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Abstract. This paper describes a method for recognizing
partially occluded objects under different levels of illumination brightness by using the eigenspace analysis. In our
previous work, we developed the “eigenwindow” method to
recognize the partially occluded objects in an assembly task,
and demonstrated with sufficient high performance for the
industrial use that the method works successfully for multiple objects with specularity under constant illumination. In
this paper, we modify the eigenwindow method for recognizing objects under different illumination conditions, as is
sometimes the case in manufacturing environments, by using additional color information. In the proposed method, a
measured color in the RGB color space is transformed into
one in the HSV color space. Then, the hue of the measured
color, which is invariant to change in illumination brightness
and direction, is used for recognizing multiple objects under
different illumination conditions. The proposed method was
applied to real images of multiple objects under various illumination conditions, and the objects were recognized and
localized successfully.
Key words: Assembly tasks – Object recognition – Visual
learning – Eigenspace – Illumination invariance

1 Introduction
Object recognition has a wide variety of military, civilian,
and industrial applications. Some of the representative applications include bin-picking, automatic target recognition,
surveillance and monitoring, and industrial inspection. Some
of the earlier work in this domain include [1–6]. Despite the
long history of research, these applications still provide a
challenge to computer vision researchers. The main difficulties include requirement for high-performance computing,
difficulty in segmentation, and difficulty in obtaining appropriate object models.
Recently, visual learning methods based on the eigenspace analysis have shown a potential to solve some of
Correspondence to: K. Ohba

these difficulties [7–10]. In the eigenspace analysis, object
models are learned from a series of images taken in the
same environment as in the recognition mode. Thus, the difficulty of object modeling is avoided in the analysis. Furthermore, since an object model is stored as a vector in a lowdimensional eigenspace, and since objects are recognized
by comparing the model with image vectors, computation
for object recognition can remain effectively low enough to
achieve real-time performance.
Although promising, the current eigenspace analysis is
based on the assumption that objects are not occluded in
images. Therefore, to apply the eigenspace analysis for partially occluded objects, we proposed to divide appearances
into small windows, referred to as eigenwindows [11] and to
apply eigenspace analysis to each eigenwindow. The basic
idea is that, even if some of the windows are occluded, a
large number of windows are still visible, so that the object
can be recognized and localized in the images.
One drawback of the eigenwindow 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. Actually, this problem is quite
important for the industrial inspection. Therefore, the object
may be illuminated from a different direction in the recognition mode, resulting in incorrect recognition results.
In this paper, to overcome that drawback, we propose
to use the color measurement hue, which is illuminationinvariant, in the eigenwindow method. To demonstrate the
effectiveness of the proposed method, we applied the method
to real images taken under different illumination directions
and brightness.
2 Eigenwindow method
In this section, we briefly review the eigenwindow method
that we have proposed [11] to overcome limitations of the
original eigenspace analysis, such as image shift, occlusion,
noise, and scaling.
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2.1 Eigenspace technique
Let M be the number of the images z1 , z2 , · · · , zM in a
training set related to each rotation of viewpoints θ1 and θ2 ,
as shown in Fig. 1. Each image zi , with dimensions N × 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 M ; Z =
[z1 − c, z2 − c, · · · , zM − c] . This covariance matrix Q =
ZZ T provides a series of eigenvalues λi and eigenvectors
ei (i = 1, · · · , N 2 ), where each corresponding eigenvalue and
eigenvector pair satisfies; λi ei = Qei .
To reduce the memory requirement, we ignore eigenvectors corresponding to small eigenvalues ei (i > l). These
eigenvectors do not significantly affect object recognition
results. Once we obtain the remaining eigenvectors, we can
construct the eigenvector matrix, E = [e1 , e2 , · · · , el ], which
projects an image zi (dimension N 2 ) into the eigenspace as
an eigenpoint gi (dimension l).
gi = E T (zi − c).

(1)

The eigenspace analysis can drastically reduce the dimension of the images (N 2 ) to the eigenspace dimension (l),
while preserving enough dominant features to reconstruct
the original images.
2.2 Eigenwindow 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 eigenspace analysis as described in the previous section. We call this method the eigenwindow method.
Figure 2 shows the overview of the method.
2.2.1 Training eigenwindows
The training set of eigenwindows is given as F = [F 1 , F 2 ,
· · · , F M ], where F i denotes the collection of eigenwindows from the ith training image. Each F i has the form
[f1 − c, f2 − c, · · · , fni − c], where fj denotes the jth eigenwindow in the ith training image; ni denotes the number
of eigenwindows in the ith image; and c is the average intensity value across all eigenwindows in the whole training

From an input image, a set of input eigenwindow images is
obtained; G = [g1 − c, g2 − c, · · · , gn − c], such as the white
window in the lower left image in Fig. 2.
The similarity between a training eigenwindow and an
input eigenwindow is evaluated by using the distance between them in the eigenspace. Given an input eigenpoint ψk
projected from input eigenwindow gk using Eq. 1, we try to
find a training eigenpoint φ̂k from all training eigenpoints
φ projected from all training eigenwindows f . The training
eigenpoint is the one with the maximum similarity defined as
φ̂k = arg min∀φ (ψk −φ), where x denotes the norm of x
using L1-norm or L2-norm. We denote the eigenwindow that
is projected to φ̂k as fˆk . The eigenwindow fˆk corresponds
to the input eigenwindow gk .
2.2.3 Voting operation
The previous matching operation selects a set of training
eigenwindows; [fˆ1 , fˆ2 , · · · , fˆn ] corresponding to input eigenwindows. We now sort the selected training eigenwindows
into each group, which contains windows that come from the
same
images,
from a corresponding training image;
 1 training

F̂ , F̂ 2 , · · · , F̂ M , where F̂ i = {fˆ|fˆ comes from training
image i}.
We then prepare a pose space for voting from the established correspondences. In this operation, we consider only
translation, and therefore the space is two-dimensional, corresponding to a [x, y] location of eigenwindows. The size of
the pose space is set to be twice that of the input image size,
e.g., 256 × 256 in our examples. The pose space is prepared
separately for each group F̂ i .
Using each correspondence, we can compute the difference of the training eigenwindow’s location X(fˆk ) and the
input eigenwindow’s location X(gk ). (X(f ) represents [x, y]
location of the eigenwindow f .) The difference is given as
X(gk ) − X(fˆk ).
Then, in the pose space, the cell that represents this distance, X(gk ) − X(fˆk ), gets a vote. To avoid the digitization
error, all of the 5 × 5 neighbor cells around the center cell
get a vote from a single correspondence. We repeat this operation, using all correspondences for a group F̂ i (all the
correspondences from the same training image.) Then, we
obtain a resulting pose space for each of the groups F̂ i .
Some small peaks in the pose space are due to noise;
other prominent peaks are due to actual objects in an input
image. By thresholding these peaks, we can eliminate noise
peaks and extract only prominent peaks.
2.2.4 Pose determination
The number of the prominent peaks in the pose space is
equal to the number of objects that have roughly the same
rotation, but have a different translation.
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By retrieving voted pairs, we further divide the group F̂ i
into sub-groups, 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 rotation dimension, there 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 squares minimization, using the pairs in each subgroup. X(fˆk ) = RX(gk ) + T , where R and T denote the
small rotation and translation, respectively.

2.3 Selection of effective eigenwindows
In the eigenwindow method, it is very important and also difficult to select an optimal set of training eigenwindows. If all
of the initially selected windows are used as the eigenwindows, two problems occur: 1) the number of eigenwindows
becomes very large, and storing them requires a large amount
of memory, and 2) due to the similarity among eigenwindows, the matching process becomes erroneous.
In this section, we introduce three criteria for selecting
the optimal set of eigenwindows: detectability, uniqueness,
and reliability.
The detectability measures the ease of detecting a window in an entire image. For example, a window containing
corners of an object is much easier to detect than one containing a planar region.
Although some windows are easy to detect, they may be
similar to each other. This situation arises when the target
object has multiple similar corners. To select truly distinct
windows, we introduce a global goodness measure called
the uniqueness measure.
In addition, the reliability measure is used to select windows which do not appear and disappear with small variation
of object pose such as orientation and translation.
Using these three measures, we can obtain the optimal
set of eigenwindows. See detail criteria in the paper [11].

3 Illumination invariance
In our previous work [11], we have shown that the eigenwindow method can successfully recognize and localize an
object in b/w input images which contain multiple objects

Fig. 2. Eigenwindow technique

with specularity, even if the input images contain a significant amount of noise, occlusion, image shifting, and scaling
change.
However, the method was based on the assumption that
the location and brightness of a light source are fixed. Therefore, the method did not take into account shading variation
such as highlights on object surfaces. For instance, if an object exhibits specularity, the object appearance can change
drastically with different illumination directions, which confounds recognition and localization of the object.
To overcome this limitation, we propose to use an
illumination-invariant measure for the eigenwindow method.
By using the illumination-invariant measure, the eigenwindow method can be used successfully for recognizing and
localizing multiple objects under different illumination conditions.
3.1 Illumination invariance: hue
Instead of black-and-white intensity images, we use RGB
color images in the modified eigenwindow method. Actually, a variety of research has been carried out on the color
indexing in the past [12–19], but we would like to use the
hue criterion for its simplicity, and a color image measured
in the RGB color space is converted to an 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 saturation
value of object color is sufficiently large.
The original color of object X is transferred to be
X  = s · X + t · I by the change in diffuse shading and
specularity as shown in Fig. 3. s and t represent a relative
strength of the diffuse reflection component and the specular reflection component of the color X  , respectively. If the
two conditions mentioned above are true, then the hue of
X  remains the same as that of X.
In Fig. 3, object color is represented by three color components S1 , S2 , and S3 . In the RGB color space, those
three color components are red, green and blue, for example
(S1 , S2 , S3 ) = (R, G, B). Then, the light source color I is
given as I = (1, 1, 1). To define hue, saturation and intensity, one pair from three components, red, green, and blue,
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if S < St then H = 0,
S3

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

S’2

X’(x’,y’,z’)
=sX+tI

(3)

P’

X(x,y,z)

3.1.3 Phase
I(1,1,1)

Hue

Saturation
1/3

P

C’

S2

C(1/3,1/3,1/3)

1/3

S’1

The other problem shown in the example in Sect. 3.1 is that
color close to red has a hue value near its discontinuity.
The range of the hue value is from 0 to 2π, and it has
discontinuity at 0 and 2π. We avoid the discontinuity effect
by using the phase threshold value ∆Pt as
if H < ∆Pt or H − 2π < ∆Pt then H = 0.

S1

Fig. 3. HSV space

have to be assigned to S1 and S2 . Usually, red and green
are assigned as S1 = R and S2 = G.
We conducted a simple experiment using a color test
chart to see how hue is affected under different levels of
illumination brightnesses. The result is shown in Figs. 4 and
5. In Fig. 5b, we can see that hue remains almost constant
over a wide range of illumination brightness for many color
blocks, where the hue value from 0 to 2π is assigned to the
unsigned integer value from 0 to 255 to build a hue image.
However, for some color blocks, the value of hue does
change with different levels of illumination brightnesses,
e.g., the black-white color blocks in the last row of the color
chart (color blocks #30-#35), red (color block #12) 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 2π. That is the reason for
the unstable hue of the color blocks #12 and #24.
To obtain the value of hue reliably, we propose to use
three criteria: intensity value, saturation, and phase.
3.1.1 Intensity value
To eliminate the background noise, we apply a threshold
value for the intensity value as
if V < Vt then H = 0,

(2)

where V , Vt , and H are an intensity value, the threshold
value, and a hue value, respectively. If the measured color
is not bright enough, the color is discarded. Then, the hue
value is set to a predetermined value, i.e., 0.
3.1.2 Saturation
One of the problems shown in the example in Sect. 3.1 is
that, if the object color is close to gray, then the hue value
of the color is not stable. The reason is that, if the color is
almost gray, the object color in S1 S2 plane exists around the
point C  in Fig. 3. That means the hue angle cannot be determined robustly in face of the image noise. Therefore, the
measured color should be discarded if the saturation value
is less than a certain threshold St :

(4)

In the examples shown in Figs. 4 and 5, the red color element
may be neglected with this criterion.
It is important that the discontinuity of the hue value
depends on the selection of the color components S1 and
S2 . In the next section, we discuss how to select the color
components S1 and S2 to be able to find more windows.
3.2 How to select color components S1 and S2
Usually, the two color components S1 and S2 are set to R
and G. But if the R and G factors are used for the two
color components, the discontinuity of hue appears around
the color red, as described in the previous section. Therefore,
if red is the most important component for recognizing the
objects, the use of R and G for S1 and S2 is not desirable.
In this section, we show how to choose the S1 and S2
from RGB components so that we can select more windows
to be used as eigenwindows as described in Sect. 2.
There are six combinations for the selection of S1 and

S2 from the RGB components. Figure 6 shows the result of
window selection by using each combination of S1 and S2 .
In the figure, RG represents that S1 = R and S2 = G.
The windows in the hue images were selected by using
the corner detector algorithm as described in Sect. 2.3. So, if
a hue image does not have enough contrast, fewer windows
are selected. In this example, the largest number of windows
was selected for the case of S1 = R and S2 = B in Fig. 6.
Intuitively, that result indicates that there are not many green
color components in the example image.
Several examples of hue images are shown in Fig. 7.
In those examples, we can see that the hue value remains
almost constant on the object surface with large shading
change. For instance, in Fig. 7c and d, the hue of the yellow
duck’s surface appears to be constant even though the color
image of the duck has a wide range of intensity. In those
examples, background, gray color, and green color have been
eliminated according to the Eqs. 2, 3 and 4, respectively.
4 Experimental results
The proposed method was used for recognition and localization of objects in three test cases. In the first case, the same
illumination condition was used for both training and input
images. In the second case, input images were taken under
different levels of illumination brightnesses. In the last case,
input images were taken with different light source locations.
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Fig. 4. Illumination Constancy with a Color Test Pattern
Image.

Then, eigenwindows were selected in each training image by using the detectability, similarity and reliability measurements as described in Sect. 2.3. The number of eigenwindows for each of the objects was initially more than 8,000.
After the three measurements were applied, less than 2,000
of the training eigenwindows were finally obtained. Then,
these eigenwindows were projected to produce eigenpoints
according to the Eq. 1.
One input image containing multiple objects was taken
as shown in left-hand side of Fig. 8. In the input image,
there are seven objects, duck, mug, barney, bird, stop-sign,
tylenol, and tylenol-cold. First, eigenwindows were selected
in the input image by using the detectability measure. Then,
we established correspondences between the input eigenwindows and the training eigenwindows by using the similarity
between their eigenpoints.
The recognition and localization results are shown in the
middle column in Fig. 8. The figures in the right column
show the resulting pose spaces. Also, the obtained affine
parameters and standard deviations δ in the pose space are
shown by the calculation of X(f̂k ) − X(gk ). As we can see,
each object’s type, pose, and location were successfully obtained.
4.2 Effect of illumination brightness change

Fig. 5a,b. Color elements. a RGB space; b hue-intensity space

4.1 Object recognition and localization with hue image
First, a set of training eigenwindows was obtained as described in Sect. 2. The training images were taken at θ1 =
[−20, 0, 20] and θ2 = [0, 10, 20, · · · , 350] for three different
objects, mug, bird, and tylenol. We refer to the original images as type(θ1 , θ2 ). For example, the image mug(−20, 60)
denotes the image for the mug taken at the position θ1 =
−20deg and θ2 = 60deg. For each of the objects, 108 images were taken by using the experimental setup shown in
Fig. 1.

The same training eigenwindow set was applied to input
images taken under a wide range of illumination brightness.
Figure 9 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 space are 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 illumination and that
for the darkest illumination is that the 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 Eq. 2.
The experimental results show that the proposed method
works even when input images are taken with different levels
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Fig. 6a–g. 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

Fig. 7a–f. Some example hue images. a Original image of mug; b hue
images of mug; c,d Birds; e,f Tylenol

of illumination brightness. The object was recognized and
localized successfully.
Fig. 8. Recognition result

4.3 Effect of different light source positions
The proposed method was also applied to input images taken
with different 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 positions
were used as shown in Fig. 10. The left column images of
Fig. 11 show the input images taken with each of the four
light source positions. The middle column images show the
obtained hue images. The right column images present the
recognition and localization results. The affine parameters
and standard deviations of pose space are also shown in the
figure.
Note that, in this experiment, there was no ambient illumination. Hence, the appearance of the objects changes
significantly with different light source positions. Nevertheless, the mug was correctly recognized and localized, except

Fig. 9. Object recognition results with illumination change
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Fig. 10. Light source position

Fig. 11. Effect of light source direction

in the input image for the light position 1. In this case, hue
values were not obtained over a large portion of the object
surface because of shadow casting on the surface.
5 Conclusion
In this paper, we described a novel method called the
eigenwindow method. The method extends the standard
eigenspace analysis for the case of recognizing partially occluded objects. To reduce the redundancy among eigenwindows, we proposed three measures for selecting eigenwindows effectively: detectability, uniqueness, and reliability.
By using hue, which is an illumination-invariant measure, the eigenwindow method was extended further for
recognition and localization 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 successfully even in
images taken under significantly different illumination conditions.
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