the original
m:guldmuﬂmnnnnfﬂnpmplmspzrﬁmumu
visible to the human observer. When presented with the
sequence depicted in Figure 1, the Pprogram gencrates as
part of its ouiput the sequence shown in Figure 3. The
program copes with the enormous local mblgu.ny inan
image by weighing evidence from across the image
support of a large number of possible ml.c:pretatmm. As a
the program’s deg'ade
ingly difficult image
thch tlw wnllu:r may be obscured or m‘.:llllld.ad 10 [ha
camera.

Visual problem

‘The visual problem can be divided broadly into two parts;
namely, what should be described and how can such
descriptions be derived from a time-varying 2D image. Itis
impossible to divorce these two issues from one another
since the difficulty of deriving a description from an image
is bound to depend on the things being described.
Murmv:r. cmnm r:prummmnx may be requmed solely

ions for the interp process

itself.

The question of what should be represented must
depend on the visual system’s function within a cognitive
‘machine whose ultimate goal may be far removed from the
visual world'. nmp-perlxiunmnwmmvcmnlnamlm
accpeting the useful as
an interface to a larger sym:m md instead concentrates on

issue of how such a description from
an image.

General-knowledge inference

Much of the current work in computer vision is concerned
with the generation of 3D descriptions using only gencral-
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