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Abstract

Light Source A

T h i s paper describes a method f o r recognizing partially
occluded objects t o realize a bin-picking task u n d e r different levels of illumination brightness b y usin,g the
eigen-space analysis. I n the proposed method, a measured color in the RGB color space i s transformed into
the HSV color space. Then,, the hue of the measured
color, which is invariant t o cha,nge in. illumination
brightness and direction, i s used for recognizing multiple objects u n d e r different levels of illumination conditions. T h e proposed method was applied t o real images
of m.ultiple objects tinder different illumination conditions, and the objects were recognized and localized
successfully.
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Figure 1: Experimental Setup

Introduction

Recently, visual learning methods based on the eigenspace ana.lysis have shown a potential to realize the
robust object recognition system, [l] 2nd [a]. And
also, it can solve some of these difficulties, such as
requirement for real-time processing, difficulty in segmentation, and difficulty in obtaining a.ppropriate object models. In the eigen-space analysis, object models
are learned from a series of images taken in the same
environment as in the recognition mode.
Although promising, the current eigen-space analysis is based on the assumption that objects are not occluded in images. Therefore, to apply the eigen-space
analysis for partially occluded objects, we proposed to
divide appearances into small windows, referred to as
eigen-windows [4j and to apply eigen-space analysis to
ea.ch eigen-window.
One drawback of the eigen-window method is that
only a limited number of images can be used for learning object models, and therefore, all possible illumination directions cannot be taken into account.
In this pa.per, to overcome that drawback, we propose t,o use the color measurement h u e , which is illumination invariant,, in the eigen-window metrhod. To
demonst,ra.tethe effectiveness of the proposed method,
we applied the method to real images taken under different illumination directions a,nd brightness.

_
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2.1

Eigen-Window Met hod
Eigen-Space Technique

Let M be the number of the images z 1 , z 2 , . . . , ZM in
a training set related to each rotation of view points
61 and 6 2 , as shown in Figure 1. Each image z i , with
dimensions N x N ,has been converted into a column
vector of length N 2 .
By subtracting the average brightness c of all the
images, we obtain the training matrix of the size of
N 2 by &I,

2 = [z1 - e , z2 - c, . . , Z M
'

- c] .

(1)

This covariance matrix Q = ZZT provides a series
of eigenvalues X i and eigenvectors e i ( i = 1,. . . , N 2 ) ,
where each corresponding eigenvalue and eigenvector
pair satisfies:

For reducing memory requirement , we ignore eigenvectors corresponding to small eigenvalues ei(i > I ) .
These eigenvectors do not affect object recognition
resultCSsignificantly. Once we obtain the remaining
eigenvectors, we can construct the eigenvector matrix
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eigen-point $ k projected from input eigen-window 3 k
using equation (3), we try to find a training eigen-point
$ k from all training eigen-points 4 projected from all
training eigen-windows f . The training eigen-point is
the one with the maximum similarity defined as:

............................
Pose Determination

i k

XQ )=RXCa )+T

= argmin(ll$a - 4II),

(6)

v4

We denote the eigen-window that is projected to Jk
as
The eigen-window f k corresponds to the input
eigen-window 3 k .

6.

Input Image

Figure 2: Eigen-Window Technique.

E = [ e l , e 2 , . . . , el] which projects an image zi (dimension N 2 ) into the eigen-space as an eigen-point gi (dimension I ) .
3i = E T ( z ; - c ) .

2.2 Eigen-Window Technique
To reduce the disturbance effects such as image shift
and occlusion, we propose to select small windows in
the original images. Each of the selected small windows is then analyzed by using the eigen-space analysis as described in the previous section. We call this
method the eigen-window method. Figure 2 shows the
overview of the method.
Training Eigen-Windows. The t,raining set of
eigen-windows is given as:

where F idenotes the collection of eigen-windows from
the ith training image. Each Fihas the form [fl c , f 2 - c , ' . . , f n , - c ] , where f j denotes t)he j t h eigen
window in the ith training image; n, denotes the number of eigen-windows in the ith image; and c is the
average intensity value across all eigen-windows in the
whole training set. In Figure 2, the white square denotes one of the training eigen-windows.
Matching Qperation. From an input image, a set
of input eigen-window images is obtained:
"

'

[F',JZ,.

(3)

The eigen-space analysis can drastically reduce the dimension of the images (AT2) to the eigen-space dimension ( I ) while preserving enough dominant features to
reconstruct the original images.

G = [SI - C , g 2 - c,

Voting Operation. The previous matching operation selects a set of training eigen-windows,
[ f l , f z , . . . , fn] corresponding to input eigen-windows.
We now sort the selected training eigen-windows into
each groups, which contains windows that comes from
the same training images, from a corresponding training image:

t3n

-c],

(5)

such as the white window in the lower left image in
Figure 2.
The similarity between a training eigen-window and
an input eigen-window is evaluated by using the distance between them in the eigen-space. Given an input,

. . ,F"

I,

( 7)

where

F i= { f ~ comes
f
f r o m train,ing i m a g e

i)

(8)

We then prepare a pose space for voting from the est,ablished correspondences. In this operation, we consider only translation, and therefore the space is two
dimensional corresponding to a [z, y] location of eigenwindows. The size of the pose space is set to be twice
that of the input image size, e.g., 256 x 256 in our
exa.mples. The pose space is prepa.red separately for
each group I;.".
Using each correspondence, we can compute the difference of the training eigen-window's location X ( f k )
and the input eigen-window's location X ( 3 k ) . ( X ( f )
represents [z,y] location of the eigen-window f . ) The
difference is given as X(3k) - X(fk).
Then, in the pose-space, the cell that represents this
distance, X(gk) - X ( f k ) , gets a vote. To avoid the
digitization error, all of the 5 x 5 neighbor cells around
the center cell get a vote from a single correspondence.
We repeat this operation, using all correspondences
for a group Fi (all the correspondences from the same
training image.) Then, we obtain a resulting posespace for eath of the groups pi.
Pose Determination. By retrieving voted pairs, we
further divide the group F i into sub-group, each of
which belongs to each prominent peak, i.e., an isolated
object in the input image.
Since the training set is sampled along the rottition
dimension, t,here exists a side effect of small object,
rotation due to the finite sampling interval. To obtain
the rotation and the translation precisely, we refine the
pose estimate via a least square minimization, using
the pairs in each sub-group.

S(d)= R X ( 3 k ) + T ,

(9)

where R and T denote the small rotation and translation , respectively.

2.3

Selection
of
Eigen- Windows

Effective

In the eigen-window method, it is very important and
also difficult to select an optimal set of training eigenwindows, In this section, we introduce three criteria for selecting the optimal set of eigen-windows: detectabilzty, uniqueness, and reliability.

Detectability. For initial selection of eigen-windows
in images, algorithms to select feature points for object.
tra.cking can be used. Tomasi et.al. proposed t o use
the following 2 x 2 matrix as the trackabilit,y measure
for a window S = [z,yIT 131.

where I represents pixel intensities inside the window.
This matrix G has two eigenvalues A 1 and X z . The
window is accepted as a good
one, if the equation
min(A1, A,)

> A.

Uniqueness. By using the detectability measure,
we can select windows which contain important features. Unfortunately, however, the detectability measure does not guarantee the global uniqueness of the
selected windows.
The uniqueness of each window can be mea.sured by
computing similarity among eigen-windows. As discussed in Section 2.2, the similarity between a training
eigen-window a,nd a.n eigen-window in an input image
is computed by using the distance between them in the
eigen-space.
We can use the same measure for evaluating the
global goodness of selected windows, i.e., the similarity
a,mong training eigen-windows.
%

lldi - dmll 5 Tsim.

In our previous work [4]. we have shown that the eigenwindow method can successfully recognize and localize
an object in b/w input images which contain multiple objects with specularity, even if the input images
contain significant amount of noise, occlusion, image
shifting and scaling change.
However, the method was based on an assumption
that the location and brightness of a light source are
fixed. Therefore, the method did not take into accounts shading variation such as highlights on object
surfaces. For instance, if an object exhibih specularity, the object appearance can change drastically with
different illumination directions, which confuses recognit,ion and localization of the object.
To overcome this limitation, we propose to use an
illumination invariant measure for the eigen-window
method. By using the illumination invariant measure,
the eigen-window method can be used successfully for
recognizing and localizing multiple objects under different illumination

3.1
(11)

holds, where A is a predefined threshold. The measure
works well for det.ecting most of t.he important corners.

sr,m

Illumination Invariance

3

(12)

The similarity Si,m between two training eigen-points
41 and d-,, which are projected from two eigenwindows, is evaluated by using the equation. If the
computed similarity is less tha,n a cert,ain threshold
Tsim,then the two eigen-windows are discarded from

the training set.

Reliability. The reliability of an eigen-window for
object recognition can be inferred by measuring how
much the eigen-point which corresponds to the eigenwindow moves in the eigen-space while an object is
moved slightly.
Please see more details about these criteria in [4].

Illumination Invariance: Hue

Instead of black-a.nd-white intensity images, we use
RGB color images in the modified eigen-window
method. Actually, several pieces of research works
were done on the color indexing in the past [5] - [7],
but we would like to use the hue criterion for its simpleness, and a color image measured in the RGB color
space is converted to a HSV image (H: Hue, S: Saturation, V: Value). In these three parameters, the hue
parameter is the value which represents color information, e.g., without brightness. Therefore, the hue is not
affected by change of the illumination brightness and
direction if the following two conditions hold: 1) the
light source color can be expected to be almost white,
and 2) a sa.turation value of object color is sufficiently
large.
The original color of object X is tmnsferred t o be
X’ = s . X t . I by the change in diffuse shading and
specula.rity as shown in Figure 3. s and t represent
a relative strength of the diffuse reflection component
and the specular reflectmioncomponent of the color X’,
respectively. If the two conditions mentioned above
are true, then the hue of X’remains the same as that
of
In Figure 3, object color is represented by three color
components Si,Sz,and 5’3. In the RGB color spa.ce,
those three color comp0nent.s a.re Red, Green and Blue.
Then, the light source color I is given as 1 = (1,1,1).
To define hue, saturation a,nd intensity, one pair from
three components, Red, Green, and Blue, have t o be
assigned to Si and Si. Usually, Red and Green are
assigned as Si = R and Si = G.
We conducted a simple experiment using a color test

+

x.
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Figure 5: Color Elements. (a) RGB spa.ce; (b) HueIntensity space
Figure 3: HSV Space.
as

if V < V, t h e n H = 0 ,
#20#21#22#23#24#25

Figure 4: Illumination Constancy with a Color Test
Pattern Image.

chart to see how hue is affected under different levels
of illumination brightnesses. The result is shown in
Figure 4 and Figure 5. In Figure 5 (b), we can see
that hue remains almost constant over a wide range of
illumination brightness for many color blocks.
However, for some color blocks, the value of hue
does change with different, levels of illumination brightnesses. For instance, the black-white color blocks in
the last row of the color chart (color blocks #30-#35),
red (color block #la) and magenta (color block #24).
That is because the saturation of color blocks #30#35 is not sufficiently large, i.e., they are very close to
gray. Also, hue has a discontinuity at 0 and 2 ~ That
.
is the reason for unstable hue of the color blocks #la
and #24.
To obtain the value of hue reliably, we propose to use
three criteria: zntenszty calue, saturaatzon, and phase.
Intensity Value. To eliminate the background
noise, we apply a threshold value for the intensity value

(13)

where V, K , and H are an intensity value, the threshold value, a.nd a hue value, respect,ively. If measured
color is not. bright enough, the color is discarded.
Then, the hue value is set to a predetermined value,
i.e., 0.

Saturation. One of the problems shown in the example in Section 3.1 is that, if object color is close to
gray, then hue value of the color is not stable. The reason is that, if the color is almost gray, the object color
in SiSi plane existts around the point C' in Figure 3.
That means the hue angle cannot be determined robustly in the face of image noise. Therefore, measured
color should be discarded if the saturation value is less
than a certain threshold St:
if

S < St then H = 0 ,

t 14)

where S is the saturation value. Using the equation,
measured color close to gray is discarded in the image.

Phase. The other problem shown in the example in
Section 3.1 is that color close to red has a hue value
near its discontinuity. The range of hue value is from 0
to 2a, and it has discontinuity at 0 and 2a. We avoid
the discontinuity effect by using the phase threshold
value Apt as:

if

H < AP,

or

IIH

-

27rIl

< AP, then H = 0 . (15)

In the examples shown in Figure 4 and Figure 5, the
red color element may be neglected with this criterion.
It is important that the discontinuity of hue value
depends on the selection of the color components Si
and 5';. In the next section, we discuss how to select
the color components S
i and S$to be able to find more
windows.

1048
mina.tion brightnesses. In the last case, input images
were taken with different light source locations.

4.1
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Figure 6: Image Invariance and Window Selection. (a)
Original Image; (b) Hue Image and Feature Points
with RG; (c) RB; (d) GR; (e) GB; ( f ) BR; (g) BG

How to Select Color Components
Si and 5’4
Usually, the two color components S
i and Si a,re set
3.2

to R, and G. But if the R and G fact,ors are used €or
the two color components, the discontinuitmyof hue appears a.round t8hecolor red as described in the previous
section. Therefore, if red is the most important component for recognizing t>heobjects, the use of R and G
for Si and 5’;is not desirable.
In this section, we show how to choose the S
i and
5’4 from RGB components so that m7e can select more
windows to be used as eigen-windows as described in
Sect-ion 2.
There are six combinations for the selection of S
i
and S;from the RGB components. Figure 6 shows the
result of window selection by using each combination
of S
i and Sa,In the figure, RG representssthat Si = R
a.nd S
a = G.
The windows in the hue ima.ges were selected by
using the corner detector algorithm as described in
Section 2.3. So if a. hue image does not have enough
contrast, fewer windows are selectmed.In this example,
the largest number of windows was selected for the
ca,se of S
i = R and Sa = B in Figure 6. Inhitively,
that result, indica.tes that there are not many green
color components in the example image.

4

Experimental Results

The proposed method was used for recognition and loca,liza,tion of objects in three test cases. In the first
case, the same illumination condition was used both
for training and for input images. In the second ca,se,
input images were taken under different levels of illu-

Object Recognition and Localization with Hue Image

First,, a set of training eigen-windows was obtained as
described in Section 2. The training ima,ges were taken
at 01 = [-20,0, 201 and 6’2 = [O, 10,20,
three different objects, mu,g, bird, and tylend. We refer to the original images as type(81, &). For example,
the image m u g ( - 2 0 , GO) denotes the image for the mug
taken at the position 6’1 = -2Odeg and 6’2 = BOdeg.
One hundred eight images were taken for each of the
objects by using the experimental setup shown in Figure 1.
Then, eigen-windows were selected in each training image by using the detectability, similarity and
reliability measurements as described in Section 2.3.
The number of eigen-windows for each of the objects
was initially more than 8,000. After the three measurements were applied, less than 2,000 of the training eigen-windows were finally obtained. Then, these
eigen-windows were projected to produce eigen-points
according to the equation (3).
One input image containing multiple objects was
taken a shown in left hand side of Figure 7. In the
input image, there are 7 objects, duck, mug, barney,
bird, stop-sign, tydenol, and tylenol-cold. First, eigenwindows were selected in the input image by using
the detectability measure. Then, we established correspondences between the input eigen-windows and the
tra.ining eigen-windows by using the similarity between
their eigen-points according to the equation (12).
The recognition and localization results are shown in
figures in the middle column in Figure 7. The figures
in the right column show the resulting pose spaces.
Also, the obtained affine parameters a,nd standard deviations in the pose space are shown. As we can see,
each object’s type, pose, and locat,ion were successfully
obtained.

4.2

Effect of Illumination Brightness
Change

The same training eigen-window set was applied to
input images taken under a wide range of illumination
brightness. Figure 8 shows the result.
The original color images are shown in the left column, and the computed hue images are shown in the
middle column. The localization and recognition results are shown in the right column. The affine parameters and standard deviations of the pose spa.ce
a.re also given in the figure.
The hue images did not change significantly with
different levels of illumination brightness. The main
difference between the hue image for the brightest illu-
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Figure 7: Recognition Result
mination and that for the darkest illumination is that
hue values were not computed over a large portion of
the object surfaces. This is because intensity values
were so small that hue values were set to zero as the
background value according to the equation (14).
The experimental results show that the proposed
method works even when input images are taken with
different levels of illumination brightness. The object,
was recognized a,nd localized successfully.

4.3

Effect of Different Light Source Posit io 11s

The proposed method was also applied t o input images
taken with differen-t light source locations. As the light
source position changes, the appearance of objects in
input images changes drastically. Therefore, changing
light source position makes recognition and localization of objects even harder than changing illumination
brightness.
In this experiment, four different light source posittionswere used as shown in Figure 9. The left column
images of Figure 10 show the input images taken with
each of the four light source positions. The middle
column images of Figure 10 show the obtained hue
images. The right column images present the recognition a.nd localization results. The affine parameters
and standard deviations of pose-space are also shown
in the figure.
Notmethat, in this experiment,,there wa,s no ambient
illumination. Hence, the appearance of the objects
change significantly with different light source positions. Nevertheless, the mug was correctly recognized
a,nd localized except in the input image for trhe light

Figure 8: Object Recognition Results with Illumination Change
position 1. In this case, hue values were not obtained
over a large portion of the object, surface because of
shadow casting on t8hesurface.

5

Conclusion

In this paper, by using hue, which is an illumination
invariant measure, the eigen-window met hod was extended further for recognition and locaiization of objects in images taken under changing illumination conditions. To use hue information of input images reliably, we introduced three criteria for computing hue
values: intensity value, saturation, and phase.
The proposed method was applied to real images,
and the method recognized and localized objects suc-

I Light Pos.2

Light Pos.3

A

Objects

Figure 9: Light Source Position
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Figure 10: Effect of Light Source Directlion
cessfully even in images taken under significantly different, illumination conditions.
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