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Abstract Many practical object recognition systems are

appearance- or model-based. To succeed they address
h. two major interrelated problems: object representation
and object matching. The representation should be good
Ienough to allow for reliable and efficient matching.

In this paper, we study computational models and tec
niques to merge color and shape invariant information to
recognize objects. We propose a feature, which we cal - . .
color shape context, and it is a histogram that combines theThe recognition C.OHS'StS of matching the stored models
spatial (shape) and color information of the image in one (model-based) or images (appearance-based), encapsulated

compact representation. This histogram codes the local-'N @ re_presen'Fatlon SChe”?e- against the target image to
ity of color transitions in an image. lllumination invariant 9€termine which model (image) corresponds to which
derivatives are first computed and provide the edges of thePortion of the target image. .
image, which is the shape information of our feature. These ~Several systems have been developed to deal with the
edges are used to obtain similarity (rigid) invariant shape Problem of model-based object recognition by solving the
descriptors. The color transitions that take place on the correspondence problem by tree search. However, the com-
edges are coded in an illumination invariant way and are putational (?omplexny is exponential for nontrivial images.
used as the color information. The color and shape infor- 1 nerefore, in this paper, we focus on appearance-based ob-
mation are combined in one multidimensional vector. Our JECt recognition.

experiments show that the feature is invariant to the simi-  Most of the work on appearance-based object recogni-
larity transformations of shape such as translation, rotation tion based on shape information is by matching sets of
and scaling and also to noise and illumination changes of shape image features (e.g. edges, corners and lines) be-
color. We conducted our experiments in three databasestween a query and a target image. In fact, the projective
whose size ranges from 500 to 7200 images. We reportinvariance of cross ratios and its generalization to cross ra-
considerably better results than only color-based or only tios of areas of triangles and volumes of tetrahedra has been
shape-based methods. We also found experimentally that/sed for viewpoint invariant object recognition and signif-

the feature exhibits robustness to viewpoint changes for theicant progress has been achieved [20]. Other shape invari-
COIL-100 dataset. ants are computed based on moments, Fourier transform co-

efficients, edge curvature and arc length [19], [23]. Unfortu-
nately, shape features are rarely adequate for discriminatory
Keywords: object recognition of 3-D objects from arbitrary viewpoints.
The shape-based approach is often insufficient especially in
Photometric and geometric invariants, color-shape con-case of large data sets [10]. Another way to appearance-
text, object recognition. based object recognition is to use color (reflectance) infor-
mation. It is well known that color provides powerful in-
. formation for object recognition, even in the total absence
1 Introduction of shape information. A common recognition scheme is to
represent and match images on the basis of color invariant
In a general context, object recognition involves the task histograms [17], [8]. The color-based matching approach
of identifying a correspondence between a 3-D object andis widely in use in various areas such as object recognition,
some part of a 2-D image taken from an arbitrary viewpoint content-based image retrieval and video analysis.
in a cluttered real-world scene. Little research has been done on how to combine color



and shape information for object recognition. Important neighboring points. A drawback, however, is that these
work is done by [3], [13] using moment invariants that color ratios might be negatively affected by the geometry
combine geometric and photometric changes for planar ob-and pose of the object.

jects. Further, in [10] color and shape invariants are com-  Therefore, we focus on the following color ratio [9]:
bined for object recognition based on geometric algebraic

i i ; cL C?
invariants cqmpgtgd from color co occurrences. .Although M(CL,CL C2 C2)= 57T ol 202 (1)
the method is efficient and robust, the discriminative power vomem im0 G

decreases by the amount of invariance. Color, shape and _ . _ o
texture are combined in [12] for visual object recognition. €xpressing the color ratio between two neighboring image
However, the scheme is heavily dependent on severe illumi-locations, forC*, C? € {C*,C?,...,CN} giving the mea-

nation changes. sured sensor pulse response at different wavelengths, where
Therefore, in this paper, we study computational models 71 andz, denote the image locations of the two neighbor-
and techniques to merge color and shipariantinforma- ing pixels.

tion to recognize objects in 3D- scenes. Shape deformations For a standardiG' B color camera, we have:
occur by a change in viewpoint, object position etc. Defor-

. o = Rz Gz
mations for the color channels occur due to shading, illumi- m1(Rz,, Rz,,Gz,,Gz,) = 7 1G 2, 2
nation, shadows etc. To this end, a vector-based framework T2
is used to index images on the basis of color, shape and com- R~ B-

. . . X1 o
posite information. The scheme makes use of a color-shape ma(Rz,, Rz,, Bz, Bz,) = - —— B ®)
context providing a high-discriminative cue in vector form T2
to be used as an index. _In this paper we do not consider m3(Ge,,Gs,, Bz, Bs,) = 201202 (4)
robustness against cluttering and occlusion. Gz, Bz,

The recognition scheme is designed according to the fol-Tpe color ratio is independent of the illumination, a change
lowing principles:1. Generality the class of objects from viewpoint, and object geometry [9].
which the images are taken from is the class of multicol- ko, the e,ase of exposition, we concentrateronbased

ored planar objects in 3-D real-world scensinvarianceé 4 theRG-color bands in the following discussion. Without
the scheme should be able to deal with images obtainedsg of generality, all results derived for; will also hold
from arbitrary unknown viewpoints discounting deforma- ., msy andms.

tions of the shape (viewpoint, object pose) and color (shad-  14king the natural logarithm of both sides of Eq. 2 results

owing, shading and illumination. Stability the scheme  ¢,, my in:

should be robust against substantial sensing and measure-

ment noise. g a m RT1(%2
The paper is organized as follows. First, we propose a Inmy (R™, R, G, G) = ln(RfQGam

scheme to compute illumination invariant derivatives in a

robust way. Then, shape invariance is discussed in Sectioqn R

3. In Section 4, color and shape invariant information is

combined. Matching is discussed in Section 4.2. Finally, . . ®)
experiments are given in Section 5. Hence, the color ratios can be seen as differences at two

neighboring locationg; and¥; in the image domain of the
logarithm of R/G:

)=

R™ R

+InG* —InR™ — InG™ = (7)) —In(5z)

2 Photometric Invariants for Color Images
22\ R T R T2

The color of an object varies with changes in illuminant Vim (1, 72) = (In(Z )™ = (In(z)) ©)
color (Spectral Power Distribution) and geometry (i.e. an- By taking these differences in a particular direction be-
gle ofincidence and reflectance). Hence, in outdoor imagesiween neighboring pixels, the finite-difference differentia-
the color of the illuminant (i.e. daylight) varies with the tjon is obtained of the logarithm of imag®/G which is
time-of-day, cloud cover and other atmospheric conditions. independent of the illumination color, and also a change in
Consequently, the color of an object may change drasticallyviewpoint, the object geometry, and illumination intensity.

due to varying imaging conditions. We have taken the gradient magnitude by applying Canny’s
o _ o edge detector (derivative of the Gaussian with= 1.0)
2.1 lllumination Invariant Derivatives on imageln(R/G) with non-maximum suppression in a

standard way to obtain gradient magnitudes at local edge
Various illumination-independent color ratios have been maxima denoted by,,, (), where the Gaussian smooth-
proposed [8], [14]. These color ratios are derived from ing suppresses the sensitivity of the color ratios to noise.



The results obtained so far for; hold also form, andms, Then, it follows that if the uncertainties i, - - - , iy are
yielding a 3-tuplgG,,, (%), Gm, (Z), Gm, (%)) denoting gra-  independent, random and relatively small, the predicted un-
dient magnitude at local edge maxima in imagesR/G), certainty inq is given by [18]
In(R/B) andln(G/B) respectively. For pixels on a uni-
formly colored region (i.e. with fixed surface albedo), in
theory, all three components will be zero whereas at least
one the three components will be non-zero for pixels on lo-
cations where two regions of distinct surface albedo meet. the so-called squares-root sum method. Although (9) is de-
Higher order derivatives are taken to obtain salient points duced for random errors, it is used as an universal formula
such as corners and T-junctions. These higher order derivafor various kinds of errors.
tives are computed again by Gaussian derivatives applied Focusing on the first derivative, the substitution of (6) in
on the illumination invariant color model. For the ease of (9) gives the uncertainty for the illumination invariant coor-
exposition we concentrate dmm, in the following discus-  dinates
sion.
To compute higher order derivatives, we apply the partial

9)

2 2 2 2
derivatives of the Gaussian up to order 2 for imhgé. Let .o Rz, | %Gz | PRz, | 9Ga,
21,%2) = + + + 10
{Vini, s Vi, s Vinao s Vina, > Vima,, o denote the set of OV, (1, 72) R: ~ G%  RI  G% (10)

the first five partial Gaussian derivatives. From these par- . . -
tial derivatives, we have computed the Laplacian and the Assuming normally distributed random qugnntles, the stan-
Hessian. Note that the Laplacian operator finds its roots indard way to calculate the standard deviations o¢, and

the modeling of certain psychophysical processes in mam-758 is to compute the mean and variance estlma_tes dgnved
malian vision and hence is suited to compute visual salient’ from & homogeneously colored surface patches in an image
points. under controlled imaging conditions.

From the analytical study of Eq.10, it can be derived that

2.2 Noise Robustness of lllumination Invariant  color ratio becomes unstable around the black pé&int
Derivatives G=B=0. o
Further, to propagate the uncertainties from these color
The above defined illumination derivatives may become components through the Gaussian gradient modulus, the un-
unstable when intensity is low. In fact, these derivatives are certainty in the gradient modulus is determined by convolv-
undefined at the black poinR(= G = B = 0) and they  ing the confidence map with the Gaussian coefficients. As

become very unstable at this singularity, where a small per-& consequence, we obtain:

turbation in theRG B-values (e.g. due to noise) will cause S [(8@/8;1:)  Ooe,j0m + (0¢1/DY) - 0,/ ]
a large jump in the transformed values. As a consequence, ovr < —- 5 = ; 8, 5 Sy,
false color constant derivatives are introduced due to sen- V2 [(9ci [0z) + (0ci [Dy)]

\ : = (11)
sor noise. These false gradients can be eliminated by de- - . : . .
- . . wherei is the dimensionality of the color space ands the
termining a threshold value corresponding to the minimum : : X
. : - notation for particular color channels. In this way, the ef-
acceptable gradient modulus. We aim at providing a methodfect of measurement uncertainty due to noise is pronacated
to determine automatically this threshold by computing the y bropag

uncertainty for the color constant gradients through noisethrough the color constant ratio gradient,
Yy 9 9 For a Gaussian distribution 99% of the values fall within
propagation as follows.

. . L a 30 margin. If a gradient modulus is detected which ex-

Additive Gaussian noise is widely used to model thermal . !

X . L . - . ceeds3oyr, We assume that there is 1% chance that this
noise and is the limiting behavior of photon counting noise . .

i . : o gradient modulus corresponds to no color transition.

and film grain noise. Therefore, in this paper, we assume
that sensor noise is normally distributed. . . .

Then, for an indirect measurement, the true value of a3 Geometric Invariant Transformation
measurand is related to itsV arguments, denoted hy;, ) ) ) .
as follows In this section, shape transformations are discussed to
measure shape properties of a set of coordinates (i.e. edges,
corners and T-junctions) of an image object independent
of a coordinate transformation. To this end, we consider
the edges, computed from the illumination invariant deriva-
tives proposed in previous section, as the spatial informa-
tion which is normalized by the aspect ratio given in fol-
@ =q(ty, - ,an). (8) lowing Section.

u=gq(up,ug, -+ ,un) @)
Assume that the estimaté of the measurand: can
be obtained by substitution af; for u;. Then, when
iy, -+, Uy are measured with corresponding standard de-
viationsoy,, - -+ , 04, , We obtain [18]



3.1 Affine Deformations and Inverse Transforma- Setting the transformation matrix to
tion

, : . - A= [ g 195 ] (18)
The geometric deformations considered in this paper are
up to affine transformations: we obtain aspect ratio normalization.
. In conclusion, we normalize our spatial information with
¥ =A7+B (12) respect to translation, rotation and aspect-ratio using a col-

lection of low-order moments. The scale invariance and the
robustness to affine transformation are discussed in the fol-
lowing section.

where a point = (x,y) in one image is transformed into
the corresponding point’ = (z’,%’) in the second image,
with transformation matrix:

s [ ann a2 } B [ by } 13 4 Indexingand Matching

In this section, we propose an alternative indexing
scheme to combine shape and color information. The
scheme is called the color-shape context which is related
to the shape context proposed by [1] for shape matching.

This transformation is consider to approximate the projec-
tive transformation of 3-D planar objects , therefore is valid
when the object is relative far away from the camera.

Itis known that the spatial moment is defined as: The difference is that the color-shape context combines both
K color and spatial information into one unifying indexing
m framework. Moreover, the scheme is robust to affine de-
=2 iy}t (14)

formations of shape and color.

=1 k=1
! Let the image database consist of agkt ', of color
Further, the ratio'sz, = %2(1) 8% U = MES (1)3 de- images. Color-shape contexts are created for each ihage

fine the Centr0|d Transforming the image with respect to to represent the distribution of quantized invariant values in
b= [T yk] yields invariance to translation. The principle @ multidimensional invariant space. Color-shape contexts
axis is obtained by rotating the axis of the central moments are formed on the basis of color, shape and combination of
until My, is zero. Then, the angk between the original ~ Poth.

and the principle axis, is defined as follows [15]: _
4.1 Color-Shape Representation Scheme
2M11

tan2 = ——— 15

MZ() - -Z\/-[O2 ( )
This angle may be computed with respect to the minor or
the major principal axis. To determine the unique orienta-

tion,we require the additional condition th&fy, > Mo

and M5y = 0. Setting the rotation matrix to

The color-shape framework is as follows. For a color
imageZ : R? — R3, illumination invariant edges are com-
puted to obtain a binary image: R?> — {0,1}. Then at
the edge points we define:

ﬁn = (xvy7m17m27m3)| g((E,y) =1 (19)

_ { cos 6 —sind ] (16) wherez, y are pixel coordinates in imageandm , mo, ms
sinf  cosf are the color invariant ratios calculated in ima&ge-urther,
P, € RO,

will provide rotation invariance.
A change in scale by a factor 6fin the x-direction and
~ in the y-direction is given by

We can decompose each of thggevectors as follows:

. Pn = Ps, + P, (20)
M, (m,n) = §™ "M, (myn)

where:
where

ﬁsn, = ($7 Y, Oa Oa 0)

, , . pe, = (0,0,m1,ma, m3)
M, (0,0) = M, (0,0) = 1andM,(2,0) = M,,(0,2) (
Note that the seP = {pi,p2,...,pn} Of n points in a

then we obtaird = 1/ where 5-dimensional space representing both the shape and color
information in the image. Each of thesepoints is now
§ = (M,(0,2)/M,(2,0))%2° a7 considered to represent a vector originating from a central



point. To provide noise robustness, we consider the distri- context feature is rotation, scale, translation and aspect ra-
bution of these vectors over relative positions. Then, the tio change invariant. Furthermore, the color-shape context
color-shape context;, of setP is defined as the coarse his- exhibits intrinsic robustness against small amounts of dis-
togram of the distribution of alp,, vectors, as defined in  placement noise, since it is based on the distribution of il-
Eq.20, over the relative positian In other words, the his-  lumination invariant derivatives instead of their exact posi-
togram of the decomposed and quantized versions af,;the  tions.

vectors, with respect to the distance and orientation from a

central pointc, is called color-shape context of the image. 4.3 Matching in complex scenes

The vectorps is represented by its polar coordinates while

the vectorp is represented with its spherical coordinates. For object recognition in complex scenes, which may

To construct the color-shape context of each imége contain cluttering and occlusion, a modified matching strat-
using a relative position, we first translate the vectogg;, egy is adopted. The reason is that the framework based on
with respect to point and then the following histogram is moments, used to determine the center and the scale of the
computed: color-shape context, can no longer be used since the edge

points may belong to more than one object. To this end,

1S, (k) = #{q : g € bin(k)} (1) we build multiple representations of color-shape context per

n image and match them with a modified distance function.

The multiple color-shape contexts are build at different cen-
whereg € P andbin(k) is a bin corresponding to a partition  ters, scales and orientations. The modification of the cost
of the feature space. This bin is defined as a Cartesian prodfunction aims at reducing the influence of large costs in-
uct of the spatial and color bins. For partitioning the spatial troduced at occlusions. More specifically, we introduce an
space, we compute the log-polar with equally spaced radialocclusion field that indicates in which spatial cell occlusion
bins. An equally-spaced bins scheme is used to partition theoccurs and modify the cost function in order to reduce the
3-D color invariant space. cost of matching when the occlusion fields are spatially co-

Note that the color-shape context feature is rotation, herent.
scale, translation and aspect ratio change invariant. Fur- More specifically, the occlusion field of spatial célis
ther, the color-shape context has intrinsic robustness againstlefined as:
small amounts of displacement noise, since it is based on O, — { Lo dy/qp>T
the distribution of illumination invariant derivatives instead g 0 : dy/a <T
of their exact positions. Total affine invariance, which
would include skew invariance, is not claimed, but the ex-
perimental results show that the feature is robust to affine
transformations. 1 Z (ha(n) — hy(n))?

dk = =
2 ha(n) +h
i1 fmy (al) ()

whered; denotes the accumulated cost of matching in the
spatial cellk and is defined as :

4.2 Matching in simple scenes
where f(n) denotes a mapping from the index of the color-
For object recognition in simple scenes (i.e. one object shape context to the appropriate spatial cell indexg,
per image) we set the relative positioras the center of  denotes the percentage of points of the two images in the
gravity of the spatial information. Note that the shape in- spatial cellk and is defined as:
formation is normalized and that the center of gravity is at .
the origin (0,0). To achieve scale invariance we normal- U= Z (ha(n) + ho(n))
ize all |ps, | with respect to the mean distance between all [ 7=k}
point pairs in€. Let’s consider an imagewith correspond-  The cost function is now as follows:
ing color-shape context,. Becauseh,(k) € [0,1] and / 1
> x ha(k) = 1, the cost function to compute the distance Cap = Cab — Z Ok’m Z (dr = Tqr01)  (23)
with another color-shape contelx is given by: k 1€NK
where Ny, is the 4-neighborhood of spatial céll The way
1 (ha(k) — ho(k))? thatC,, is defined is that it assigns a cost at the occluded
Cap = 92 Z m (22) spatial cellk that varies betweeg, " andd;, depending on
the spatial coherency of the occlusion fields in the neigh-
The complexity of this operation is only dependent on borhood ofk. In the extreme cases, if none of the Ny is
the number ofK which is constant for all images in the occluded the local cost at the spatial delk d;, while if all
database and is usually small. Note that the color-shape € N; are occluded it ig;T'.

k=1



5 Experiments taken from colored objects, tools, toys, food cans, art arti-
facts etc. Objects were recorded in isolation (one per im-
In this section, we consider the performance of the pro- @ge). The size of the images are 256x256 with 8 bits per
posed object recognition scheme. Therefore, in section 5.1color. The images show a considerable amount of shad-
the dataset and matching quality are discussed. Then, in th&Wws, shading, and highlights. A second, independent set
remaining sections, we test our object recognition scheme(the query set) ofV, = 70 query or test recordings was
on two different datasets with respect to viewing and illu- made of randomly chosen objects already in the database.
mination conditions. These objects were recorded again one per image with a
Further, for comparison, the illumination invariant New, arbitrary position and orientation with respect to the
derivativesm,moms are used as a direct index resulting camera, some recorded upside down, some rotated, some at
in a 3-dimensional histogram. In this context, pixels from different distances.
the same boundary will generate the same gradient value COIL-100: In order to test the performance of our algo-
and hence accumulate in the same histogram bin. As a confithm against variability in appearance, the COIL-100 has
sequence, the total accumulation for a particular histogrambeen selected which have been collected at the Columbia
bin represents a measure of the boundary length betwee/niversity. For these experiments, we aim at multi-view ob-
two homogeneously painted surface patches. Because eadgct recognition i.e. there are various images taken from the
non zero bin indicates the presence of a distinct boundary,0bject (i.e. back, front, from aside etc.), see Fig. 2. How-
the histogram is indicative for the boundary variety in view. €ver, a number of objects in the database are single-colored
For a measure of match quality, let ramk: denote  and therefore hard to recognize.
the position of the correct match for test imagQe, ¢ =
1,..., N, in the ordered list ofV; match values. Therank 5.2 Viewpoint Robustness
r@i ranges fromr = 1 from a perfect match to = N, for

the worst possible match. To test the effect of change in viewpoint we used the
Then, for one experiment, the average ranking percentilecQ|L-100 dataset. This dataset consist of 7200 images

is defined by: from 100 objects which have been put perpendicularly in
Ny front of the camera and in total 72 recordings were gener-

o 1 Z Ny —r@ 1100% (24) ated by varying the angle between the camera with 5 de-
No Ny —1 grees with respect to the object, see Fig. 2. We conducted

our experiment as following, we gave as a query a view of
51 The Datasets an object ranging from 0 to 70 degrees (15 different views)
and the method had to recognize the corresponding object
tfrom the O degrees views of all 100 objects. This was done

For comparison reasons, we have selected two differen ; ) s
for all 100 objects and for all 15 views of each object. We

datasets: Amsterdam and Columbia - COIL-100, which are
publicly available and often used in the context of object

recognition [10], [21].
Figure 2. Different images recorded from the

= Ryeees
- same object under varying viewpoint. The
,j E ‘ ‘ N l. ‘ ‘t COIL-100 database consisting of 7200 images

_ ) ) _ _ of 100 different objects with 72 different views
Figure 1. Various images which are included each.

in the Amsterdam image dataset of 500 images.
The images are representative for the images in
the dataset. Objects were recorded in isolation

(one per image).

concentrate on the quality of the recognition rate with re-
spect to varying viewpoint differentiated by color informa-
tion, shape information, and the integration of both. There-
fore, we first study to what extent the proposed framework
Amsterdam Dataset In Fig. 1, various images from the is viewpoint independent. In the mean time, we research on
image database are shown. These images are recorded byhether the combination of color and shape invariant infor-
the SONY XC-003P CCD color camera and the Matrox mation will outperform the matching scheme based on only
Magic Color frame grabber. Two light sources of aver- color or shape. To this end, we have constructed three dif-
age day-light color are used to illuminate the objects in the ferent color-shape context histograms. Firstly, we have in-
scene. The database consists\gf = 500 target images  cluded both color and shape invariant information denoted



by Hcs Secondly, only color is considered which will be  when the object-side is nearly vanishing, object identifica-
given byHc. Thirdly, we used only shape information de- tion is still acceptable.

noted byHg. Also, we have included in our experiment

the well-known, color-based method of Histogram Intersec- 5.3
tion [17] denoted b7 rep . With HZ 5, — g, We denote

the results of the Histogram Intersection when the images The effect of a change in the illumination intensity is

have been initially transformed to the n_o_rmalizregﬂr col_or _ equal to the multiplication of eacRGB-color by a uni-
space. The performance of the recognition scheme is givery . seajar factora. To measure the sensitivity of the

color-shape contextRG B-images of the Amsterdam test

lllumination Robustness

Average ranki ercentile 7 agains tation 6 . .
| [vewame ranking perentile T agsnst rofation set are multiplied by a constant factor varying owee {
o T " ﬂ—fff*,_,t':b— R
:féa'%:#:i‘&f%ﬂg‘;g — 0.3,0.5,0.7,0.8,0.9, 1.0,1.1,1.2,1.3,1.5,1.7}. The dis-

L Tk _ e - . . . . . .
% T T e — criminative power of the histogram matching process dif-
80 - \X\x . ferentiated plotted against illumination intensity is shown in

- ~ Fig. 4. The color-shape context is to a large degree robust
60 Fi—.{CS - - Average ranking percentile 7 against illumination o
H
50 1 THI, F,"JS, b '”f_l_//// "”‘**J\\; l l
THlngs —*— T T
40 1 L 1 1 L 1 90 - \"'\\q,
0 10 20 30 40 50 60 70
Rotation angle 6 80 -
Figure 3. The discriminative power of the "ol i
color-shape matching process under varying
viewpoint differentiated by color information, 60 | THog —— A
shape information, and the integration of both. ‘ ‘ ‘ . . .

The average ranking percentile of color-shape,
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color, and shape contexts are denoted*bbés,
THe and THg respectively. Also, the average
ranking percentile of the Histogram Intersec-
tion with and without conversion to normalized
rgb color space is denoted witHZ ;,,,,— 4, and
‘HTI rcp respectively.

Figure 4. The discriminative power of the
color-shape matching process plotted against
the varying illumination intensity.

to illumination intensity changes even if the shape based
recognition is not. To measure the sensitivity of our method

- el

Figure 5. 2 objects under varying illumination
intensity generating each 4 images with SNR
{24,12,6,3}.

in Fig. 3. When the performance of different invariant im-
age indices is compared, we conclude that matching based
on both color invariants produces the highest discrimina-
tive power. Excellent discriminative performance is shown:
97% of the images are still recognizable up to 70 degrees of
a change in viewpoint. The matching based on both color
and shape invariants produces also excellent results with
95% of the images are still recognizable up to 70 degrees of with respect to varying SNR, 10 objects were randomly cho-
a change in viewpoint. Shape-based invariant recognitionsen from the Amsterdam image dataset. Then, each object
yields poor discriminative power witi2% at 70 degrees of  has been recorded again under a global change in illumi-
viewpoint change. nation intensity (i.e. dimming the light source) generating
In conclusion, recognition based on our framework us- images with SNRe {24, 12,6, 3}, see Fig. 5. These low-
ing color invariant and both shape and color invariant in- intensity images can be seen as images of snap shot quality,
formation produces the highest discriminative power. The a good representation of views from everyday life as it ap-
small performance gain in using only color denotes the lack pears in home video, the news, and consumer digital pho-
of robustness of the shape invariant part of our framework tography in general. The discriminative power of the color-
to viewpoint change. Our method always outperform the shape matching process plotted against the varying SNR is
Histogram Intersection method even when the images haveshown in Fig. 6.
been transformed to the normalizegh color space. Fi- For3 < SNR < 12, the results show a rapid decrease
nally, color-shape based recognition is almost as robust toin the performance. For these SNR's, the color-shape based
a change in viewpoint as the color based recognition. Evenrecognition scheme still outperforms the shape based recog-



Average ranking percentile 7 against SNR
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Figure 6. The discriminative power of the
color-shape matching process plotted against
the varying SNR.

nition. For SNR< 3, the performance of all methods in-

cline. This is because the images are getting too dark to [g]

recognize anything at all (color and shape).
In conclusion, the method is robust to low signal-to-

noise ratios but can not outperform the color based recog-

nition since the other part of its components does not per-
forms well. Even when the object is nearly visible, object
identification is still sufficient. Again, the matching based
on both shape and color invariants produces good discrimi-
native power but not as good as the color-based approach.

5.4 Occlusion Cluttering Robustness

To test our method for complex scenes, we used a sub-

set of the Amsterdam dataset. An image which contained

multiple objects and occlusion was used as the query. The
dataset was 100 randomly selected images, including two
instances of an occluded object. The average ranking per-

centile for these two queries was 99%. Note that despite
the cluttering and the quite large amount of occlusion the
method was capable to identify the object.

v
Figure 7. Left: Image containing cluttering and oc-

clusion. Right: The objects that were retrieved from
a dataset of 100 objects.

6 Conclusions

In this paper, we proposed computational models and
techniques to merge color and shapeariant information

to recognize objects. A vector-based framework is proposed

to index images on the basis of illumination (color) invari-
ants and viewpoint (shape) invariants. From the experimen-
tal results it is shown that the method is able to recognize

rigid objects in 3-D complex scenes robust to illumination,
viewpoint and noise.

References

[1] Serge Belongie, Jitendra Malik, and Jan Puzicha. Shape matching and
object recognition using shape contextEEE Transactions on Pat-
tern Analysis and Machine Intelligenc24(4):509-522, April 2002.

G. Carpaneto and Toth P. Solution of the assignment problem (al-

gorithm 548).ACM Transactions on Mathematical Softwaéel104—

111, 1980.

L. van Gool, T. Moons, and D. Ungureanu, Geometric/Photometric

Invariants for Planar Intensity Patterns, ECCV, pp. 642-651, 1996.

A. Pentland, R. Picard, and S. Sclaroff. Photobook: content-based

manipulation of image databasésternational Journal of Computer

Vision, 18(3):233—-254, June 1996.

S.M. Smith and J.M. Brady. Susan - a new approach to low level

image processindnt. Journal of Computer Visiqr23(1):45-78, May

1997.

H.A.L. van Dijck. Object Recognition with Stereo Vision and Geo-

metric Hashing PhD thesis, University of Twente, Enschede, Febru-

ary 1999.

Finlayson, G.D., Drew, M.S., and Funt, B.V., Spectral Sharpening:

Sensor Transformation for Improved Color Constancy, JOSA, 11, pp.

1553-1563, May, 1994.

Funt, B. V. and Finlayson, G. D., Color Constant Color Indexing,

IEEE PAMI, 17(5), pp. 522-529, 1995.

Th. Gevers and Arnold W.M. Smeulders, Color Based Object Recog-

nition, Pattern Recognition, 32, pp. 453-464, March, 1999.

[10] Th. Gevers and A. W. M. Smeulders, Image Indexing using Compos-
ite Color and Shape Invariant Features, Int. Conf on Computer Vision,
pp. 234-238, Bombay, India, 1998.

[11] Th. Gevers and H. Stokman, Classification of Color Edges in Video

into Shadow-Geometry, Highlight, or Material Transitions, IEEE

Trans. on Multimedia, 2003.

[12] B. W. Mel, SEEMORE: Combining Color, Shape, and Texture His-

togramming in a Neurally Inspired Approach to Visual Object recog-

nition, Neural Computation, 9, pp. 777-804, 1997.

[13] F. Mindru, T. Moons, and L. van Gool, Recognizing Color Patterns

Irrespectively of Viewpoint and lllumination, IEEE CVPR, pp. 368-

373, 1999.

[14] S. K. Nayar, and R. M. Bolle, Reflectance Based Object Recognition,
International Journal of Computer Vision, Vol. 17, No. 3, pp. 219-
240, 1996

[15] A.P. Reevet. al, Three-Dimensional Shape Analysis Using Mo-
ments and Fourier Descriptors, IEEE trans. PAMI, vol. 10, no. 6,
1988.

[16] S.A. Shafer, Using Color to Separate Reflection Components,
COLOR Res. Appl., 10(4), pp 210-218, 1985.

[17] Swain, M. J. and Ballard, D. HColor Indexing International Jour-
nal of Computer Vision, Vol. 7, No. 1, pp. 11-32, 1991.

[18] J. R. Taylor,An Introduction to Error AnalysisUniversity Science
Books, 1982.

[19] T.H. Reis, Recognizing Planar Objects using Invariant Image Fea-
tures, Springer- Verlag, Berlin, 1993.

[20] Rothwell, C. A., Zisserman, A., Forsyth, D. A. and Mundy, J. L.,
Planar Object Recognition Using Projective Shape Representation
International Journal of Computer Vision, Vol. 16, pp. 57-99, 1995.

[21] N. Sebe and M.S. Lew and D.P. Huijsmameward Improved Rank-
ing Metrics IEEE Trans. on PAMI, 22(10), pp. 1132-1143, 2000.

[22] Veiblen, O. and Young. J. WRrojective GeometryGinn. Boston,
1910.

[23] I. Weiss, Geometric Invariants and Object Recognition, International
Journal of Computer Vision, 10(3), pp. 207-231, 1993.

(2]

(3]
(4]

(5]

(7]

(8]
(9]



