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Figure 1: Left: A man-made model with unnatural orientatiokliddle: Six orientations obtained by aligning the model into a caicel
coordinate frame using Principal Component Analy$tight: Our method automatically detects the upright orientatiérthe model from

its geometry alone.

Abstract

Humans usually associate an upright orientation with dbjexac-
ing them in a way that they are most commonly seen in our sur-
roundings. While it is an open challenge to recover the fonet
ality of a shape from its geometry alone, this paper showsitha
is often possible to infer its upright orientation by anagy its
geometry. Our key idea is to reduce the two-dimensionalgisph
ical) orientation space to a small set of orientation caaugis using
functionality-related geometric properties of the objemntd then
determine the best orientation using an assessment farafteev-
eral functional geometric attributes de ned with respextetach
candidate. Speci cally we focus on obtaining the uprighienta-
tion for man-made objects that typically stand on some afae
(ground, oor, table, etc.), which include the vast majpritf ob-
jects in our everyday surroundings. For these types of nsanfe!
entation candidates can be de ned according to static ieagjuiin.
For each candidate, we introduce a set of discriminativébates
linking shape to function. We learn an assessment funcfitimese
attributes from a training set using a combination of Randam
est classi er and Support Vector Machine classi er. Expegits
demonstrate that our method generalizes well and achid@ms a
90% prediction accuracy for both a 10-fold cross-validataver
the training set and a validation with an independent tdst se

1 Introduction

A well-known postulate of design states thatm ever follows func-
tion [Sullivan 1896. It is unclear to what degree the opposite is
true, namely how much of the object functionality can be adedu
from its shape alone. While it is questionable whether a aderp
based algorithm can effectively recognize a given shapeaver
its functionality, this paper poses a more practical qoestivhether

one can infer the upright orientation of a shdpam its geome-
try alone The upright orientation that humans naturally associate
with an object is arguably linked to its everyday use or fiorel-

ity [Blanz et al. 199P Without recognizing the full functionality

of an object, analyzing and inferring its orientation arelt#nging
tasks.

3D models created by various modeling and scanning systéms o
ten have different upright orientations, since models kvays cre-
ated in a particular context (e.g., a customized coordisgséem).
Given a model, automatically obtaining its upright orig¢iua fa-
cilitates the exploration of the object from natural vievesg(, an
intuitive y-around view shown in the accompanying video)t
also helps to generate easily recognizable thumbnail imafjeb-
jects, useful for the management of large 3D shape repizstor
An upright orientation reduces the number of degrees ofifvee
for object alignment in shape retrieval (see Seciprand makes
it easier for users to place objects during complex scengposm
tion [Snyder 1995Xu et al. 2002

In this paper, we present an effective solution to the probt#
automatic detection of upright orientation for commonlhed 8D
geometric shapes, which, to the best of our knowledge, has no
been studied before. We observe that for many types of ahject
searching for the best orientation in the whole (spherisallition
space is unnecessary. Instead, we can reduce the probldraps s
orientation to the selection of the best orientation fronmalé set

of orientation candidates. This reduction not only deasdbe
computational complexity but also better de nes the probl®©b-
viously, the types of models to which an orientation aldwonitis
applicable are highly dependent on the selection of theidatel
set. In this paper, we focus @tanding man-madenodels, that

is, models that are designed to stand on a at surface andehenc
have well-de ned upright orientations. This includes mobjects

in our everyday surroundings with a few exceptions, suchoag-

ing objects like ships or airplanes. We observe that thentaten

of such an object is in uenced by gravity and hence it mustehav
a supporting base on which the object can be steadily positio
These potential supporting bases naturally form a set ehtation
candidates.

Given the candidate bases, a key challenge is to constrettaf s
guantitative geometric attributes for each candidate shahthey
are suf ciently discriminative to make theatural basestand out.
The attributes must generalize across different types of-made
objects. We develop a set of geometric attributes that tefmc-



tional design considerations as discussed in SedtdrSince func-
tional considerations can often con ict, none of the atités on its
own has suf cient discrimination power for general uprighienta-
tion detection, requiring our system to combine multipkeilatites
in a principled way. We therefore use a supervised learnpig a
proach to design an assessment function combining all oathe
tributes to determine the most probable base (Se&)jokVe com-
bine a Random Forest classi er and a Support Vector Machame ¢
si er to learn the assessment function from a training seseiing
of a large variety of standing man-made models, for each adlwh
the upright orientation is given. Given a new unoriented etpde
use the learned assessment function to compute a scorecfooea
its candidate bases and choose the candidate with the higfuwrs
as the best base.

We evaluate the effectiveness of our method using both [tD-fo
cross-validation over a training set of 345 standing models a
validation with an independent test set of 819 standing hsq@ec-
tion 6). Experiments demonstrate that our method generalizds wel
and successfully predicts the upright orientations of nmostlels
with prediction accuracy of about 90% for both validatioRigure
lillustrates an upright orientation detected with our rodthAn ad-
ditional advantage of the method is that it can robustlyneste the
reliability of its prediction. For example, limiting our @dictions
to the 30% most reliable predictions increases the perfocam#o
95% accuracy.

2 Related Work

Pose Normalization. Pose normalization aims to align an object
into a canonical coordinate frame. Principal Componentlysis
(PCA) is the most commonly used technique for this task: #re c
ter of mass is chosen as the origin and the principal axeshaseo
as the canonical axeP{ida et al. 200D However, it is well known
that principal axes are not robust for pose normalizatiomanhy
models Kazhdan et al. 20Q3nd they certainly do not always pro-
duce compatible alignments with the upright orientaticisbjects,

as illustrated by Figuré. More important, PCA does not fully re-
solve the orientation problem, but simply reduces the taigon
candidate set to six candidates. Podolak et2fl0f demonstrate
that principal symmetry axes are more robust than princpek
for the normalization of symmetric objects. Symmetry is ayve
strong cue for shape orientation in symmetric objects. Hewet
does not de ne the upright orientation but only reduces tkely
orientation set. Moreover, not all man-made models are sstmm
ric, nor does symmetry necessarily imply their upright otadions
(Figure 6). We use symmetry as only one of multiple attributes
with respect to each candidate base, relying on other cersgidns

to obtain the unique upright orientation.

Viewpoint Selection. Automatically selecting good viewpoints
for 3D models has always been important, especially foriappl
cations such as browsing a huge database of 3D models.
vious work either maximizes the visibility of interestingre
tent using metrics like viewpoint entropWzquez et al. 2043
view saliency Lee et al. 200bor shape distinction$hilane and
Funkhouser 20Q7 or minimizes visible redundant information
such as symmetryFodolak et al. 2006or similarity [Yamauchi

et al. 200¢. None of these methods considers shape orientation:
due to the rotation-invariant metrics employed, they cardis-
tinguish between different orientations of a shape arounitewa
direction. Recently, Saleem et aR(07 proposed an exemplar-
based method to correct the orientation of a projected simeie

2D image plane associated with a given viewpoint (e.g., &t b
viewpoint). Our orientation method can help to determire ujp
direction of a camera for viewing an object in a natural way.

Image Orientation. Image orientation aims to automatically derive
the upright orientation of a given image, typically among four

possible orientations of 090 , 180 , and 270 [Wang and Zhang
2004 Luo and Boutell 2005Lumini and Nanni 2006 Most exist-
ing techniques pose this problem as a four-class clasgbeal hey
rotate the input image with respect to each possible otientand
represent each rotated image with a high-dimensional @wouttier
of thousands) feature vectoWpng and Zhang 20Q04.umini and
Nanni 200¢. Each feature vector is then fed into a classi er, such
as a Support Vector Machine and is assigned a score, withghe h
est score corresponding to the best orientation. It migludssible
to adapt these image orientation methods to 3D shape ditanta
given an appropriate small set of orientation candidatesvéyer,
the high dimension of feature vectors would demand a vegelar
training database of 3D models, much more dif cult to pravttdan

a training database of images.

3D Shape Retrieval.Given a query object, 3D shape retrieval sys-
tems retrieve objects with similar shapes from large da@baf
models (seeTangelder and Veltkamp 2004yer et al. 2005 and
the references therein). The challenge here is to desigoustrand
ef cient method for computing the similarity between twoagies
over the space of all transformatioriégzhdan et al. 2003 To ad-
dress this challenge, most techniques align all of the nsadéb a
common coordinate frame before matching them, either aatiem
cally (typically based on PCA alignment) or manually. Sitoce
orientation tool generates a consistent upright diredbomodels,
it can reduce the orientation alignment problem from two te o
degrees of freedom.

Stable Pose Estimation. Evaluating the stability of an object in
contact with a supporting surface is useful for many tasksé
chine vision and robotics, especially for the design of tabparts
feeders (seeMoll and Erdmann 2002and the references therein).
There are a number of methods for estimating the probalaligy
tribution of an object's stable poses, e.g., through mazimgi the
so-called capture regionkifiegman 1997. Those often rely on re-
peated dynamic simulation of an object under a random litia-
guration. When the supporting surface is at, the estinoatican
be equivalently performed on the convex hull of the objedis€bv-
ing the usefulness of per-base stability for orientatie@ntilcation,
we introduce a simple yet effective static stability meadoravoid
complex and often time-consuming dynamic simulation. We=no
that higher stable-pose probability does not necessanibyyi a nat-
ural upright orientation (e.g., for the table model in Figgy.

3 System Overview

Humans usually associate an upright orientation with dbjexac-
ing them in a way that they are most commonly seen in our sur-
roundings. The ability to correctly orient objects seenlates
to objects’ functionality and the viewers' familiarity witsimilar
objects, suggesting that orientations of models are |bdenaSu-
pervised learning techniques allow us to exploit the faat thnc-

Pretionality is implicitly encoded in objects' geometry andatiobjects

with similar functionality tend to have similar orientatie.

Let us assume a training set of objects together with thesgibed
upright orientations. The question is how the upright daéons
of new objects can be inferred from the training set. The &stp
way would be using the “by example” principle, that is, by ofmat
ing the given object with one of the training examples ana tine
aligning them to determine the orientation. However, thek taf
matching shapes is highly complex and not reliable enougt, a
the alignment of two given shapes is a challenging task cowits

Rather than directly discerning the orientation of a givbject in-
side the full$? orientation space, we rst reduce the problem to a
discrete space of orientation candidates and then userarlgap-
proach to select the best orientation. Since the objectsatbare
considering stand on a at surface, each of them haataral base



Figure 2: Left: A stool model and its convex hull segmented into
planar regions (shown in different colors)Right: The reduced
set of supporting polygons (in red), corresponding to 7 ddaie
bases.

namely a set of coplanar points on the model that touch theuat
face. Moreover, the base points lie on the convex hull of tbdeh
forming some of its facets. Given an object, we thus rst agtra
set of candidate bases by analyzing the object's convex Htié
number of extracted candidates is typically fairly smallmest a
dozen per object.

Each candidate base is associated with a feature vectooofagec
properties. These are computed by analyzing the object gepm
with respect to the candidate base and are related to funaton-
siderations of the base's suitability. To make our methodegal-
ize well, we introduce properties that are abstracted frontete
shapes and tailored for orientation discrimination onlyl&arn the
correlation between the feature vectors and the naturashase
use a training set consisting of candidate bases assouiiteféa-
ture vectors and tagged with a binary label that indicatestigr
the candidate is a natural base or not.

The problem is now transformed into a supervised classocet
problem of nding the natural base given the features of tiie d
ferent candidates, for which there exists a wide variety eflw
studied algorithms. The features extracted are not indbgpen
(for example we have three features related to symmetryhawe
very different distributions. With these concerns in mimdi dol-
lowing empirical testing we propose to combine a Random For-
est classi er Breiman 2001and a Support Vector Machine classi-
er [ Vapnik 1999, which together provide enhanced generalization
performance. With the trained classi er, each candidatelst an
object is scored and the upright orientation is nally detered by
the candidate with the highest score.

4 Shape Analysis and Feature Extraction

This section describes the selection of candidate basesdien
object and then presents a set of attributes, de ned witheaetsto
each candidate base.

4.1 Selecting Candidate Bases

A candidate base is a set of coplanar points on the model lying

on its convex hull. Since objects are acted on by gravity &ed t
base has width, namely its points are not all collinear, dze
de nes asupporting plane We de ne thesupporting polygorof

a base as the 2D convex hull of the base points in the supgortin
plane. Each base uniquely determines an upright direcsaihe
normal of the supporting plane pointing toward our model.e Th
supporting polygons correspond to faces of the object cohud
and hence are easily computedlio merge coplanar hull facets and
eliminate noise we simplify the convex hull using the Vaaaal
Shape Approximation methodphen-Steiner et al. 20pb4efore
extracting the supporting polygons (Figite

1We use CGAL Fabri et al. 200Dto compute 2D and 3D convex hulls.

The set of candidate bases can be further reduced by takimgén
count stability considerations. For a rigid object in cantaith a
supporting plane and acted upon by gravity, the necessadjtamn
for static equilibrium is that its center of mass lies over sapport-
ing polygon. Therefore, we restrict the orientation caathg to the
set of supporting polygons that lead to stable poses. We gtamp
the center of mass as the weighted average of the face béeysen
of the mesh. For each candidate base we check whether the pro-
jection of the center of mass to the supporting plane is e
supporting polygon and discard the candidates for whichptioe
jection is outside. Figurg illustrates the orientation candidates of
a stool.

4.2 Feature Extraction

Given the set of candidate bases, we assign them geometric at
tributes, which convey information that distinguishes tieural
base from the other candidate bases. The attributes areders-
ing a combination of functional and aesthetic considenstioAs
the input meshes might suffer from poor sampling, incoesist
vertex/face normals, or isolated components, we cannporeht-
tributes whose computation involves second- or higheeostir-
face derivatives, such as curvatures and feature linese MNhait
each attribute should be appropriately normalized withdividual
objects, since the subsequent assessment-functionrigareeds to
use attributes derived from different objects which mayywaon-
siderably in scale and proportions.

Static Stability. Most standing objects are designed to be reason-
ably stable with respect to small perturbing forces. It isomonly
accepted that static stability is related to the proportibthe mass

of the object located above the base. Since we have no kngevled
of the materials involved, we use a geometric estimate effifop-
erty. We consider three geometric entities (illustrateéigure 2)
which, when combined, provide such a metric: the center afsma
projected onto the supporting plane of the base (in yelltve sup-
porting polygon (in red), and the projection of the conveX bii

the object to the supporting plane (in pink). The latter esras

a proxy for the projection of the object itself to the plandjieh

is more time-consuming to compute. Stability is typicallstter

if the projected center of mass is far away from the boundéry o
the supporting polygon. Similarly, stability improves ket sup-
porting polygon covers a large part of the convex-hull prog.
Taking both considerations into account we measiadility as
Ming g<2p dinner(q)=douter(q), Wheredinner(q) anddouter(q) are
the distances from the projected center of mass to the boynda
of the supporting polygon and the boundary of the projectatl h
respectively, along a direction determineddpyThis metric is nat-
urally normalized to be between zero and one.

by

Figure 3: Left: Candidate basesb(side) and B (bottom) have
better stability than b (front); by and ks have better symmetry than
b, (in terms of collinearity distance)Right: A negative example
for the stability attribute: the natural base,thas worse stability
than by. b; and b have the same degree of symmetry (the four
characteristic points coincide).

Figure 3 shows examples of candidate bases with different de-



grees of stability. While stability is clearly important,i$ not the
only consideration in determining orientation. For ins&nplac-
ing nearly every table upside down results in greater stalilan
placing it on its feet.

Symmetry. Symmetry plays an important role in human visual per-
ception and as such provides a strong cue to upright orientde-
tection. As observed by Podolak et &0D§, if objects exhibit re-
ective symmetry, the symmetry plane is typically verticat in our
case, orthogonal to the natural base. Considering thattdiyen-
metry computationNlitra et al. 2006 Podolak et al. 20Q6Simari

et al. 2006 is time-consuming, we trade off precision for computa-
tional ef ciency. Speci cally, we reduce the symmetry esttion
with respect to a given base to measuring distances, imgfaur
characteristic points in the supporting plane. These faimtp, il-
lustrated in Figure, are:

the projected center of mass (in yellow);

the barycenter (in red) of the supporting polygon;

the barycenter (in pink) of the convex hull projection to thgp-
porting plane;

the barycenter (in blue) of the actual base (facets in bldevan
tices in green).

We observe that perfect symmetry of a model with respect® a r
ection plane perpendicular to the base implies collingagaf the
above four characteristic points, since they all shouldhligoth the

re ection plane and the supporting plane. Moreover, if éhare
multiple re ection planes, the four points must coincide.

According to these observations, we introduce two global
symmetry-related attributes: tl@incidence distancéhe average
distance of the four points to their centroid) and thdinearity dis-
tance(the average distance of the four points to their leastisgua
best-t line). The attributes are normalized by the radidshe
bounding sphere of the model. We also note that for many mpdel
the natural base itself is symmetric. Consider, for exapntpkelegs

of a chair, a base of a vase, and so on. In our sbage symme-
try can be estimated by the distance between the barycentdrs of t
actual base and the supporting polygon. This distancetzfc
measures the deviation of the base from uniform mass disiwiin

To obtain a scale-invariant metric this distance is alsonadized by
the radius of the model's bounding sphere. Symmetry is metp
useful in discarding relatively bad candidates (e.g., bakes of the
stool model in Figure, side basé, of the chair model in Figura),

but used alone it does not distinguish well between canelidases
orthogonal to the re ection plane(s) (e.g., basgsand bs of the
chair model in Figures).

Parallelism. Psychophysical experiments have indicated that hu-
mans tend to integrate local orientation information taniifg the
global orientation of an objecSharinen et al. 1997 That is, the
global orientation is highly connected to the local ori¢iotas of
the model surface. We observe that having large areas olithe s
face parallel to the base is often an indicator of a natursé b@hus
we introduce dace parallelism attributeneasured as the area of
model faces that are parallel to the supporting plane, fampte,
the faces in green in Figure We normalize this attribute by the to-
tal area of the model. We also notice that for many modelsetise

a clear vertical axis, with both the top and the bottom plamt®g-
onal to it, being good candidate bases. This is re ected byseua-
ond parallelism-related metribase parallelismwhich measures
the area of other supporting polygons that are parallelé¢adfier-
ence supporting polygon. This attribute is normalized k& dhea
of the convex hull of the object.

Visibility. As object geometry often re ects its function, we may
reasonably assume that the surface of the object exists fea-a
son. When an object is placed on a supporting plane, partaf-it
comes inaccessible and is no longer visible. For instararesider

Figure 4: Left: An illustration of face parallelism for the bottom
supporting polygon.Right: A negative example for the face par-
allelism attribute: the natural base (in red) has worse faeeal-
lelism than the side candidate (in green).

an upside-down cup: the inside surface of the cup is no loviger
ble. Similarly, the large surface of the top of an upside-ddable

is no longer visible. Thus a candidate base is more likelyetop
timal if much of the model remains visible after the objeqtlsced
on the corresponding supporting plane. To measure visihile
estimate the occlusion caused when adding the supportilyg po
gon to the model. We employ a similar approach $béffer and
Hart 20072 to ef ciently computeper-facevisibility. We render the
model from 32 uniformly sampled view directions with eachefa
assigned a distinct color and then count the number of hitfage.
Faces which are seen in less than a fraction of the views (@a35
used in our experiments) are considered occluded (e.ga¢ks in
red in Figure5). Theper-basevisibility is computed as the sum of
areas of visible faces. We normalize this attribute by thetmas-
ibility without introducing any supporting polygon as anchaer.
We make this choice because in some models parts of the model
can be hidden in all views.

Figure 5: Left: An illustration of the visibility map when introduc-
ing the top supporting polygon as an occlud&ight: A negative
example for the visibility attribute: the natural base (iad) has
worse visibility than the side candidate (in green).

Another attribute that helps to distinguish orientatiosshie base
area, normalized by the entire mesh area. This attributbeaon-
sidered visibility-related, since the actual base is atetlwhen the
object is positioned on the corresponding supporting pmtyg

Collecting these attributes, we obtain vectors of 8 featper can-
didate base, which are passed to our learning algorithnridesc
next.

5 Assessment Function Learning

One of the best ways for constructing an assessment funistion
learning it from examples. To this end we use a supervisaditea
algorithm, which is able to tune function parameters basethe
statistics of a training set. The latter is composed of afseionlels
with multiple candidate bases and is described in the netiose
The vast majority of the models have a single natural baserefh
fore, we adopt a representation where the set of candidaes lpeer
model contains a single “correct” base. Notice that thisst@int
renders the problem into a structured estimation problem.

Preliminary experimentation with exponential modéiainwright



and Jordan 20Q3where the output space was designed to be com-

patible to the above constraint gave mediocre results. Afefbre
turned to classi cation algorithms, which produce clagss that
score each candidate base in isolation, without explieislsigning
a natural base to a model. Instead, the base with the higbes s
is selected as the natural base. Since the attributes areepen-
dent, linear methods are not expected to perform well. Iddeéve
Bayes, linear regressiod{ida et al. 200Pand linear Support Vec-
tor Machine (SVM) Vapnik 199§ all produced unsatisfactory per-
formance. We thus resorted to more complex models and ceabin
a Random Forest classi er and an SVM classi er with a polyriam
kernel.

5.1 Random Forest

A Random Forest (RFHreiman 2001is made up of an ensemble
of decision trees. The individual trees are trained usinguéanmt
of the CART (Classi cation and Regression Tree) algoritiibufia
et al. 200(Q. Each tree is grown as follows: l@ootstrapsample of
n examples, whera is the size of the training set, is sampled with
replacement from the training set. Due to the sampling, soaie-
ing examples are typically represented in the bootstrapkamore
than once whereas other examples are missing altogetheze Aft
maximal depth is grown on the bootstrap sample. The examples
used for growing the tree, callemit-of-bagexamples, are used to
give an unbiased estimate for the classi cation error ofheiadli-
vidual tree, as well as to get an estimate for variable ingrar.
The bootstrap sample is unique per individual tree learnihgs
producing a wide variety of decision trees. The nal clagsition
of a test example is usually given by majority voting of theem-
ble. Furthermore, one may also interpret the fraction oésqier
output class as an estimate of its likelihood. The fact thiatrge
number of different trees are voted makes Random Forestaasi
to over tting.

5.2 Support Vector Machine

SVM has been used extensively for a wide range of classocati
regression and ranking applications in science, mediaidecagi-
neering and has shown excellent empirical performance. 88§/
several advantages for the present task. First, it is bas#ukegrin-
ciple of risk minimization and thus provides good geneglan
control. Second, using nonlinear kernels, SVM can modelimon
ear dependencies among features, which may prove advaotge
for the problem at hand. Third, SVM allows natural controltba
relative cost of false positives and false negatives. Thiglite de-
sirable in our case, since the number of natural bases peelrizod
much smaller than the number of remaining candidate basae H
we used soft-margin SVM implemented in SU#' [Joachims
1999.

5.3 Combined Classi er

We observe that used on their own the Random Forest classi@r
the SVM classi er produce comparable results, with sligthvan-
tage to the former. SVM was trained using a quadratic kepuay{
nomial kernel of degree 2) and RF was trained using a large num
ber of trees £ 2000) whereas all other parameters attained their
defaults values. Further analysis shows two interestiotp faFirst,

the models for which the classi ers err are quite distincec@&nd,

for certain models, the Random Forest classi er assigns geore

for all the candidate bases. This happens when no candidate b
of the model appears to be a typical natural base, and hemze no
of the trees votes in favor of it.

We take advantage of these two observations and combineatie R
dom Forest and the quadratic SVM classi ers as our nal dlass
Formally, the combined classi er is formulated as:

Yeombinedf) = @ Vet () +( 1 a) Youn(f); 1

wheref 2 R8 is a feature vector of attributes described in the pre-
vious sectionY; (f) 2 [0;1] is the raw output of the Random Forest
classi er, andYsyn(f) = 1=(1+ exp( Osym)) With osym being the
raw output of the quadratic SVM classi er. We uaeas a mixing
parameter, optimized by performing a linear search usimgssr
validation. a is 0:6 in our experiments. This combination results
in considerable improvement in performance, comparechtaisird

RF or SVM alone.

6 Implementation and Results

In this section, we describe the construction of the trajrdat for
assessment function learning and the validation results.

6.1 Training

Our learning algorithm does not rely on the classi cationrafning
models. However, having many unbiased classes of models doe
help the learning process to better understand the esséndern
tation identi cation among different kinds of models, thasosting
generalizability. We construct a training set of standirgnamade
models using the Princeton Shape Benchmark (PSBi)dne et al.
2004, a publicly available database of polygonal models. Faintr

ing purposes, we select from it a representative sample oetao
covering the major classes of man-made models present inlIRSB
all, there are 345 unique training models with around vedidate
bases per model. The candidate bases of each training medel a
manually labeled as natural or not.

6.2 Validation

We validate the effectiveness of our method using the ptiediac-
curacy, which measures the ratio of the number of modelectyr
oriented to the number of models in set. Note that for a modtél w
multiple natural bases (e.g., the bottom and top candidadeof
the bookshelf in Figuré are both considered natural), a correct
detection means thany of these bases is identi ed.

SVM
81:9%
78:6%

RF
834%
853%

Combined Classi er
90.5%
87.5%

Training
Test

Table 1: Prediction accuracies with different learning imeds.

K-fold Cross-Validation. We perform a 10-fold cross-validation
on the the training set. Achieving high prediction accuranythe
training set is not an easy task, as demonstrated when unslivid-
ual attributes to identify upright orientations. For exaeypvith the
stability attribute alone, the prediction accuracy usingvsalone
is only 50.1%. Our combined classi er with all the attributes
achieves 90.5% prediction accuracy, compared to 83.4% Rih
alone and 81.9% with quadratic SVM alone.

Validation with Independent Test Set. We also use an indepen-
dent test set to validate our method. The test set consistamding
models, including models from PSB excluded from the trajrset.
We introduce additional test models taken from well-knowadel
repositories (e.g., Google 3D Warehouse, Turbo Squid, 3i2)Ca
We check all the test models to guarantee that there is nacdupl
tion between the training and test sets. We tested 819 muidltls
on average 55 candidate bases per model. We use the assessment
function trained with the whole training set to detect thesita-
tions of the test models. Tablecompares the prediction accuracies
with different learning methods.

Our algorithm is highly generalizable. Not only is it abledn-
ent diverse objects within function classes present in thi@ihg
set, such as tables or cars, but is successfully applicatubjects

2|t is impossible to run the combined classi er on a singletdieq, since
RF needs more features to train.



Figure 6: Examples of correct upright orientations foundday method.

that belong to other function classes. For example, evamgththe
training set contains no humanoid models, almost all theamaial
gures in the test set are oriented correctly. Figuiethrough6
show dozens of models correctly oriented by our algorithme S
the accompanying video and supplemental images for theewhol
training and test sets with the failed models highlightedte\that
although our feature set is speci cally chosen for man-make
jects, our algorithm also works well for certain naturalestif (e.g.
4-legged animals and human gures in rest pose).

As with other learning based approaches, it is dif cult tegisely
analyze the failure modes of our method. However, inspgdtie
models on which it failed, we could suggest several possise
sons for failure. In around 20% of the failed cases more then o
orientation is plausible and only subtle details indicédte hatu-
ral orientation. Most of those models have box-like shapeg. (
refrigerator and cabinet models). In addition, for abou¥%36f
the models (e.g., the bed and sofa models in Fig)rgeometric
features do not seem to provide enough information to d@jatsh
between plausible orientations. We speculate that gegra&ine
might not be suf cient in these cases. We found that about 5% o
the models have representation problems (e.g., one-sigedsen-
tation, holes, and noise), leading to incorrect visibiigmputation
or unstable convex-hull computation. We speculate thatgbeof
models failed mainly due to the strong con ict among the eatr
features (e.g., between the visibility and stability featufor the
mirror model in Figurer), generally demanding new features.

Con dence Dependent Performance. *
For many applications estimating the °*
con dence of prediction could consid- g -
erably enhance their practicality. Forg,,,
example, in cases when prediction i os
estimated to be less reliable, manual in- oss
tervention can be sought. The gure to °% ¢162065 6465666706569 1
. . fraction(t)

the right illustrates the performance of

our classi er for various levels of prediction con dence tre test

set. Speci cally, for a given score levelwe calculate the predic-

8-

tion accuracy on a subsgft) of models, where the highest score
of their candidate bases is larger than the threshokbr simplic-

ity, the accuracy is plotted against the relative siz&of (namely
S(t)=50)), so that the rightmost point on the graph corresponds to
all models (no rejection) whereas the leftmost point cquoesls to
maximal rejection, i.e. only models with the most reliabtegica-
tion. Limiting our predictions to the 30% most reliable piibns
increases the performance to about 95% accuracy.

Avg. # Avg. # | Candidate Feature Testing Total
Vertices Faces | Selection Extraction
17,148 22,358 7.09s 3.53s 2.2ms 10.62s

Table 2: Average model statics and timing.

Timings. Table2 gives the model statistics and detailed timings
of our experiments, measured on an Intel Core 2 2.13GHz adjeskt
with 2GB of RAM using a single thread implementation. The-tim
ings are computed as average times per model. Computingthe o
ject convex hulls is the bottleneck of candidate selectibnan be
accelerated by simplifying the models being processedvaraze.
The bottleneck of feature extraction is the visibility cautgtion,
which can be sped up using graphics hardware implementaiifon
ter training set construction and labeling, it took our noetli2.00
seconds to train the assessment function on the entire set.

7 Conclusion and Future Work

This work addresses for the rsttime, to the best of our kremige,
the problem of computing the upright orientation of 3D madé&le
provide an effective solution to this problem, in the casstahd-
ing objects, by selecting the best orientation from a smetllc$
candidates determined from model geometry alone. Thistiete
process is readily learnable from a training set of modelth i
labeled feature vector of geometric attributes de ned weébpect
to each candidate. We have demonstrated that the necessary g
metric attributes for orientation discrimination are kelsgunrelated
to speci ¢ model shapes, thus making our method highly ganer
izable and leading to high prediction accuracy for many &iné



Figure 7: Examples of models oriented incorrectly by ourhoet
We misorient only about 10% of the models tested.

models. Theoretically, it might be possible to further iy pre-
diction accuracy by exploring additional geometric atités. This
paper focuses on orientation detection for standing matlemeod-
els. It will be very interesting to nd similar ways to oriewother
types of man-made or even natural shapes by using differetit-m
ods to form orientation candidates. For example, it mighpbssi-
ble to employ (visually) dominant line and plane featureddme
candidate directions in these cases.
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