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Abstract: In addition to being invariant to image rotation and translation, histograms have the advantage of being easy
to compute. These advantages make histograms very popular in computer vision. However, without data
guantization to reduce size, histograms are generally not suitable for realtime applications. Moreover, they
are sensitive to quantization errors and lack any spatial information. This paper presents a way to keep the
advantages of histograms avoiding their inherent drawbacks using local kernel histograms. This approach is
tested for background subtraction using indoor and outdoor sequences.

1 INTRODUCTION tograms. This technique is applied on background
subtraction using local kernel color histograms to
A normalized color histogram is easy to compute and demonstrate its efficiency. The next section presents
is invariant to rotation and translation of image con- the related works, section 3 describes the local ker-
tent. It is robust regarding partial occlusions of ob- Nel histograms taking example on color feature ex-
jects of interest in the scene. These advantages ex{raction, section 4 explains how to apply them to
plain why histograms are widely used in computer background subtraction, experimental results are pre-
vision. Examples of applications are: content based sented in section 5 and section 6 concludes this paper.

image retrieval (CBIR) (Han and Ma, 2002; Pass and

Zabih, 1996; H. Yamamoto, 1999), tracking (B. Han

and Davis, 2005; M. Mason, 2001), background sub-

traction (A. Elgammal and Davis, 2000; K. Toyama 2 RELATED WORKS
and Meyers, 1999)...

However, histograms have some drawbacks. First, Some histogram techniques permit to recover miss-
they lack any spatial information: two images can ing spatial information. The color cooccurrence his-
have the same histogram and be dissimilar due to atogram (Chang and Krumm, 1999; Huang et al.,
different ordering of the pixels in the images. A sec- 1997) is an elegant solution where a histogram bin
ond drawback occurs when histogrammed data is in- b is associated with two colors, ¢, and a distance
sufficiently quantized. This problem generally im- 4. The histogram bim(cy, ¢z, d) records the number
plies large histograms (several thousands of bins) re-of (c;, ¢,) colored pixel pairs wich aré distant. A
quiring important computation costs and preventing variant consist in only considering pixels belonging
real-time computation. Histograms are also sensi- to contours (Crandall and Luo, 2004). Color cooc-
tive to image noise and to quantization errors that currence histograms tend to have a huge number of
may cause bin changes even though image variationbins making real time computation difficult. Another
is small. So, bin by bin comparison measure can lead solution is to split the histogram bins in two classes
to important dissimilarities between histograms from to classify coherent and incoherent pixels of the same
similar pictures. color (Pass and Zabih, 1996). A pixel is considered as

The goal of local kernel histograms is to deal with coherentifitis part of a homogeneously colored zone.
these drawbacks while keeping the advantages of his-Otherwise, the pixel is considered as incoherent. This



method needs clustering algorithms to define the ho- nical implementation is described further below.
mogeneous zones. A last solution for this problem
consists in dividing the image in regions and comput- 31
ing a histogram for each one. Each histogram is asso-*"*
ciated with a local zone in the image providing spatial
information. A variant consists in dividing the im- Histograms must be computed from a group of pix-
age in equal squares and compute one histogram forels. For maximum spatial accuracy, the image is par-
each square (M. Mason, 2001). The Multi-Scale His- titioned inn x n square like regions that are over-
togram Intersection Representation (MSHIR) (Gargi lapped with the same gapfor both image axis co-
and Kasturi, 1999) is another variant. It is a global to ordinates. So, excluding the image edges, a pixel be-
local representation where the image is divided into |ongs toN, = (n/g)2 regions.

decreasing scale blocks. Another similar approach  on one handp must be large enough to smooth
consists in recursively dividing the image into regions poth camera vibrations and waving objects in the
until each region has a homogeneous feature distribu-scene. On the other hand, too large regions prevent
tion or until the size of each region becomes smaller accurate objects of interest detection. In experimental
than a given threshold value (H. Yamamoto, 1999).  results is fixed at12 pixels with a gap = 3. More

To reach real-time performance, it is necessary to gverlapping requires excessive computing resources.
reduce the amount of data by quantizing the fea-

ture space before histogram computation. Consider- . .
ing color histograms, quantization consists in putting 3.2 Color quantization
close colors in the same histogram bin. Quantization
can be performed in different color spaces. (M. Ma- Quantization allows saving computer resources by re-
son, 2001) applies a color depth reduction formula ducing the histogram sizes. Because camera noise
to transform the 24-bit RGB color space to 12-bit, prevents distinguishing between all tf&6 x 256 col-
(Crandall and Luo, 2004) work in CIE LAB color  ors in theUV space, this last is reduced 40 x 40
space and reduce it 67 standard colors in a first  colors. Then, a good option is quantizing taking into
stage before keeping only) basic colors. The CIE  account the most representative colors in the scene.
LAB space has the advantage of being perceptually In this way, n. colors are selected from the image
uniform i.e. the Euclidean distance between two reference to be associatedstg histogram bins. An
colors corresponds to the human perception differ- undefined color bin is added for other unselected col-
ence. The calculation of the distance between two grs. Thus, all pixels not corresponding to one of the
histograms is another way to reach real time com- selected colors is associated with the undefined color
putation. In the case of quadratic histogram distance pijn.
(J. L. Hafner, 1995), the weight matrix that contains  This approach brings a great improvement in term
the coefficients denoting the similarity between his- f computation time. To represent more than ninety
togram bins can be diagonalized offline. _ percent of reduced colors in a cluttered scene, the
~ Filling several histogram bins with a unique pixel color histogram size is set to only5 color bins.
is a good method to reduce influence of noise and moreover, this size is smaller than those reached
of quantization errors in hls_togr_am computation (Han by good quantization64 with fuzzy histograms in
and Ma, 2002). Quadratic distance (J. L. Hafner, CBJR application (Han and Ma, 2002) 9600 bins in
1995) yields the same advantage but use only the Eu-c|ELAB (Crandall and Luo, 2004), and much smaller
clidean distance in histogram similarity computation. than those usually reached96 for the tracking al-
gorithm presented in (M. Mason, 2001) @r96 for
color cooccurrence histograms (Chang and Krumm,

Image partitioning

3 COLOR LOCAL KERNEL 1999).
HISTOGRAMS
3.3 Kernels
In the proposed technique, image is segmented into
overlappedocal squares with distogram for each Instead of associating one pixel with a unique region

one to provide accurate spatial information. To re- and a unique histogram bin, Gaussian kernels are in-
duce significantly the amount of data without loosing troduced in both image and color space to bring more
important information because of coarse quantization, flexible fuzzy associations between image and his-
the color space is quantized according to the most rep-tograms. Gaussian kernels are also chosen because of
resentative colors extracted from the scene. A doubleits smoothing properties and are easily computed. For
Gaussiarkernel, one in the image space and one in computation efficiency, the kernels are pre-computed
the color space bring robustness against noise. Tech-and stored in lookup tables.



3.3.1 Spatial Gaussian kernel

Pixels Si(z,yx) in a local area are weighted in
terms of distance from the area center. Thus, to com-
pute the local histogranii;, the pixel contributions
are weighted according to a bi-dimensional spatial
Gaussian kernek? (17, o) with meany (z;, y;) on

the area center and standard deviatigr{see Figure

1). K¥ is a normalization coefficient:
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The ratio weight between the border and center
area of regions must be low enough to provide good
smoothing properties. Thus, the standard deviation
os is chosen to be about a quarter of the local area
size. This setting bring95 percent of the Gaus-
sian kernel inside the area and gives a ratio weight of
about0.135. K* normalizes the kernel on the area:
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Figure 1: Spatial Gaussian kernel on a local aregof 12
pixels. The standard deviation is low enough = 3) to
provide good smoothing properties

3.3.2 Color Gaussian kernel

Two different colors falling in two separate histogram
bins are considered dissimilar even if they are very
close. This is a significant classical histogram draw-
back.

Using a color Gaussian kernel alleviates this prob-
lem and takes into account colors similarity. In-
stead of falling into a unique histogram bin, a pixel
is shared between several bins according to a Gaus-
sian weightG®. In YUV color space and given
h;, a bin representing the colofU;,V;) in the
chrominance histogram, the contribution of the pixel
Sk(xk, yk, Yi, Uk, Vi) tO theh; bin is:

dy =Up — U,
dy =V, —=Vj,

e ).

K]C is a normalization coefficient determined for
the color(U;, V;) among the, colors in the reduced
space ", G]C(Ui7\/;) = 1. Standard deviation,
is estimated by taking into account the camera noise.
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3.4 Local kernel histograms
computation

As explained above, local kernel histograms are com-
puted from image overlapped regions taking into ac-
count the two Gaussian kernels: the former in image
space and the second in color space.

In a local ared, the value of ah; histogram bin
corresponding to a selected colar€ j < n.)is:
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For the undefined color bin, all occurs as if his-
togram contains all the,. colors in the reduced space
(1 < j < n,). Then, the value of the undefined color
bin is the sum of unselected color bins:

hj+1 = 27: hj .

(j:”c+1)

(4)

Of course, for fast histogram computation, contri-
butions of each colors in the reduced color space are
pre-computed in lookups tables. The normalized his-
togramH; containsn. colors bins plus the undefined
color bin. It is normalized due to the normalization
constantgf© andK*°.



4 APPLICATION TO 5 EXPERIMENTAL RESULTS
BACKGROUND SUBTRACTION

The local kernel histograms are compared with three
other algorithms in the field of background subtrac-
In background subtraction, histograms are often usedtion. Each algorithm use chrominance chanréls
to extract spatial or temporal features of background. from YUV color space:
Those can being color or contours orientation for spa-
tial features or pixel value versus frame number in Mean & Threshold: Pixel-wise mean values are
the case of temporal features. For example (A. El- computed during a training phase, and pixels within
gammal and Davis, 2000) compute their background a fixed threshold of the mean are considered back-
model using histograms that describe temporal statis-ground.
tics for pixels values. In their region scale process,
(K. Toyama and Meyers, 1999) use histograms to Mean & Covariance: The mean and covariance are
compare moving regions between frames. This sec-computed from the recent samples values for pixels.
tion describes how to apply local kernel histograms in Foreground pixels are determined using a threshold.
color background subtraction to obtain a pixel scale This is similar to the background algorithm used in
probability map. (A. Elgammal and Davis, 2000).

Histograms: Frames are segmented ii6% large
overlapped square zones2ff pixels. A conventional
color histogram is computed from each zone for both

As histograms are normalized, the Bhattacharyya dis- eference and current image. Similarity is computed
tance between them provides a result betweend with histogram intersection and a threshold deter-
1 which can be assimilated as a probability. Given Mines foreground pixels: see (M. Mason, 2001).
histogramsHlt“ and H} computed from the same ) )
areal respectively in reference and current image, Local Kernel Histograms: The method explained
the probability P, that ! belongs to the background in this paper, probability map is thresholded to ex-
is computed applying Bhattacharyya distance to the tract silhouettes.

histogram bing: ;.

4.1 Local area probability

1 ‘Dfalse positives [ false negatives
Ne

P = Z /h§0h§' ) (5) 20000
j=1

4.2 Pixel probability

8000 +

Area histogram similarity computation provide an
identical probability for all the pixels in the area.
Thus, the resulting probability map is heavily aliased. 4000 ]
If it is suitable for tracking (M. Mason, 2001), back- 2000
ground subtraction needs generally more spatial ac- 0] : : .
curacy. Overlapping between areas reduce aliasing
but there is a trade off between computation time and
gap size between areas. To provide a pixel scale map
while preserving computation ressources, the prob- Algorithm

ability is computed with the probabilities resulting ‘

from the N, areas that a pixel belongs to. Taking ac- Figure 2: Algorithms overall performance.
count of the spatial kernel®, the probabilityP, for
the piXElS(CL‘k, Yk Ye, Ug, Vk) is:
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Both indoor and outdoor test sequences are used
(see Figure 3). The third (foreground covers moni-
tor pattern) and the fourth (waving trees) sequences

1 No s were used by (K. Toyama and Meyers, 1999). They
P, = SN GF > Gip. (6)  are available from the wébn color with a 160<120
> G o pixels resolution. The first indoor scene was grabbed

http://research.microsoft.com/users/jckrumm/WallFlower/Testimages.htm



with a color CCD camera using 38288 pixels res-  result in strongly aliased foreground detection. Thus,
olution and the last outdoor scene with a webcam because of their poor spatial accuracy, histograms are
and a 32240 pixels resolution. Image quality is generally not suitable for silhouette pose or gesture
relatively poor. The five sequences show classical analysis. However, local kernel histograms provide

difficulties for background subtraction: spatial accurate probability maps (§f4) for silhou-
ette extraction.

Camera Vibrations: Camera is not strongly fixed The results of the tests are shown in Figure 2 and

and vibrations cause small image motion. table 1. As in (K. Toyama and Meyers, 1999), per-

formances are evaluated in term of number of fore-
Shadows and Reflections:A person stays between ground pixels marked as background (false negatives)
the window and the door. Shadow and reflections and background pixels marked as foreground (false
slightly modify the background on the left side of the positives). Ground truth is provided by hand seg-
picture. mentation. It is obvious that the few test sequences
produced in this paper are not sufficient to correctly
Foreground Covers Monitor Pattern: A monitor evaluate the difference between the algorithms. How-
lies on a desk with rolling interference bars. A person ever, results underline the capacity of local kernel
walks into the scene and occludes the monitor. histograms to naturally smooth noise from camera,
soften shadows or reflections and waving background
Waving trees: A person walks in front a swaying objects.
tree. In terms of computation load, the local kernel his-
tograms modelizes a local area including pixels
Gust of Wind: A person walks in front of sway-  with a histogram comprising.+1 bins. In our exper-
ing flowers. Suddenly, a gust of wind occurs. The iments,144 pixel in a local area are modelized with
flowers move with more intensity. only 16 bins. Moreover, Gaussian kernels are pre-
computed and stored in lookup tables, yielding a fast
The test images are shown in Figure 3. Tests are h|stqgram computation. Thus, even Wlth. strong over-
performed on a single frame from each sequence and2PPing between local areas, computation times are
consist in segmenting a human subject from the back- €l0Se to those required by the Mean & Threshold al-
ground. Mean & Threshold and Mean & Covariance 9°fithm.
algorithms are both initialized during the first 200
frames before the test. Histogram based algorithms
are only trained with the first image of the test se- § CQONCLUSION
quence.

Because histograms naturally have the capacity to As shown in experimental results, the local kernel
smooth noise, camera vibrations and swaying flowers histogram based algorithm is a robust and efficient
do not affect histogram based algorithms. If the Mean method to extract color information from images.
and Covariance algorithm succeeds on the waving Even in noisy environment with camera vibrations
trees scene, it needs a certain time to adapt its back-or swaying vegetation, they provide useful and accu-
ground model causing false detections when an unex-rate probability map for background subtraction. This
pected event occurs e.g. a gust of wind. On the othermethod is easily generalizable to other features e.g.
hand, conventional histograms fail when shadows and contours, and can be useful in many fields of com-
reflections appear in the scene. In this caSé; puter vision e.g. content based image retrieval (CBIR)
colors channels are slightly modified yielding pixels or tracking. This paper has demonstrated that local
jumps between histograms bins and obviously, con- kernel histograms combine conventional histograms
ventional histograms bin by bin comparison measures advantages and avoid their inherent drawbacks to pro-
fails. It is a classical histogram drawback. However, vide robust, fast and accurate spatial information. II-
small color changes do not affect local kernel his- lumination robust background subtraction using con-
tograms because the color kernel reduces quantizatiortour features and local kernel histograms will be ad-
errors. Conventional histograms (M. Mason, 2001) dressed in future works.
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Figure 3: Comparison of color background subtraction algorithms with color local kernel histograms. The top row shows
reference images used to initialize background subtraction. The second row corresponds to original images extracted from
indoor and outdoor scenes. Third row represents hand segmented ground truth. Each other row shows the result for one
algorithm and each column represents a conventional problem.
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