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Abstract

A framework for extracting salient local features from 3D models iss@néed in this paper. In the proposed method, the
amount of curvature at a surface point is specified by a positivetifaiire measure known as the curvedness. This value is
invariant to rigid body transformation such translation and rotation. Tingedness at a surface position is calculated at multiple
scales by fitting a manifold to the local neighbourhoods of different sRegits corresponding to local maxima and minima of
curvedness are selected as suitable features and a confidencearadasach keypoint is also calculated based on the deviation
of its curvedness from the neighbouring values. The advantage ofrtrizeWwork is its applicability to both 3D meshes and
unstructured point clouds. Experimental results on a different numfmodels are shown to demonstrate the effectiveness and

robustness of our approach.

I. INTRODUCTION

As surface acquisition methods such as LADAR or range searare becoming more popular, there is an increasing ifteres
in the use of three-dimensional geometric data in varioumspeder vision applications. However, the processing of aasets
such as range images is a demanding job due to not only the dmgent of surface information but also the noise and
non-uniform sampling introduced by the sensors or the r&coction process. It is therefore desirable to have a momngpact
intermediate representation of 3D images that can be useierfly in computer vision tasks such as 3D shape modelling
surface registration or object recognition.

One of the most popular approaches is based on using locaiiptess, or signatures that describe local surface regitm
represent a surface [1]-[4]. This strategy has been pravéxe trobust to partial occlusion, clutter and intra-clagsatian [5].
However, in those techniques, the surface locations ugeestonating local descriptors are either selected exhalgtat each
point or randomly from the data [1], [2]. In the case of exhiaesselection, it is very inefficient because of the redumaya

in areas with little shape variation. In the case of randos#lection, distinctive geometric structures may be misbed



(a) Non-thresholded (b) Thresholded

Fig. 1. Local features detected on the ‘Dragon’ model. Therooap of the keypoints is from blue to red corresponding to tovmigh confidence values.

Figures are best seen in color.

reducing the accuracy of the algorithm [5]. Therefore, ivésy important to be able to have a principled way to sample a
representative set of feature points from the surface [6].

This paper addresses the above issue by proposing a mailtifeature extraction algorithm using a rotation and fedits
invariant local surface curvature measure known as theedmess. It is a positive number that captures the amountrefitue
in a local region around a surface point [7]. Different vald the curvedness of a point are calculated at multipleesday
fitting a surface to its neighbourhood of different sizes.eA af reliable salient feature points is formed by finding et of
extrema from the scale-space representation of the inptaceu We also introduce a method for evaluating the condiden
of each keypoint based on the deviation of its curvedness ftte neighbouring values.The proposed approach is tested o
a variety of 3D models with different noise levels in orderstoow the high repeatability of the detected features. Kinal
registration results obtained by using our feature seladtiamework with spin-images [2] as local descriptors dse acluded
to demonstrate the robustness and effectiveness of theagprFigure 1 shows the features extracted by our algoritbm
the Stanford ‘Dragon’ model [8].

The remainder of the paper is organized as follows. Seciiatescribes related work in the area. Surface curvature and
method of estimation are described in Section Ill. In Sectl, we present in detail how to perform the proposed mudéis
feature extraction algorithm. Our experimental results @esented in Section V. The conclusions are finally give&dation

VI.

Il. RELATED WORK
A. Scale-space Representation

In 2D image domain, multi-scale feature extraction is a sstiablished problem [9]-[11]. The fundamental idea of the
scale-space representation, first introduced in 1983 §9p itransform an input signdl(x) : RY — R at different scales as
L(x,t) : R?x Ry — R. The Gaussian scale-space representation can be obtairehimlving f(x) with Gaussian kernels
G of increasing widtht [10]

L(x,t) = G(x,1) ® f(x) @

Figure 2 shows an example of applying Gaussian kernels ofasing widths to a 2D image in order to create its scaleespac

representation.



(a) Original image €40 x 480) (b)t =10 ()t =20 (d)t =40

Fig. 2. Scale-space respresentation of a 2D image with iscrg@a&aussian kernel width.

The connection between the Gaussian scale-space and firgialifequation was obtained in [12]
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where/ denotes the Laplacian operator. There are many methodexteatds the above idea of 2D scale-space representation
to point-sampled surfaces. One method is the iterativeddigh smoothing [13] that used the graph Lapladignto replace
the continuous Laplacian operator
Lof(xi) = D (fxi) = fx))wij 3)
J{ij}EE

wherex; is a set of vertices of a graph, the summation is over grapkesdgj) in the edge seE andw;; are positive edge
weights. However, the drawback of this method is that itsamag kernel often produces surface deformation arsfacich
as volume shrinkage and thus may incorrectly change thasideometry [5], [14].

In [14], a surface variation measure, (x), was proposed

Ao

Un(x) = )\0+)\1 +)\2

(4)

where \;’s are eigenvalues of the sample covariance matrix evaluate local n-point neighbourhood of the sample point
x. The scale of an extracted feature is chosen to be the neighibad size for which the correspondiag gets a local
extremum. Howevery,, is very sensitive to noise and this approach requires heupee-smoothing procedures to be applied
to the surface [5].

A recent work proposed by Novatnack and Nishino [15] aimsedediing multi-scale corner and edge features from 3D
meshes. In this approach, a 2D representation of the otigimface called th@ormal mapis created by interpolating over the
surface normals at each 2D-embedded vertex. Corner anddsdgetors are derived using the first and second-orderaparti
derivatives of the normal map in the horizonta) &nd vertical directiont). The disadvantage of this approach is that the 2D
normal map can only be created from a 3D mesh with connectinformation. It also suffers from another limitation that
good surface normals must be available in order to consthectcale-space representation.

Recently, Flintet al. [16] proposed the use of a 3D version of the Hessian to meaiserdistinctiveness of candidate interest
points. The disadvantage of this method is the cost of rebagnpegularly in space throughout the data. Another draskbia
the stability of the Hessian determinant used for searchingl maxima in noisy data.

Surface curvature has been used extensively in the literétn mesh simplification and smoothing [17], object redtign

[18]-[20] and mesh segmentation [21]. However, there isch laf a systematic approach in extracting salient localufiesst



Fig. 3. The(a, 8) coordinate of the surface point relative top.

Fig. 4. A spin-image extracted at a vertice on the face of tHeefCmodel. The location of the vertice is marked in red. Swefpoints contributing to the

spin-image are highlighted by blue line segments orientedgatbe surface normals at these positions.

or keypoints from an input surface using its local curvainfermation at multiple scales. In this paper, we addressattove

issue by proposing a multi-scale curvedness-based agproac

B. Spin-Images

In order for the paper to be self-contained, the spin-imdgerdéhm, proposed by Johnsat al. [2], is briefly discussed in
this section. Each spin-image is a local surface descrigttnulated at an oriented poifyp, n) (3D point with normal vector)
by encoding two of the three cylindrical coordinates of ttsesurrounding points (Figure 3). The spin-imafefor a surface
point p is a 2D histogram in which each pixel is a bin that stores thmbmr of neighbours that are a distancérom n and
a depthg from its tangent plan@®. Figure 4 shows the ‘Chef’ model [22] and a spin-image exé@at a vertice on its face.

The similarity of two spin-images is measured by calcutatimeir correlation coefficient [2]. The registration of tdifferent
views are performed by finding the correspondences betweigtspon the surfaces using the similarity of their spin-ges
Correspondence pairs with highest similarity that are getdoally consistent are selected to estimate the rigidsfiarmation
that registers the surfaces. As the surface positions ohtsseompute spin-images are selected randomly, this mayceed

the accuracy of the registration as a result of missing itambrgeometric structures. By incorporating our featuleci®n



Fig. 5. Principal curvatures at a poit on a surface.

framework into the spin-image algorithm, we can improve ooly its robustness by using salient features in the magchin

process but also the speed as the number of features is cigntifi smaller than the number of randomly selected points.

IIl. L ocAL SURFACE CURVATURE
A. Principal Curvatures

If we let u, be a tangent vector to a regular surfadec R? at pointp € M with ||up|| = 1, the normal curvature af/
in the direction ofuy, is defined as

k(up) = S(up) - up ®)

where S(u,) = —D,, U is the shape operatdU is the field of surface normal vectors defined in a neighboeshaf p and
D, U is the derivative ofU with respect tou,, [23].

The maximum and minimum values; and k. respectively, of the normal curvatukgu,,) are called principal curvatures
of M at pointp. These values measure the maximum and minimum bendiny @t p [7]. The principal curvatures are

related to the two classic shape measures, the Gaussiaatungix and mean curvaturél, by

ki=H+VH? - K (6)

ky=H—H?2 — K @)

Figure 5 shows the principal curvatures for a pgnivith the normal vecton on a surface. The curvature is positive if the
curve turns in the same direction as the surface nomma@therwise, it will be negative. Figure 6 shows the maximumd a

minimum principal curvatures estimated for the StanforddBha’ model. The colormap is shown in Figure 6c.

B. Curvedness

In our feature extraction framework, the geometric aspéet 8D model is defined using a bending energy measure of the

surface called the curvedness. The curvedness at a painta surface can be estimated as [7], [18]

2 2
oo =y AT (®)

The curvedness can be used to indicate how highly or gentlyedua surface is [21]. A single curvedness value is sufficien
to describe the local surface curvature, whereas both thusstm and mean curvatures are necessary for the same &sk [1
The curvedness is zero only for planar patcheg;as k. = 0 in this case. Figures 7a and 7b plot the curvedness of two 3D

models, ‘Buddha’ and ‘Dragon’, respectively. The color maghown in Figure 7c.



(@) Maximum curvature (b) Minimum curvature (c) Col-
(k1) (k2) ormap

Fig. 6. Maximum and minimum principal curvatures estimated fe@r Buddha’ model. The colormap is from blue to red correspogdo low to high

values of the curvature. Figures are best seen in color.

(a) ‘Buddha’ (b) Dragon (c) Col-
ormap

Fig. 7. Curvedness of the ‘Buddha’ and ‘Dragon’ models. Thiercoap is from blue to red corresponding to low to high valuéshe curvedness.

IV. MULTI-SCALE FEATURE EXTRACTION

A. Feature Point Selection at Multi-scale

As we have already discussed in Section I, there are equitv8D versions of the 2D Gaussian smoothing kernels in order
to estimate the 3D scale space representation of a surfageevdr, these methods usually produce undesired artifacts as
changes in the geometric structures of the models. In ouneveork, the scale of a point on the surface is defined as tlee siz
of the neighbourhood that we use to collect points as thetitgthe fitting. For unstructured point clouds, the scalean

be chosen as either Euclidean distance or geodesic disfaBLeAll the surface points that are closer to the fitting migp



(@) Onering ¢t = 1) (b) Two rings ¢ = 2)

Fig. 8. An example of rings. The fitting vertex is marked withéleolor.

@) ry =2 (b) r, =5 ©ry="7 (d) Col-
ormap
Fig. 9. Curvedness of the ‘Buddha’ model estimated at diffeseale levels ;. It can be seen that increasing the scale is similar to applgismoothing

filter to the 3D surface before calculating the surface dumea The colormap is from blue to red corresponding to lowightvalues of the curvedness.

than this distance will be picked. In this paper, we use thelilean distance to specify the radius of the neighourhéod.
3D meshes, the scaleis chosen as the number ohgs surrounding the fitting vertex. The scaler can also be called the
radius of the neighbourhood. The first ring contains all tlmeat neighbours ofr that are vertices in the opposite of the edges
started fromv. The second ring contains all the direct neighbours of th&ces in the first ring and so on. In the scope of
this paper, we only use meshes as inputs to our feature iseledtjorithm and the number of rings is used as the scalé. leve

Figure 8 shows an example of a vertex and its neighbourhobdsdais» = 1 andr = 2.

Our multi-scale curvedness-based feature selectionitiigois outlined in Algorithm 1. It can be seen that incregsihe
size of the local neighbourhood is similar to applying a sthomy filter but it avoids making direct changes to the 3D acek
[14]. Thus, in addition to the ability to detect features atltiple scales, another benefit of this approach is to redhee
effect of noise on the models. It is also worth noting that sicalesr;, where keypoints selected can be used as support
regions for many 3D object recognition algorithms such as-Bpages [2] or the tensor-based approach [4]. Figure ®sho

the curvedness of the ‘Buddha’ models at different scalel$ey,.



Algorithm 1 Multi-scale Curvedness-based Feature Extraction Algorit
Data:

P = {p; € R3}: set of 3D points sampled from the surface.
R = {r}: a set of scales.

Algorithm:

1: for r € {ry} do

2. for pe{p;} do
3: Find the neighbourhood, at scaler
4 Fit a jet to N,
5: Compute principal curvaturels, and ko
6: Compute the curvednesg

cp = /(KT + k3)/2
7. end for

8:  Keypoints are positionp having extremum values, both in the neighbourhood of radiug as well as over the above
and below scaleéry,_1,7+1).

9: end for

B. Feature Confidence
The confidence valuef a feature located at a surface popat scaler, is defined as

|CP_IU/Np|

ONp

(P, k) = (9)
where Ny, is a set of alln 3D points in the neighbourhood @f at not only scale-;, but also at the two adjacent scales ;
andry41. cp is the curvedness gf as defined in (8)ux, andoy, are the mean and standard deviation of the curvedness of

all vertices inNy, respectively

2 p,eN, Cp;
pn, = SRENR (10)
Yoo, N, (CPJ_MN )2
oN, = \/ e S I (11)

In this work, the reliability of a local feature is represettby its confidence value. If the confidence value is smadl, th
feature may not be reliable because its curvedness value rdiiedeviate far enough from the other values in the immediat
neighbourhood. For example, if the confidence is small,dballmaxima or minima may be selected as a result of measateme
noise on the object’s surface rather than a change in locddcgustructure. Assuming the distribution of the curvesnef
a surface region is approximated by a normal distributidmua68% of the curvedness values would be withimy, —

on,, N, +on,] and a threshold; can be used to remove less reliable keypoints.



(b) Chef ¢ = 0) (d) T-rex ¢y¢ = 0)

(e) Buddha 4+ = 1.5) (f) Chef (y+ = 1.5) (g) Chicken ¢+ = 1.5) (h) T-rex ¢+ = 1.5)
Fig. 10. Feature extraction results for four different 3D mlsdwith different confidence thresholds = 0 and~; = 1.5. Features are selected from each

model using 7 different scales & 1 to r = 7).

V. EXPERIMENTS AND DISCUSSIONS

A. 3D Meshes

The proposed multi-scale feature extraction approach @sied on a variety of standard 3D models representing byguilar
meshes. Figures 1 and 10 visualise the keypoints extraaieu3 different 3D models with two levels of threshejgd= 0 and
~v+ = 1.5. The ‘Dragon’ and ‘Buddha’ together with many other modeds dbe downloaded from the Stanford 3D Scanning
Repository [8]. The ‘Chef’, ‘Chicken’ and ‘T-rex’ models weefound at Mian’s website [22]. It can be seen from the figures
that most of the salient positions in the models such asiposinear the noses, mouths or eyes of the Buddha and Chef or
the tail of the Chicken were selected as feature points.

Table | shows the comparison between the number of keypamdghe number of vertices in each model. It is clear from the
table that the number of keypoints is significantly smalkert the number of vertices for all 5 surfaces. Without thottihg,
the number of features is abo2%% of the number of vertices in each model. When the thresholetiscsy, = 1.5, the
number of keypoints reduces to just abo0ut% of the number of vertices. Although the set of keypoints ao# just a small

percentage of the surface data, it is still a sparse but desltribed representation of the geometric structureseinmtbdel as
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TABLE |

COMPARISON BETWEEN THE NUMBER OF VERTICES AND NUMBER OF KEYP®TS FOR ALL 5 MODELS WITH DIFFERENT CONFIDENCE THRESHOLDS

Model Number of vertices| Number of Keypoints{; = 0) | Number of Keypoints{; = 1.5)
Dragon 134559 2910 (2.16%) 927 (0.69%)
Buddha 133127 2760 (2.07%) 745 (0.56%)
Chef 176920 2439 (1.38%) 804 (0.45%)
Chicken 135142 2273 (1.68%) 740 (0.55%)
T-rex 176508 2910 (1.65%) 983 (0.56%)

(a) 4 scales (b) 7 scales

Fig. 11. Local features detected on the head of the ‘Chickemdel using different numbers of scales in the scale-spacesemtations.

evident in Figures 1 and 10.

B. Number of Scales

Figure 11 shows the keypoints detected on the head of thek€&hi model using two different numbers of scales in the
scale-space representations. Two different numbers ¢éssch and 7, are used in estimating the local features inr€igia
and Figure 11b, respectively. It can also be seen from Fig@réhat the more scales used in the scale-space represantati
the more features that are extracted and the better the georskeuctures of the surface are represented by thesarésat
One advantage of the multi-scale approach is that it carctetarse-scale features even though the curvature migluvnbe
We can see that important feature points such as the one otiptio¢ the nose can only be detected using a high number
of scales. There is, of course, a trade-off between the nuwigcales and the time taken to extract local features frém 3
surfaces. The more scales used, the more number of sal&otde can be detected. However, it is also more compudgdltjon

expensive to process the scale-space representation ofsardize with too many scales.

C. Repeatability of Keypoints

It is very important that local features detected in the ioafysurface will be present in the noisy data. In order tdeaita
the repeatability of the feature points, white Gaussiarsblevith standard deviatios, ranging from0.001 to 0.1 was added
to the 3D surfaces. When noise is introduced to the meshesatlaion of the local surface patches will increase. Assallte
there would be more features points detected in noisy imagepared to the original one. However, it is important tht t

local keypoints detected in the original surface will prigs@ the noisy data.
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Fig. 12. Number of features detected at different numbers @esct two threshold levelg, = 0 and~; = 1.5 for the ‘Chicken’ model.

(a) Original (b) o = 0.005 (€) g = 0.05

Fig. 13. Features detected from the face of the 'Chef’ mod#h different noise levels.

Figure 13 shows the features extracted from the face of thef’Gnodel for different levels of noise. It can be seen from
the figure that a large portion of local features from the ioafj smooth face are presented in the the noisy versions. Fo
example, there are still many feature points lying arourigisastructures such as the nose, chin, eyes, mouth anaeamsn
the noisiest surface in Figure 13d. With the noise levetgf= 0.005, most of the keypoints in the original image appears in
the noisy version. A quantitative evaluation of the replititg of the features for five different 3D models is shownFRigure
14. At the noise level ob¢ = 0.001, nearly all of the features in the original model can be det&in the noisy surface.

Even when the standard deviation of the noise goes:te= 0.1, about40% of the original features repeat in the noisy data.

D. Unstructured 3D Point Clouds

The proposed approach was also employed to extract loctdrésafrom different unstructured point clouds without
connectivity information between the vertices. When apygyio 3D point clouds, Euclidean distance is used as the saafiu
the neighbourhood for collecting surrounding points. Atkek data structure is implemented to perform the localhimigr
search efficiently. By fitting local manifolds directly toettsurface points, the scale-space representation of thelmad be
created without the need to reconstruct the surface fronpdirg cloud in advance which is a very error-prone and niviatr
process. Figure 15 shows the features extracted from tvierelift point clouds of a truck and a tank. The sizes of thergshe

represent the scales of the extracted features.
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Fig. 14. Repeatability of the features for 5 different modaelslifferent noise conditions.

(b) View 2 (c) View 3

(d) View 1 (e) View 2 (f) View 3

Fig. 15. Feature extraction results for two different unstured point clouds, a truck and a tank, respectively. The af each sphere denotes the scale at

which the feature is selected. The point clouds are coloded using the: coordinates of the 3D points.

E. 3D Surface Registration using Spin-Images with Localtlhies

In this section, the results of combining our feature exiomcframework and the spin-image algorithm [2] to regis3é&
surfaces are presented. The proposed method is used ag@cpssing step in order to improve the accuracy and effigiefic
the spin-image registration algorithm. Due to the limgatdf the spin-image implementation [2] in dealing with kudatasets,
each scan was re-sampled to contain about 10000 verticeg tie cost driven approach proposed in [24]. To register two

different views of the same object, we only performed théueaextraction on one view. The correspondences of spayes
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(c) ‘Chef’ scan (d) Registration result

(e) ‘T-rex’ scan (f) Registration result (g) ‘Chicken’ scan (h) Registration result

Fig. 16. Registration results for 2 different views of foud 4nodels. Features extracted from the model views are showadadats. Positions marked in

darker color are the scene scan aligned w.r.t the model scan.

extracted at these features were search through all ventit¢he other view to improve the probability of finding magsh
Furthermore, the feature extraction step was performetingffon the model scan so that it would not affect the actuaticiting
time. Figures 16a, 16c, 16e and 16g show the features eadrdicim the model views of the ‘Buddha’, ‘Chef’, ‘T-rex’ and
‘Chicken’, respectively. As the difference between thdasggtion results using random points and the ones usirgj features
is not visually significant, only the registration results@ined by combining the spin-image algorithm and the pseddocal
feature extraction method are shown in Figures 16b, 16dathéf16h.

A quantitative comparison of the registration results fgo tviews of these models by using randomly selected poinds an
our feature extraction approach is shown in Table Il. It carsben from the table that the number of features is much emall
compared to the number of randomly selected points. As dtrebe registration time reduced significantly in all catss
employing the proposed feature extraction technique agpreecessing step. The experiments were done on a Intel Doce2
2.4 GHz laptop with 2GB of memory running Linux. Besides thgriovement in the speed of the matching process, our
method also produced more accurate results as the avergigegaton errors are smaller when using local features tha
random surface points are selected. This error represkatavierage distance between all correspondences in a nfegch a

model points have been transformed by the match transfmm§l]. The resolutions of the ‘Buddha’, ‘Chef’, ‘T-rex’ @n
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TABLE I

QUANTITATIVE COMPARISON OF THE REGISTRATION USING RANDOMLYSELECTED POINTS AND LOCAL FEATURES

Random Points Local Features
Model No. of Reg. Avg. No. of Reg. | Avg.

selected points| time error || selected features time | error

‘Buddha’ 6246 2m31s | 0.965 370 5s 0.932
‘Chef’ 5371 2m54s | 0.887 158 7s 0.812
‘T-rex’ 5183 2m34s | 0.663 164 5s 0.607

‘Chicken’ 5163 2m56s | 0.621 121 8s 0.616

‘Chicken’ meshes are 1.26, 2.06, 1.48 and 1.29, respegtivel

VI. CONCLUSIONS

In this paper, a framework for extracting local featuresrfrBD models using surface curvature has been presented. The
scale-space representation of the surface geometry wasrgcied by estimating the local curvedness of the surfadéfarent
scales. By fitting a truncated Taylor expansion called thedethe local surface patch, two principal curvatures ad asl
the curvedness can be approximated. Feature points wesertlas vertices on the surface having local extrema not dnly a
the current scale but also at two adjacent scales. Furtherrttze reliability of each local feature was evaluated bingisa
confidence value that measures how far the curvedness addharé is from the mean value of its neighbourhood. Expetiate
results on a number of different 3D models showed that theoagh could robustly detect and localize local featuremfro
both 3D meshes and unstructured point clouds. Our methadaglpeared to work well in noisy conditions given the high
repeatability of the features between the original andyhodsige images.

In order to demonstrate the approach, the proposed feautirecton framework is used as a preprocessing step to the
spin-image algorithm in order to perform the registratiédr8D surfaces. It can be seen that both the accuracy and efficie
of the registration process are improved. In the future, Vem po extend our framework to handle other representatidns
3D surfaces such as height maps, range maps or the receagggad Canonical Face Depth Map (CFDM) [25]. Although
the spin-images appeared to work well with our method, wé alglo be investigating the derivation of a new type of swefac
descriptor that uses not only the spatial distribution affame points but also the curvature information to perforettdy

recognition.
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