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Robust Real-Time Visual Odometry for Dense RGB-D Mapping

Thomas Whelan1, Hordur Johannsson2, Michael Kaess2, John J. Leonard2 and John McDonald1

Abstract— This paper describes extensions to the Kintinu-
ous [1] algorithm for spatially extended KinectFusion, incor-
porating the following additions: (i) the integration of multiple
6DOF camera odometry estimation methods for robust track-
ing; (ii) a novel GPU-based implementation of an existing dense
RGB-D visual odometry algorithm; (iii) advanced fused real-
time surface coloring. These extensions are validated with ex-
tensive experimental results, both quantitative and qualitative,
demonstrating the ability to build dense fully colored models
of spatially extended environments for robotics and virtual
reality applications while remaining robust against scenes with
challenging sets of geometric and visual features.

I. INTRODUCTION
The advent of the Microsoft Kinect and other RGB-D

sensors has resulted in great progress in dense mapping and
SLAM in recent years [2], [3], [4]. Given the low cost of the
sensor coupled with the large scale availability of GPUs for
high performance computing, dense methods are becoming
more popular in tackling some of the key perception prob-
lems in robotics [5], [6], [7]. The KinectFusion algorithm
in particular, introduced by Newcombe et al., was one of
the first systems to produce a volumetric reconstruction of a
scene in real-time with an unprecedented level of accuracy
[6]. While a volumetric representation is useful for planning
robotic tasks such as manipulation, this algorithm has a
number of limitations. In our previous work we extended
KinectFusion to function over an extended area [1].

A notable feature of the KinectFusion algorithm is use
of depth information alone for camera motion tracking. The
underlying odometry estimation algorithm, iterative closest
point (ICP), is prone to failure in situations where camera
displacement is large between frames or a lack of 3D depth
features poorly constrains the camera pose in the observed
scene. For example, camera tracking performance will suffer
when pointed at a flat wall or corridor with no significant 3D
features present. In our previous paper we presented some
preliminary work on remedying this problem by means of
incorporating a visual odometry method for camera pose
estimation in the KinectFusion pipeline [1].

We present results demonstrating that the combination of
various odometry estimation techniques increases the robust-
ness of camera tracking across a variety of environments,
from desk sized manipulation type environments to corridors
and extended scale paths. We also present a novel GPU-
implementation of the RGB-D-based visual odometry system

1T. Whelan and J. McDonald are with the Department of Computer
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Technology (MIT), Cambridge, MA 02139, USA.

Fig. 1. Triangular mesh stairwell produced in real-time by the Kintinuous
system containing over 2.6 million triangles and 1.5 million colored vertices.

of Steinbruecker et al. [8], enabling real-time execution of
the algorithm. Additionally we present a method for intelli-
gently integrating RGB color information into the Kinect-
Fusion reconstruction process to allow high quality fully
colored map production. The method we present results in
real-time colored volumetric surface reconstructions without
the use of keyframes. Although the original KinectFusion
algorithm was published with images and videos showing
colored surface reconstructions, this method was not docu-
mented and only ever described as “texture mapped” [9].

II. RELATED WORK
A number of different approaches have been used to solve

the odometry estimation problem in RGB-D-based mapping
systems. Visual feature matching using various keypoint
descriptors for pose estimation have been popular in SLAM
systems [10], [11], [2]. As discussed in the previous section,
the KinectFusion system relies purely on dense ICP every
frame to determine the camera pose. Henry et al. opted to
combine ICP with visual features for a more robust pose
estimate. Less commonly an image warping method is used
in the parameterisation of a camera transformation as used
by Audras et al. [4] and Steinbruecker et al. [8].

Since the release of KinectFusion in 2011 a number
of derived works have followed, notably our own system
Kintinuous [1], the commercial ReconstructMe product [12],
the KinFu Large Scale open source PCL project [13] and the
Moving Volume KinectFusion work of Roth and Vona [14].
At the time of writing none of these works have incorporated
alternative methods of camera tracking in place of ICP. In
addition none of these works have shown results of real-time
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Figure 2. Main idea. Semantic object labeling as a way to correct
pose estimation errors.

3D reconstruction were perfect, then object labeling would
be easy – one would merely need to label an object in one
frame, and the reconstruction could be used to propagate
these annotations to the rest of the images. On the other
hand, if objects were annotated in every frame, then recon-
struction would improve dramatically since consistencies
between frames could be used as constraints in optimiza-
tion. By combining the two tasks, we (a) produce better 3D
reconstructions, and (b) provide an object annotation tool
that makes it easy to label long RGB-D videos.

To produce better reconstructions, we incorporate object
labels into our structure-from-motion algorithm and solve
jointly for object locations and camera poses. The result-
ing algorithm is based on standard bundle adjustment, and
the addition of object labels helps to avoid errors due to
drift and loop-closing failures, establishing “long-range”
connections between frames that may be very far apart in
a video but that nevertheless contain the same object in-
stances.

Additionally, we use the 3D reconstruction to help with
object annotation, creating a tool that speeds up the process
of labeling a long video. A user labels an object in one
frame, and the partially completed reconstruction is used to
propagate object labels to other frames.

1.1. Related work

There are several 3D datasets that capture full videos
[20, 21, 12, 2, 7] rather than snapshots [11]. Especially
noteworthy is the NYU Depth dataset [20], which contains
scans of a large number of scenes. Despite the large quan-
tity of scans, it is still very much a view-based dataset.
As an experiment, we reconstructed a large sample of the
sequences in the NYU dataset using our structure-from-
motion pipeline (Section 3) and found the coverage of most
spaces to be incomplete. Figure 3 compares the size of the
spaces scanned in several datasets. We can see that a typical
scan covers only a small portion of each space, e.g. only the
corner of a room.

1 meter

[13] [11] NYU [20] SUN3D (ours)

Figure 3. Space coverage. Top view of the reconstruction results
to illustrate the typical 3D space covered by four different datasets
at the same physical scale (meters). (a) RGB-D Object dataset
[13]: multiple views of a small object; (b) Berkeley 3-D Object
[11]: one view of a scene; (c) NYU Depth [20]: one corner of a
room; (d) Ours: a full apartment including bedroom, living room,
kitchen, and bathroom.

In this paper, our goal is to develop tools that will al-
low us to build an annotated database of full 3D places.
Although there are several easy-to-use tools for annotating
2D images and videos [18, 26, 22], they would be subop-
timal to use for RGB-D sequences because they do not ex-
ploit the 3D structure of the problem in label propagation.
In this paper we introduce a structure-from-motion pipeline
that makes use of RGB, depth, and semantic annotations to
improve the robustness of the 3D reconstructions. The tool
uses 3D structure to propagate object labels to unlabeled
frames and uses object labels to improve the 3D reconstruc-
tion. [25, 7] also use 3D information to help labeling, but
the labeling happens in 3D space, which requires accurate
camera poses to begin with and also 3D knowledge that is
only available to experienced users.

Besides the dataset aspect of our work, there are sev-
eral relevant works. [23] proposed a “place-centric” repre-
sentation for scene understanding, but they only focus on
2D recognition and the place-centric representation built in
[23] is not a complete 3D representation of the full extent
of the space. While there are also several recent works
[3, 6, 25, 19, 8] that combine recognition and 3D recon-
struction, they do not use human annotations: instead, they
jointly recognize objects and solve for 3D models. Our
semantic labeling is much more reliable because it comes
from user annotations and is essentially ground truth. In
this sense, our work is related to match-moving software,
where a user manually specifies correspondences; however
this process is unintuitive, and may be intractable for long
sequences.
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!  Goal: Detect what objects are present  
 

!  Properties 
!  Image + 3D shape 
!  Object-object relations 
!  Object part relations 

!  Principled learning algorithm 

!  Tested on a large dataset 
!  550 views from 52 homes and offices (Cornell RGBD Dataset) 
!  Tested on multiple robots 
!  Code and data available 
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Holistic Scene Understanding for 3D Object Detection with RGBD cameras

Dahua Lin Sanja Fidler Raquel Urtasun
TTI Chicago

{dhlin,fidler,rurtasun}@ttic.edu

Abstract

In this paper, we tackle the problem of indoor scene un-
derstanding using RGBD data. Towards this goal, we pro-
pose a holistic approach that exploits 2D segmentation, 3D
geometry, as well as contextual relations between scenes
and objects. Specifically, we extend the CPMC [3] frame-
work to 3D in order to generate candidate cuboids, and
develop a conditional random field to integrate informa-
tion from different sources to classify the cuboids. With this
formulation, scene classification and 3D object recognition
are coupled and can be jointly solved through probabilis-
tic inference. We test the effectiveness of our approach on
the challenging NYU v2 dataset. The experimental results
demonstrate that through effective evidence integration and
holistic reasoning, our approach achieves substantial im-
provement over the state-of-the-art.

1. Introduction
One of the fundamental problems in indoor robotics is

to be able to reliably detect objects in 3D. This is impor-
tant as robots have to be able to navigate the environment
as well as interact with it, e.g., accurate 3D localization is
key for successful object grasping. Over the last decade a
variety of approaches have been developed in order to infer
3D objects from monocular imagery [12, 6, 19]. The most
successful approaches extend the popular (2D) deformable
part-based model [5] to perform category-level 3D object
detection [12, 6, 19].

While 3D detection is extremely difficult when employ-
ing still images, the use of additional information such as
video or depth sensors is key in order to solve the in-
herent ambiguities of the monocular setting. Numerous
approaches have been developed that model both appear-
ance and depth information to score object detectors in
3D [16, 10, 24, 20, 8] , showing improved performance over
the monocular setting.

Objects, however, are not randomly placed in space, but
respect certain physical and statistical properties of the 3D
world. For example, we are more likely to see a person sit-
ting on top of a camel, then than other way of around. We

Figure 1. RGBD images provide both appearance and geometric
information for indoor scene understanding. We leverage this in-
formation as well as contextual relations to detect and recognize
objects in indoor scenes. In particular, we first generate candidate
cuboids through an extension to CPMC and then use a CRF to
assign semantic labels to them.

typically see a bed resting against the wall in bedrooms, and
not hanging from the bathroom ceiling. Exploiting physical
and contextual relationships between objects and the envi-
ronment is key to achieve a high precision in semantic tasks
such as segmentation [15, 22, 29] and detection [9, 8].

In this paper we are interested in exploiting RGB-D im-
agery to perform category level 3D object detection. We
represent the objects in the world in terms of 3D cuboids
and model the physical and statistical interactions between
the objects and the environment (the scene) as well as inter-
actions between objects. Towards this goal, we develop an
approach that extends the CPMC framework [3] to generate
cuboid hypotheses in point clouds by placing them tightly
around bottom-up 3D region candidates. Our region can-
didates are ranked according to “objectness” in appearance
and are encouraged to respect occlusion boundaries in 3D.
We formulate the joint detection problem in a conditional
random field to model the contextual relationships between
objects in 3D. In particular, we encourage the object labels
to agree with the scene type, the objects to follow statistical
geometric relationships relative to the scene layout, such as
proximity to the walls in the room, and absolute size in 3D,
as well as inter-object interactions that encourage certain
types of support relationships and spatial co-occurances.

We evaluate our approach on the challenging NYUv2
RGB-D dataset [23] and show significant improvements

1
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Perceptual Organization and Recognition of Indoor Scenes from RGB-D Images

Saurabh Gupta, Pablo Arbeláez, and Jitendra Malik
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Abstract

We address the problems of contour detection, bottom-
up grouping and semantic segmentation using RGB-D data.
We focus on the challenging setting of cluttered indoor
scenes, and evaluate our approach on the recently intro-
duced NYU-Depth V2 (NYUD2) dataset [27]. We propose
algorithms for object boundary detection and hierarchical
segmentation that generalize the gPb � ucm approach of
[2] by making effective use of depth information. We show
that our system can label each contour with its type (depth,
normal or albedo). We also propose a generic method for
long-range amodal completion of surfaces and show its ef-
fectiveness in grouping. We then turn to the problem of se-
mantic segmentation and propose a simple approach that
classifies superpixels into the 40 dominant object categories
in NYUD2. We use both generic and class-specific features
to encode the appearance and geometry of objects. We also
show how our approach can be used for scene classifica-
tion, and how this contextual information in turn improves
object recognition. In all of these tasks, we report signifi-
cant improvements over the state-of-the-art.

1. Introduction
In this paper, we study the problem of image understand-

ing in indoor scenes from color and depth data. The output
of our approach is shown in Figure 1: given a single RGB-D
image, our system produces contour detection and bottom-
up segmentation, grouping by amodal completion, and se-
mantic labeling of objects and scene surfaces.

The problem of three dimensional scene understanding
from monocular images has received considerable attention
in recent years [11, 8, 10, 20, 19, 25], and different aspects
have been explored. Some works have addressed the task
of inferring coarse 3D layout of outdoor scenes, exploiting
appearance and geometric information [11, 25]. Recently,
the focus has shifted towards the more difficult case of clut-
tered indoor scenes [10, 20, 19, 9]. In this context, the no-
tion of affordance and the functionality of objects for hu-
man use acquires importance. Thus, [10] recovers walk-

Figure 1: Output of our system: From a single color
and depth image, we produce bottom-up segmentation
(top-right), long range completion(bottom-left), semantic
segmentation (bottom-middle) and contour classification
(bottom-right).

able surfaces by reasoning on the location and shape of fur-
niture, [20, 19] reason about the 3D geometry of the room
and objects, while [9] focuses on interpreting the scene in a
human-centric perspective.

With the availability of consumer RGB-D sensors (like
the Microsoft Kinect), a new area of research has opened up
in computer vision around using 3D information for tasks
which have traditionally been very hard. A good example
is its first application for real-time human pose recognition
[26], in use in the Microsoft XBOX. Subsequently, there
have also been numerous papers in both robotics and vision
communities looking at object and instance recognition us-
ing RGB-D data [28, 17] and dense reconstruction of in-
door scenes and objects from multiple scenes. Using range
data for recognition has a long history, some examples be-
ing spin images [13] and 3D shape contexts [7]. The focus
of these works has mostly been object recognition and not
scene understanding.

More recent research which directly relates to our work
is Silberman et al. [27]. They also look at the task of
bottom-up RGB-D segmentation and semantic scene label-
ing. They modify the algorithm of [12] to use depth for
bottom-up segmentation and then look at the task of seman-

1
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Figure 11. Segmentation and box fitting results of our proposed algorithm on the testing images.

Figure 13. Qualitative result of box fitting (left) and supporting
relation inference (right) on indoor scenes. For better visualiza-
tion, boxes that are too large (wall, ground) or too small are not
displayed.

9.3. NYU indoor dataset
We evaluate segmentation performance on the newly re-

leased RGB-D NYU indoor dataset [23], and report the per-
formance in Table 4, bottom row. This dataset is proposed
for scene understanding instead of object reasoning, and
many large surfaces, such as counters and drawers, are not
labeled as boxes as the framework proposed in this paper.
Although these conditions limit the performance of the pro-
posed algorithm, adding the proposed features improves the
performance. We qualitatively present the box fitting and
supporting inference result with ground-truth segmentation
in Fig. 13.

10. Conclusion
In this paper, we propose analyzing RGB-D images

through physical-based stability reasoning. We begin with
box fitting on partially observed 3D point clouds, and then
introduce pairwise box interaction features. We explore
global stability reasoning on proposed box representations
of a scene. Segmentations associated with unstable box
configurations are not physically possible and are therefore
modified. Stability reasoning allows us to improve reason-
ing about supporting relations (by requiring enough support
to provide stability for each object) and improve box orien-
tation (by knowing when objects are fully or partially sup-
ported from below). Experiments show that our proposed
algorithm works in synthetic scenarios as well as real world
scenes, and leads to improvements in box fitting, support
detection, and segmentation.
Acknowledgement: We thank Daniel Jeng for useful dis-
cussions about stability reasoning. This work is supported
in part by NSF DMS-0808864.
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Fig. 1. Overview of algorithm. Our algorithm flows from left to right. Given an
input image with raw and inpainted depth maps, we compute surface normals and
align them to the room by finding three dominant orthogonal directions. We then
fit planes to the points using RANSAC and segment them based on depth and color
gradients. Given the 3D scene structure and initial estimates of physical support, we
then create a hierarchical segmentation and infer the support structure. In the surface
normal images, the absolute value of the three normal directions is stored in the R,
G, and B channels. The 3D planes are indicated by separate colors. Segmentation is
indicated by red boundaries. Arrows point from the supported object to the surface
that supports it.

RANSAC on 3D points to initialize plane fitting but also infer a segmentation
and improved plane parameters using a graph cut segmentation that accounts
for 3D position, 3D normal, and intensity gradients. Their application is pixel
labeling, but ours is parsing into regions and support relations. Others, such as
Silberman et al. [11] and Karayev et al. [12] use RGBD images from the Kinect
for object recognition, but do not consider tasks beyond category labeling.

To summarize, the most original of our contributions is the inference of
support relations in complex indoor scenes. We incorporate geometric structure
inferred from depth, object properties encoded in our structural classes, and
data-driven scene priors, and our approach is robust to clutter, stacked objects,
and invisible supporting surfaces. We also contribute ideas for interpreting geo-
metric structure from a depth image, such as graph cut segmentation of planar
surfaces and ways to use the structure to improve segmentation. Finally, we o↵er
a new large dataset with registered RGBD images, detailed object labels, and
annotated physical relations.

2 Dataset for Indoor Scene Understanding

Several Kinect scene datasets have recently been introduced. However, the NYU
indoor scene dataset [11] has limited diversity (only 67 scenes); in the Berkeley
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then create a hierarchical segmentation and infer the support structure. In the surface
normal images, the absolute value of the three normal directions is stored in the R,
G, and B channels. The 3D planes are indicated by separate colors. Segmentation is
indicated by red boundaries. Arrows point from the supported object to the surface
that supports it.
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metric structure from a depth image, such as graph cut segmentation of planar
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Fig. 1. Illustration of the robustness of geodesic distances against pose
changes. Top: Background-subtracted ToF depth images for various poses.
Bottom: Geodesic distances from the body center to all other surface points.
Colors range from blue (zero distance) to red (maximal distance). Note that
the distance to hands and feet remains almost constant across all poses.

body tracking approaches, ours does not require fitting body-
part templates to the noisy range data. Moreover, the robust
anatomical landmark detection technique allows our method
to quickly recover from tracking failures. Our experiments
show that we are able to efficiently track the full-body pose
in several sequences containing various human movements.

II. RELATED WORK

Techniques for human pose estimation from visual ob-
servations can be broadly categorized into learning-based
approaches that facilitate the problem by means of training
data (e.g. [2], [3], [11]) and approaches estimating human
pose parameters from observed features without prior knowl-
edge. A disadvantage of the former is that pose estimation
is typically restricted to a set of activities known to the
algorithm beforehand. For instance, Jaeggli et al. [3] use
monocular images and extract human silhouettes as an input
to a pose estimator trained on walking and running. In [11],
body poses for a pre-determined activity are predicted from
voxel data obtained from a 3D reconstruction system.

Methods that do not use prior knowledge for pose estima-
tion (e.g. [4], [12], [5], [13]) are typically more dependent on
reliable feature extraction, as the appearance of the human
body is heavily affected by illumination and pose changes,
and by noise in the observation data. Moreover, efficient
state inference techniques are required to deal with the high
dimensionality of full-body pose space. Kehl and van Gool
[4] cope with these issues by using a multi-camera setup and
generating 3D volumetric reconstructions for human pose
estimation. In [13], body poses are estimated by assisting
a multi-camera system with inertial sensors attached to the
human body.

To overcome the limitations of visual observations, several
authors have recently used ToF cameras for analysis of
human motions. In [1], a system is described that recognizes
simple hand gestures for navigation in medical imaging
applications. The method of Jensen et al. [14] allows tracking
the movement of legs in side-views for medical gait analysis.
Holte et al. [15] propose a method that integrates ToF
range and intensity images for human gesture recognition.

Their approach is not used for pose tracking, but is able to
classify upper-body gestures, such as raising an arm. The
authors avoid identifying anatomical landmarks by using
a global pose descriptor. Zhu et al. [12] present a full-
body pose estimation system that relies on fitting templates
for each body part to the ToF data. In [16], the authors
combine a template fitting technique based on dense point
correspondences with an interest point detector for increased
robustness. While the approach can track full-body motion,
it relies on an independent, heuristic treatment for each
body part. In [8], a ToF-based method is described that
simultaneously estimates full-body pose and classifies the
performed activity. As opposed to our method, the system
can only process movements known a priori.

Similar to our approach, Plagemann et al. [9] use a graph
representation of the 3D data for detection of anatomical
landmarks. Their technique extracts interest points with max-
imal geodesic distance from the body centroid and classifies
them as hands, head and feet using a classifier trained on
depth image patches. The method does not explicitly address
the problem of self-occlusions between body parts and
reportedly struggles in such situations. Without modifying
the interest point detection technique, the authors add in [7]
a pose estimation method embedded in a Bayesian tracking
framework. Our proposed method uses optical flow measured
in ToF intensity images to cope with body self-occlusions.

Optical flow has been used in [17] for motion estimation
and segmentation of a person in a monocular pedestrian
tracking application. Okada et al. [18] describe a person
tracking method that combines disparity computation in a
stereo setup with optical flow. Similar to our approach for
disambiguation in the case of self-occlusions, an interest
region map is propagated through the tracking sequence
using the computed flow vectors. While this method allows
tracking the bounding boxes of the head and upper body, our
technique estimates the joint angles of a full skeleton body
model in every frame. To the best of our knowledge, using
optical flow for segmentation of occluding body parts in ToF-
based human body tracking is a novel approach, enabling us
to track arbitrary full-body movements.

III. HUMAN FULL-BODY TRACKING METHOD

We are given a sequence {T
t

}N

t=1 of N ToF measurements,
where each T
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= (D
t

, I

t

) consists of a depth image D
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) (e.g. head, left knee). Our final goal
is to estimate the full-body pose q
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2 Rd of the person,
parameterized by the d joint angles of a skeleton model.

Our method consists of an interest point detection and a
model fitting part (see Figure 2). In the former, we construct
a graph representation of the 3D points (section III-A)
that is invariant to articulation changes and, thus, allows
us to identify anatomical landmarks independent of posture
(section III-B). The optical flow between the previous and
the current frame, measured using the intensity images I
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People Tracking in RGB-D Data
With On-line Boosted Target Models

Matthias Luber Luciano Spinello Kai O. Arras

Abstract—People tracking is a key component for

robots that are deployed in populated environments.

Previous works have used cameras and 2D and 3D

range finders for this task. In this paper, we present

a 3D people detection and tracking approach using

RGB-D data. We combine a novel multi-cue person

detector for RGB-D data with an on-line detector that

learns individual target models. The two detectors

are integrated into a decisional framework with a

multi-hypothesis tracker that controls on-line learning

through a track interpretation feedback. For on-line

learning, we take a boosting approach using three

types of RGB-D features and a confidence maximiza-

tion search in 3D space. The approach is general

in that it neither relies on background learning nor

a ground plane assumption. For the evaluation, we

collect data in a populated indoor environment using

a setup of three Microsoft Kinect sensors with a joint

field of view. The results demonstrate reliable 3D

tracking of people in RGB-D data and show how the

framework is able to avoid drift of the on-line detector

and increase the overall tracking performance.

I. Introduction

People detection and tracking is an important and
fundamental component for many robots, interactive
systems and intelligent vehicles. Popular sensors for this
task are cameras and range finders. While both sensing
modalities have advantages and drawbacks, their dis-
tinction may become obsolete with the availability of
a↵ordable and increasingly reliable RGB-D sensors that
provide both image and range data.

Many researchers in robotics have addressed the issue
of detection and tracking people in range data. Early
works were based on 2D data in which people have been
detected using ad-hoc classifiers that find moving local
minima in the scan [1], [2]. A learning approach has been
taken by Arras et al. [3], where a classifier for 2D point
clouds has been trained by boosting a set of geometric
and statistical features.

People detection and tracking in 3D range data is a
rather new problem with little related work. Navarro et
al. [4] collapse the 3D scan into a virtual 2D slice to
find salient vertical objects above ground and classify a
person by a set of SVM classified features. Bajracharya
et al. [5] detect people in point clouds from stereo vision
by processing vertical objects and considering a set of
geometrical and statistical features of the cloud based on

All authors are with the Social Robotics Lab, Depart-
ment of Computer Science, University of Freiburg, Germany
{luber,spinello,arras}@informatik.uni-freiburg.de.

Fig. 1. People tracking in RGB-D data. The top pictures show the
three color and depth images, below the 3D point cloud. The data
was collected in the lobby of a large university canteen at lunch
time with a setup joining the views of three Kinect sensors. The
colored disks and dots in the point cloud show the positions and
trajectories of five tracked persons.

a fixed pedestrian model. Unlike these works that require
a ground plane assumption, Spinello et al. [6] overcome
this limitation via a voting approach of classified parts
and a top-down verification procedure that learns an
optimal feature set and volume tessellation.

In the computer vision literature, the problem of de-
tecting, tracking and modeling humans has been exten-
sively studied [7], [8], [9], [10]. A major di↵erence to
range-based systems is that the richness of image data
makes is straightforward to learn target appearance mod-
els. For this reason, visual tracking systems can achieve
good results with methods as simple as independent
particle filters with nearest-neighbor data association
[11]. Dense depth data from stereo are used by Beymer
and Konolige [12] to support foreground segmentation in
an otherwise vision-based people detection and tracking
system. They use a set of binary person templates to
detect people in images and demonstrate multi-person
tracking with learned appearance-based target models.
The work of [13], [14] detect people in intensity images
and track them in 3D. In [15] a stereo system for combin-
ing intensity images, stereo disparity maps, and optical
flow is used to detect people. Multi modal detection and
tracking of people is performed in [16] where a trainable
2D range data and camera system is presented.

This paper advances the state-of-the-art in the follow-
ing aspects. First, we address the problem of detecting

Luber et al. IROS ’11 
Munaro et al. IROS ’12 
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of the object involved is the action; for example, a cup is to some
extent defined as something you drink from. Therefore, it is bene-
ficial to simultaneously recognize manipulation actions and manip-
ulated objects.

Only one-hand actions are considered here, although this is not a
limitation to themethod in a formal sense. From a video sequence of
theaction, thehumanhandpositionandarticulation in3Dare recon-
structed and tracked using an example based method [32]. The ac-
tion state space in each frame is the hand orientation and velocity
as well as the finger joint angles, representing the hand shape.

Objects in this application are ‘‘graspable”, i.e., fairly rigid, so
shape is a good object descriptor. Objects are therefore detected in
the neighborhood of the handusing a slidingwindowapproachwith
a histogramof gradients (HOG) [7,11,36] representation and an SVM
classifier [6]. Section 3 further describes the feature extraction.

There are implicit, complex interdependencies in the object and
action data. The object detection is affected by occlusion and shad-
ing from the human hand. Similarly, the hand shape depends on
the size, shape and surface structure of the object in the hand.
These dependencies are difficult to model, which leads us to use
a discriminative sequential classifier, conditional random fields
(CRF) [17], that does not model the data generation process.

On a semantic level, there are also action-object dependencies
of the type drink–cup, drink–glass, write–pen, draw–pen
and so on, which can be explicitly modeled within the CRF frame-
work. The action-object dependence is modeled on a per-frame ba-
sis using a factorial CRF (FCRF) [41]. This is detailed in Section 4.

A manipulation action is here thought of as beginning with the
picking-up of an object and ending with the putting-down of that
object – also referred to as ‘‘manipulation segments” [48]. How-
ever, two such actions with the same object might also follow each
other directly, without any putting-down and picking-up events in
between. The FCRF enables simultaneous object-action classifica-
tion and temporal action segmentation, removing the need for spe-
cial tags (e.g., grasping or reaching motions) in the beginning and
end of each action [14,35]. This is further discussed in Section 5.

The concept of contextual object-action recognition, as well as
the recognition method chosen in this paper, are experimentally
evaluated in Section 6. From the experiments it can be concluded
that both action and object recognition benefit from the contextual
information.

2. Related work

Visual recognition, especially object recognition [8], is a vast
area of research and can be regarded as one of the core problems
in Computer Vision. We do not make an attempt to review the
whole field, but focus on learning of object affordances and contex-
tual recognition.

2.1. Learning of object affordances and learning from demonstration

The concept of affordances [12] has come in focus lately within
the Cognitive Vision and Robotics communities. While many other

papers on affordances, e.g. [3,33,40], concentrate on robotic grasp-
ing, we here focus on more composite, higher-level actions, which
typically involve grasping as a sub-component.

The embodied/cognitive vision approach to affordance learning
consists of an agent acting upon objects in the environment and
observing the reaction. In [10], a robot pushes, pokes, pulls and
grasps objects with its end-effector, thereby learning about rolling,
sliding, etc. Montesano et al. [24] notes that an affordance can be
described by the three interdependent entities of action, object,
and effect. A robot first learns a set of affordances by exploration
of the environment using preprogrammed basic motor skills. It
can then imitate a human action, not by mimicking the action it-
self, but rather observing the effect and then selecting its own ac-
tion that will have the same effect on the current object. The
difference to our imitation learning is that we also learn the object
affordances themselves from human demonstration.

To a certain degree, affordances can be observed in images. In
three recent works, [3,33,40], relations between visual cues and
grasping affordances are learned from training data. In [40], object
grasping areas are extracted from short videos of humans interact-
ing with the objects, while in [3,33] a large set of 2D object views
are labeled with grasping points. Early work on functional object
recognition [31,39] can be seen as a first step towards recognizing
affordances from images. Objects are there modeled in terms of
their functional parts, such as handle and hammer-head [31], or
by reasoning about shape in association to function [39].

The robot can also learn through visually observing another
agent – for example, a human – making use of object affordances.
This is the approach we take in this article. A similar idea is also
exploited in [45]. However, while they study whole-body activities
such as sitting-on-chair and walking-through-door, we fo-
cus on manipulation actions, involving the human hands and arms.

Affordances relate to the concept of task oriented vision [15,22].
According to this notion, a Computer Vision system should be de-
signed with a specific task in mind. This is put in contrast to Marr’s
[20] general purpose vision paradigm. The intended task will affect
what aspects of theworld areperceived andprocessed, aswell as the
design of the whole system. The inspiration comes from human vi-
sion; psychophysical experiments [44] indicate that humans indeed
only perceive the aspects of the world relevant to the task at hand.

Ikeuchi and Hebert [15] exemplify task oriented vision by com-
paring two systems designed to solve two different grasping tasks.
Miura and Ikeuchi [22] point out that knowledge of the task should
be used to ensure that only relevant information is extracted.
Although the rapid development of computational power has
made this issue less critical today, it is still valid. In our learning
from human demonstration method, the robot only includes ob-
jects near the human hand in the action-object analysis, rather
than trying to model all objects in the scene.

2.2. Contextual recognition

There has been a large recent interest in contextual recognition
within the Computer Vision community.

Fig. 1. Representing objects in terms of functionality and affordances. Top: Semantic, appearance-based categories. Bottom: Functional, affordance based categories.
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of the object involved is the action; for example, a cup is to some
extent defined as something you drink from. Therefore, it is bene-
ficial to simultaneously recognize manipulation actions and manip-
ulated objects.

Only one-hand actions are considered here, although this is not a
limitation to themethod in a formal sense. From a video sequence of
theaction, thehumanhandpositionandarticulation in3Dare recon-
structed and tracked using an example based method [32]. The ac-
tion state space in each frame is the hand orientation and velocity
as well as the finger joint angles, representing the hand shape.

Objects in this application are ‘‘graspable”, i.e., fairly rigid, so
shape is a good object descriptor. Objects are therefore detected in
the neighborhood of the handusing a slidingwindowapproachwith
a histogramof gradients (HOG) [7,11,36] representation and an SVM
classifier [6]. Section 3 further describes the feature extraction.

There are implicit, complex interdependencies in the object and
action data. The object detection is affected by occlusion and shad-
ing from the human hand. Similarly, the hand shape depends on
the size, shape and surface structure of the object in the hand.
These dependencies are difficult to model, which leads us to use
a discriminative sequential classifier, conditional random fields
(CRF) [17], that does not model the data generation process.

On a semantic level, there are also action-object dependencies
of the type drink–cup, drink–glass, write–pen, draw–pen
and so on, which can be explicitly modeled within the CRF frame-
work. The action-object dependence is modeled on a per-frame ba-
sis using a factorial CRF (FCRF) [41]. This is detailed in Section 4.

A manipulation action is here thought of as beginning with the
picking-up of an object and ending with the putting-down of that
object – also referred to as ‘‘manipulation segments” [48]. How-
ever, two such actions with the same object might also follow each
other directly, without any putting-down and picking-up events in
between. The FCRF enables simultaneous object-action classifica-
tion and temporal action segmentation, removing the need for spe-
cial tags (e.g., grasping or reaching motions) in the beginning and
end of each action [14,35]. This is further discussed in Section 5.

The concept of contextual object-action recognition, as well as
the recognition method chosen in this paper, are experimentally
evaluated in Section 6. From the experiments it can be concluded
that both action and object recognition benefit from the contextual
information.

2. Related work

Visual recognition, especially object recognition [8], is a vast
area of research and can be regarded as one of the core problems
in Computer Vision. We do not make an attempt to review the
whole field, but focus on learning of object affordances and contex-
tual recognition.

2.1. Learning of object affordances and learning from demonstration

The concept of affordances [12] has come in focus lately within
the Cognitive Vision and Robotics communities. While many other

papers on affordances, e.g. [3,33,40], concentrate on robotic grasp-
ing, we here focus on more composite, higher-level actions, which
typically involve grasping as a sub-component.

The embodied/cognitive vision approach to affordance learning
consists of an agent acting upon objects in the environment and
observing the reaction. In [10], a robot pushes, pokes, pulls and
grasps objects with its end-effector, thereby learning about rolling,
sliding, etc. Montesano et al. [24] notes that an affordance can be
described by the three interdependent entities of action, object,
and effect. A robot first learns a set of affordances by exploration
of the environment using preprogrammed basic motor skills. It
can then imitate a human action, not by mimicking the action it-
self, but rather observing the effect and then selecting its own ac-
tion that will have the same effect on the current object. The
difference to our imitation learning is that we also learn the object
affordances themselves from human demonstration.

To a certain degree, affordances can be observed in images. In
three recent works, [3,33,40], relations between visual cues and
grasping affordances are learned from training data. In [40], object
grasping areas are extracted from short videos of humans interact-
ing with the objects, while in [3,33] a large set of 2D object views
are labeled with grasping points. Early work on functional object
recognition [31,39] can be seen as a first step towards recognizing
affordances from images. Objects are there modeled in terms of
their functional parts, such as handle and hammer-head [31], or
by reasoning about shape in association to function [39].

The robot can also learn through visually observing another
agent – for example, a human – making use of object affordances.
This is the approach we take in this article. A similar idea is also
exploited in [45]. However, while they study whole-body activities
such as sitting-on-chair and walking-through-door, we fo-
cus on manipulation actions, involving the human hands and arms.

Affordances relate to the concept of task oriented vision [15,22].
According to this notion, a Computer Vision system should be de-
signed with a specific task in mind. This is put in contrast to Marr’s
[20] general purpose vision paradigm. The intended task will affect
what aspects of theworld areperceived andprocessed, aswell as the
design of the whole system. The inspiration comes from human vi-
sion; psychophysical experiments [44] indicate that humans indeed
only perceive the aspects of the world relevant to the task at hand.

Ikeuchi and Hebert [15] exemplify task oriented vision by com-
paring two systems designed to solve two different grasping tasks.
Miura and Ikeuchi [22] point out that knowledge of the task should
be used to ensure that only relevant information is extracted.
Although the rapid development of computational power has
made this issue less critical today, it is still valid. In our learning
from human demonstration method, the robot only includes ob-
jects near the human hand in the action-object analysis, rather
than trying to model all objects in the scene.

2.2. Contextual recognition

There has been a large recent interest in contextual recognition
within the Computer Vision community.

Fig. 1. Representing objects in terms of functionality and affordances. Top: Semantic, appearance-based categories. Bottom: Functional, affordance based categories.
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Hallucinated Humans as the Hidden Context for Labeling 3D Scenes
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Abstract
For scene understanding, one popular approach has

been to model the object-object relationships. In this paper,
we hypothesize that such relationships are only an artifact
of certain hidden factors, such as humans. For example, the
objects, monitor and keyboard, are strongly spatially cor-
related only because a human types on the keyboard while
watching the monitor. Our goal is to learn this hidden hu-
man context (i.e., the human-object relationships), and also
use it as a cue for labeling the scenes. We present Infinite
Factored Topic Model (IFTM), where we consider a scene
as being generated from two types of topics: human config-
urations and human-object relationships. This enables our
algorithm to hallucinate the possible configurations of the
humans in the scene parsimoniously. Given only a dataset
of scenes containing objects but not humans, we show that
our algorithm can recover the human object relationships.
We then test our algorithm on the task of attribute and object
labeling in 3D scenes and show consistent improvements
over the state-of-the-art.

1. Introduction
We make the world we live in and shape our own
environment. Orison Swett Marden (1894).

For reasoning about cluttered human environments, for
example in the task of 3D scene labeling, it is critical we
reason through humans. Human context provides a natu-
ral explanation of why the environment is built in particu-
lar ways. Specifically, consider the scene in Fig. 1, with a
chair, table, monitor and keyboard. This particular config-
uration that is commonly found in offices, can be naturally
explained by a sitting human pose in the chair and work-
ing with the computer. Moreover, from the point of view
of modeling and learning, this explanation is parsimonious
and efficient as compared to modeling the object-object
relationships [19] such as chair-keyboard, table-monitor,
monitor-keyboard, etc.1

1For n objects, we only need to model how they are used by humans,
i.e., O(n) relations, as compared with modeling O(n2) if we were to
model object to object context naively.

Figure 1: Left: Previous approaches model the relations between
observable entities, such as the objects. Right: In our work, we
consider the relations between the objects and hidden humans. Our
key hypothesis is that even when the humans are never observed,
the human context is helpful.

In fact, several recent works have shown promise in
using human and object affordances to model the scenes.
Jiang, Lim and Saxena [14, 17] used hallucinated humans
for learning the object arrangements in a house in order
to enable robots to place objects in human-preferred loca-
tions. However, they assumed that the objects have been
detected. Our goal in this work is different, where we start
with 3D point-clouds obtained from RGB-D sensors and la-
bel them using their shape, appearance and hallucinated hu-
man context. Gupta et al. [10] proposed predicting stable
and feasible human poses given an approximate 3D geom-
etry from an image. While inspired by these prior works,
the key idea in our work is to hallucinate humans in order to
learn a generic form of object affordance, and to use them
in the task of labeling 3D scenes. While a large corpus of
scenes with objects is available, humans and their interac-
tions with objects are observed only a few times for some
objects. Therefore, using hallucinated humans gives us the
advantage of considering human context while not limited
to data that contains real human interactions.

However, if the humans are not observed in the scene
and we do not know the object affordances either (i.e., how
humans use objects), then learning both of them is an ill-
posed problem. For example, one trivial, but useless, so-
lution would be having one human configuration for every
object in the scene. The key idea in our work is to prefer
parsimony in our model as follows. First, while the space of
potential unobserved human configurations are large, only

1

(Jiang, Koppula and Saxena, CVPR ‘13, oral) 
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!  9 Contributed Papers 
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