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Abstract. We propose Generalized Histogram as low-dimensional representa-
tion of an image for efficient and precise image matching. Multiplicity detection
of videos in broadcast video archives is getting important for many video-based
applications including commercial film identification, unsupervised video pars-
ing and structuring, and robust highlight shot detection. This inherently requires
efficient and precise image matching among extremely huge number of images.
Histogram-based image similarity search and matching is known to be effective,
and its enhancement techniques such as adaptive binning, subregion histogram,
and adaptive weighting have been studied. We show that these techniques can be
represented as linear conversion of high-dimensional primitive histograms and
can be integrated into generalized histograms. A linear learning method to obtain
generalized histograms from sample sets is presented with a sample expansion
technique to circumvent the overfitting problem due to high-dimensionality and
insufficient sample size. The generalized histogram takes advantage of these tech-
niques, and achieves more than 90% precision and recall with 16-D generalized
histogram compared to the ground truth computed by normalized cross correla-
tion. The practical importance of the work is revealed by successful matching
performance with 20,000 frame images obtained from actual broadcast videos.

1 Introduction

Recent advance in broadband networks and digital television broadcasting enables huge-
scale image and video archives in the WWW space and broadcast video streams. In
these huge-scale image and video archives, multiplicity detection is getting important.
For example, Cheung et al. [1] proposed a multiplicity detection method for video
segments in the WWW to detect possible unlawful copy or tampering of videos. On the
other hand, some researchers notice that multiplicity detection is especially useful for
broadcast video archives [2,3]. In this paper, by multiplicity detection for video archives,
we assume that pairs of distinctively similar (or almost identical) video segments can be
extracted from videos; i.e., they are originated from the same video materials, but with
different transmission conditions or different post production effects, e.g., video captions,
scale, shift, clip, etc. Figure 1 shows typical examples of multiplicity in video archives.
They include (a) commercial films, (b) opening/ending of programs, (c) opening/ending
of some types of scenes, (d) video shots of an important event, etc. Detection of (a)
is particularly important for a company that needs to check if its commercial films are
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(a) commercial film (b) news opening (c) weather forecast (d) sports highlight

Fig. 1. Examples of identical video segments

properly broadcasted. Video segments (b) and (c) themselves are not very important,
however, since they represent “punctuation” of video streams, they are useful for video
parsing and structuring; i.e., identification of particular programs or locating breaks
between news stories. Multiplicity detection may realize unsupervised video parsing
(especially for news videos) without any a priori knowledge on visual features of the
punctuation shots [4]. Highlight shots of important events such as Olympic games or
world cup soccer games including (d) tend to be repeated; for instance, highlight shots
in on-the-spot broadcasting of sports may repeatedly used in several news or sports news
as “play of the day.” Thus multiplicity detection may help to detect highlight shots.

Despite its importance, since identical video segment pairs are essentially very rare,
multiplicity detection could become meaningless unless it is applied to huge-scale video
archives. Therefore precise matching between images is required; otherwise, desired
identical video segment pairs may be buried under large number of mistakenly detected
pairs. While at the same time, the method should allow slight modification to images,
so that it is required to ignore small video captions, slight clipping, etc. In order to
satisfy the contradictory requirements, pixelwise comparison is needed, however, is
very time consuming. In order to apply to huge-scale video archives, severe speedup
should be addressed. Compact (low-dimensional) representation of images is necessary
for efficient image matching, while preserving precise matching performance.

In this paper, we propose generalized histogram as low-dimensional representation
of an image which realizes precise yet at the same time efficient image matching.
The generalized histogram is histogram-based low-dimensional representation; thus
it achieves very efficient matching process. Several techniques have been studied for
enhanced histogram representation, including adaptive binning, subregion histogram,
and adaptive weighting. We show that the generalized histogram takes advantage of
these techniques at the same time. Successful results are shown by detecting multiplicity
in actual video footages taken from television broadcast to reveal effectiveness of the
generalized histograms.

2 Multiplicity Detection in Large Collection of Images

As described, multiplicity detection in video archives should be applied to huge-scale
video archives. Since video archives obviously contain huge amount of frame images, the
method should discover identical image pairs among huge number of images. Strong
correlation between consecutive frames in a video allows most frames to be skipped
in a certain period. However, in order not to miss many identical video segments with
dynamic motion, the period should be short enough (ten frames or so). Consequently, dis-
covery of identical image pairs between large image sets is an inevitable key technology.
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Assume that two sets of images IS1 = {I1
i } and IS2 = {I2

j } are given. We use
normalized cross correlation (NCC) for the similarity check here using a threshold
−1 � θh < 1. The resultant identical image pair set IIPS is thus:

IIPS =
{
(I1, I2)

∣
∣ I1 ∈ IS1, I2 ∈ IS2,NCC(I1, I2) > θh

}

NCC(I1, I2) =

∑
x,y(I1 − I1)(I2 − I2)

{∑
x,y(I1 − I1)2

∑
x,y(I2 − I2)2}1/2

where, for notational convenience, I1 and I2 represent intensity value of each image at the
location (x,y), and I is its mean. For simplicity, we assume that all images in collections
are monochrome, but extension to color images can easily be achieved. It obviously is
intractable to calculate NCC for every combination of images. Our implementation
takes about 16ms on an ordinary PC to compute NCC between two 352×240 images.
For example, to extract IIPS from two sets of 100,000 images, it will take 16ms×
100,000×100,000 � five years. Since even one hour-long video (30fps) contains about
100,000 frames, intensive speedup is required.

In order to address efficient search of database which requires costly similarity (or
distance) calculation, a “dirty filtering” technique is sometimes used [5]. In this, each
element in the database is first converted into a low-dimensional (ten to twenty dimen-
sions) vector by some function f . Benefit of dimensionality reduction is two fold: Firstly,
metric calculation becomes much lighter, because the calculation is basically propor-
tional to the number of dimension (352× 240 versus 10 ∼ 20). Secondly, data of less
than 100 dimensions are very suitable to the high-dimensional indexing techniques us-
ing tree-type structures and/or hash [6], which further accelerate the search speed. Then
approximation of IIPS is obtained as follows:

˜IIPS =
{
(I1, I2)

∣
∣ I1 ∈ IS1, I2 ∈ IS2,d(f(I1),f(I2)) < θd

}

where d(·) represents the distance between vectors, ˜IIPS is the approximation of
IIPS, and θd is a threshold value for the distance. Finally, each element of ˜IIPS
is “cleansed” by the original metric (in our case, NCC). “The lower-bound condition,”
i.e., IIPS ⊆ ˜IIPS, ensures the dirty filtering will not cause false dismissals. However,
due to discrepancy between the original metric and the metric in the converted low-
dimensional space, this condition tends to be difficult to hold. If we somehow achieve
IIPS ⊆ ˜IIPS, ˜IIPS may become unexpectedly large, thus cleansing may take im-
practically long. Instead we allow IIPS �⊆ ˜IIPS, but we keep IIPS − ˜IIPS (false
dismissals) as small as possible. While, since the size of ˜IIPS reflects the cleansing
cost, i.e., the number of NCC calculation, this is also preferably small.

To evaluate these, precision and recall are suitable: precision = |IIPS ∩
˜IIPS|/| ˜IIPS|, recall = |IIPS∩ ˜IIPS|/|IIPS|. In order to make ˜IIPS small, preci-

sion should be larger and close to one. On the other hand, to make IIPS − ˜IIPS small,
since 1− recall = |IIPS − ˜IIPS|/|IIPS|, recall should also be larger and close to
one. In evaluation, we set another threshold θl, θl < θh, to employ rejection range; image
pairs having NCC values between θl and θh are excluded and will not be used for the
evaluation.
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3 Generalized Histogram

3.1 Histogram Composition

Histograms are sometimes used as low-dimensional representation of images, especially
for image similarity matching [9,7] and multiplicity detection [1,8]. Assume that an im-
age I is composed of M pixels, and its intensity value at the location (x,y) is v = v(x,y).
Then the image can be regarded as the scatter of M pixels in the three dimensional space
(x,y,v). To compute a histogram of the image, we first need to tessellate the (x,y,v)
space into N non-overlapping regions Ri, i = 1, . . . ,N . Then an N -bin histogram
(H = [h1 h2 . . . hN ]T in vector notation) can be computed by counting pixels which
fall into each region: hi =

∣
∣{(x,y,v(x,y))

∣
∣ (x,y,v(x,y)) in Ri

} | . For example, if we

divide the range of intensity value [vl,vh) into N regions at the points: vi = vl +
|vh−vl|

N i
where i = 0, . . . ,N , by defining the tessellation as Ri =

{
(x,y,v)

∣
∣ vi−1 ≤ v < vi

}
, we

will obtain N -bin global intensity histograms. Subregion histograms can be obtained
by the tessellation Ri,j,k =

{
(x,y,v)

∣
∣ xi−1 ≤ x < xi,yj−1 ≤ y < yj ,vk−1 ≤ v < vk

}

where xi, yj , and vk are dividing points of the range of x, y, and v respectively. Resultant
histogram hi,j,k should then be reordered into a linear list by a particular ordering such
as the lexicographic order.

Obviously, choice of tessellation of the (x,y,v) space affects the performance of
image similarity evaluation and matching. For subregion division, researchers employ
regular division such as 1×1(global histograms), 2×2, 3×3, etc., as well as irregular
division such as using one at the center and four subregions in the peripheral region
[10] . For tessellation of the range of intensity, or tessellation of the color space in most
cases, adaptive binning techniques have been studied [11,12]. In the adaptive binning,
tessellation is determined according to the actual distribution of pixels, and thus the
tessellation would become fine in dense region, while rough in coarse region. If tessel-
lation is independently determined for each image, resultant histograms better reflect
the actual distribution of pixels. We call this dynamic adaptive binning. However, since
bins of histograms of the different images do not necessarily correspond, special metrics
such as the Earth Mover’s Distance [11] or weighted correlation [12] should be used,
which are computationally costly than the simple Euclidean distance. Thus the dynamic
adaptive binning would not fit to the purpose of dirty filtering. Instead, we can determine
tessellation based on the distribution of pixels for all images in image collections. This
makes the tessellation unique for all the images, therefore ordinary metrics including the
Euclidean distance can be used. We call this static adaptive binning. We will consider
static adaptive binning instead of dynamic adaptive binning in this paper.

After histograms are obtained from images, we then need to evaluate distances be-
tween histograms. In evaluating distance between two histograms H1 = [h1

1 . . .h1
N ] and

H2 = [h2
1 . . .h2

N ], the Minkowski distance is sometimes used: d(H1,H2) = (
∑

i ||h1
i −

h2
i ||p)

1
p . Especially, the Manhattan distance (p = 1) and the Euclidean distance (p = 2)

are frequently used. As a variant of this, the weighted Minkowski distance is also

used: d(H1,H2) = (
∑

i wi||h1
i −h2

i ||p)
1
p where wi are weight coefficients. An adap-

tive weighting technique optimizes coefficients adaptively, mainly according to users’
preference by relevance feedback in image retrieval systems [13]. Other metrics such as
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quadratic metric [14] and Mahalanobis distance are also used. We mainly concentrate
on the Euclidean distance in this paper.

(a) Ri (b) R′
i (c) R̃′

i

Fig. 2. Tessellation Approximation by Primitive Histogram

3.2 Histogram Conversion

If we have fine-grain tessellation, any tessellation can be approximated by aggregating
the fine-grain tessellation. Based on this idea, we will show that histograms using adap-
tive binning and various subregion can be realized by linear conversion of fine-grain
histograms. Assume that regions Ri, i = 1, . . . ,N compose fine-grain tessellation, i.e.,
the size of each Ri is small enough, and a histogram H = [h1 . . .hN ]T is calculated by
the tessellation. The tessellation could be regular, i.e., 8×8×16 for the range of x, y, and
v respectively, which generates 1024-bin histograms. We call the fine-grain histograms
as primitive histograms. Then any tessellation R′

i, i = 1, . . . ,N ′ can be approximated by
Ri as follows:

R̃′
i =

⋃

j

{
Rj

∣
∣ ∀k|R′

i ∩Rj | ≥ |R′
k ∩Rj |

}

where R̃′
i is an approximation of R′

i and | · | represents the size of the region. Intuitively,
R′

i is approximated by the union of Rj which belong to R′
i (see Fig. 2). Thus a histogram

H ′ = [h′
1 . . .h′

N ′ ]T based on the tessellation R̃′
i is calculated using N ′ by N matrix A

as follows:

H ′ = AH

(A)i,j =
{

1 if R̃′
i ∩Rj �= ∅

0 otherwise.

We call the matrix A as aggregation matrix. By this conversion, any variation of binning
and subregion can be realized as a simple linear conversion at the cost of approximation
error. The error can become arbitrarily small by using finer tessellation for primitive
histogram calculation.

Weighted distance between histograms can also be realized by linear conversion of
histograms. The weighted Euclidean distance between histograms H1 = [h1

1 . . .h1
N ]T

and H2 = [h2
1 . . .h2

N ]T can be calculated as:

d2(H1,H2) =
∑

i

w2
i ||h1

i −h2
i ||2

where wi are weight coefficients. This can be achieved by simply calculating the Eu-
clidean distance of weighted histograms: H ′ = [w1h1 . . .wNhN ]T . Thus weighted dis-
tance can also be realized by linear histogram conversion:
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H ′ = WH

W = diag(w1,w2, . . . ,wN ).

Obviously these two conversions have the same linear form. Thus they can be com-
bined easily, e.g., H ′ = AWH . We now allow the conversion matrix to be a general
matrix G, i.e., H ′ = GH , which converts N -bin histogram H to N ′-bin histogram H ′.
The converted histogram can represent not only various binning and subregion histogram
plus weighted histogram, but also much general adaptable histogram. We call this his-
togram as generalized histogram, and G as generalized histogram generator matrix, or
generator matrix in short. By properly designing the generator matrix, generalized his-
tograms can take advantage of adaptive binning, adaptive subregion, adaptive weighting,
and possibly much flexible adaptability.

3.3 Linear Learning of Generalized Histogram Generator Matrix

Learning generator matrix from training samples would be an ideal method because it
could adapt to actual distribution of images. As training sets, we assume that positive
samples S+ and negative samples S− are given:

S+ =
{
(I1, I2)

∣
∣ NCC(I1, I2) > θh

}

S− =
{
(I1, I2)

∣
∣ NCC(I1, I2) < θl

}
.

Let H(I) be the primitive histogram of the image I . The Euclidean distance between
generalized histograms of images I1 and I2 is:

d2(I1, I2) = ||GH(I1)−GH(I2)||2 = ||G[H(I1)−H(I2)]||2.
Ideal generator matrix G should preferably make distances between image pairs of pos-
itive samples smaller, while at the same time distances between image pairs of negative
samples larger. We can achieve this by a similar technique to well-known Multiple
Discriminant Analysis [15] (MDA for short). Let covariance matrices of histogram dif-
ferences of image pairs of positive and negative samples, C+ and C− resp., be:

C+/− =
∑

(I1,I2)∈S+/−
(H(I1)−H(I2))(H(I1)−H(I2))T .

Since GCGT represents a scatter matrix of vectors G[H(I1)−H(I2)], an ideal generator
matrix G minimizes the following criterion:

J(G) =
det(GC+GT )
det(GC−GT )

because det(GCGT ) is proportional to the square of the hyperellipsoidal scattering
volume [15]. J(G) can be minimized by solving the following generalized eigenvalue
problem: C−Φ = C+ΦΛ where Φ = [φ1 φ2 . . . φN ] is eigenvector matrix and Λ is di-
agonal matrix of eigenvalues. Thus N ′ by N optimal generalized histogram generator
matrix G is obtained by N ′ eigenvectors corresponding to N ′ largest eigenvalues, i.e.,
G = [φ1 φ2 . . . φN ′ ]T .



216 S. Satoh

3.4 Learnability of Histogram Adaptation

It is still unclear whether the presented algorithm produces similar effect to histogram
adaptation techniques. We will discuss on this here.

Assume that the algorithm determines generator matrix G = [φ1 . . . φN ′ ]T which
converts primitive histogram H = [h1 . . . hN ]T into generalized histogram H ′ = [h′

1 . . .
h′

N ′ ]T , i.e., H ′ = GH . The algorithm determines the plane spanned by φ1, . . . ,φN ′ , and
generalized histogram is the projection of primitive histogram onto this plane. If there
is large variance in the hi direction in positive samples S+, i.e., variance of h1

i − h2
i

is large where (I1, I2) ∈ S+ and H(I1) = [. . .h1
i . . .], H(I2) = [. . .h2

i . . .], especially if
this is larger than that in the hj direction, then ideal adaptive weighting should provide
larger weight to hj direction than to hi. This is because hj is stationary in the positive
samples and thus useful for discrimination, but hi is unstable and should be suppressed.
MDA has the similar effect since it determines projection direction so that to suppress
large variance in the original scatter of positive samples. Thus the proposed algorithm
has similar effect to adaptive weighting.

In ideal adaptive binning, two bins are preferably merged (in most cases neighboring
bins) if they are strongly correlated in training samples. When we think of subregion
histograms, two blocks should be merged into one block if these two have correlated
intensity between image pairs in samples. Two blocks have correlated intensity when
corresponding bins between the blocks are correlated. Thus adaptive binning, as well as
adaptive subregion, may be realized by merging correlated elements. Assume that the
direction hp and hq are correlated. Then MDA will produce projection direction which is
close to parallel to the plane spanned by hp and hq, resulting one direction in generalized
histogram is made close to wphp +wqhq, while the other independent direction of the
form w′

php +w′
qhq is suppressed. Weights wp and wq will be determined according to

the distribution in these directions, similarly to linear regression analysis. This obviously
includes the case wp = wq, which has the same effect as aggregation matrix. The case
when more than three directions are correlated can also be treated similarly.

3.5 Sample Expansion

In order to obtain effective generalized histograms, finer tessellation for primitive his-
tograms is necessary, and thus high-dimensional vectors should be handled as primitive
histograms. This makes estimation of generator matrix harder, because the estimation
requires optimization of low-dimensional projection in very high-dimensional space.
Generally, since the insufficient number of samples for learning in high-dimensional
space may cause performance deterioration due to overfitting, learning in high-dimen-
sional space requires more training samples (the preferable number of samples is expo-
nential to the number of dimension [16]). However, it could be difficult to prepare the
sufficient number of samples; especially for positive samples, by the nature of rareness
of identical image pairs.

In order to circumvent the problem, we expand the number of samples by virtu-
ally adding perturbation to intensity value of each pixel. We call this technique sample
expansion. Assume that we have a pair of images I1 and I2 from sample set (either
positive or negative), and corresponding primitive histograms H1 = [h1

1 h1
2 . . . h1

N ] and
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H2 = [h2
1 h2

2 . . . h2
N ]. For simplicity, we think of intensity tessellation only. Covariance

matrix of primitive histogram differences of image pairs can be obtained by summing
the following elementary covariance matrix for all image pairs:

E = (H1 −H2)(H1 −H2)T .

Basic idea of the sample expansion is to derive expectation of E with probabilistically
adding perturbation to intensity values of pixels, and thus to derive expectation of co-
variance matrix of primitive histogram differences. We assume that only one pixel of
either I1 or I2 will suffer from perturbation with probability P . If we virtually add per-
turbation to a pixel such that to make the pixel belong to the neighbor of its original bin,
and if the pixel originally belongs to hi, the value of hi will decrease and the value of
its neighbor bin (hi−1 or hi+1, depending on the sign of the perturbation) will increase.
Thus the primitive histogram becomes

Hi,+ = [h1 . . . hi−1 hi−1 hi+1+1 . . . hN ]T

Hi,− = [h1 . . . hi−1+1 hi−1 hi+1 . . . hN ]T

depending on the sign of the perturbation. The probability that the case Hi,+ occurs is
assumed to be equal to the probability of Hi,−, and is the probability that a pixel in I
falls in hi (we set this to pi) times 1

2P . If we assume the distribution of pixel intensity
is identical for all images, the probability that a pixel in any image falls in Ri is pi. If
we let p(v) be pdf of intensity value, pi is derived as follows:

pi =
∫

Ri

p(v)dxdydv. (1)

In the case of Hi,+ or Hi,− for I1, i.e., H1
i,±, the elementary covariance matrix is:

E = E|H1
i,± = (H1

i,± −H2)(H1
i,± −H2)T

(E)i,i = (∆hi)2 ∓2∆hi +1
(E)i,i+1 = (E)i+1,i = ∆hi∆hi+1 ±∆hi ∓∆hi+1 −1

(E)i+1,i+1 = (∆hi+1)2 ±2∆hi+1 +1
(E)i,j = (E)j,i = ∆hi∆hj ∓∆hj

(E)i+1,j = (E)j,i+1 = ∆hi−1∆hj ±∆hj

(E)j,k = ∆hj∆hk

where ∆hi = h1
i −h2

i , and j,k �= i, i+1. We can then integrate the equations above to
derive the expectation of the elementary covariance matrix:

E{E} =
∑

i

∑

s∈{+,−}

E|H1
i,s +E|H2

i,s

2
Ppi

(∆E)i,j
def= E{(E)i,j}−∆hi∆hj

(∆E)1,1 = P (
1
2
p1 +

1
2
p2)
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(∆E)i,i = P (
1
2
pi−1 +pi +

1
2
pi+1) (i �= 1,N)

(∆E)N,N = P (
1
2
pN−1 +

1
2
pN )

(∆E)i−1,i = (∆E)i,i−1 = −P (
1
2
pi−1 +

1
2
pi)

(∆E)i,j = 0 (otherwise)

(note that terms which have signs affected by the sign of perturbation are canceled),
where E{·} provides expectation. We can then derive expectation of covariance matrices
as follows:

E{C+} = C+ + |S+|∆E

E{C−} = C− + |S−|∆E.

This modification still keeps the covariance matrices positive semi-definite. In the above
derivation, we think of intensity tessellation only. However, extension to joint tessellation
of intensity and location is quite straightforward. Resultant expectation of covariance
matrices is then used for calculation of generalized histogram generator matrix.

4 Experiments

We apply the proposed method to images obtained from broadcast video archives. We
select four video footages, one hour long each, broadcasted in the same time slot, at
the same channel, but on the different days. 10,000 randomly chosen images are then
extracted from them to compose four image sets, namely, A, B, C, and D. Since they are
taken from the same time slot, they include the same video programs (actually the slot
includes news and documentary), and thus each image set is expected to have similar
distribution in the image space, or at least they include some shots, identical each other,
such as opening and ending shots. Two sets (A and B) are used as training samples, and
the other two (C and D) are used for test. From the training set, the positive sample set
is composed of pairs of images from two image sets having larger NCC value than θh.
The negative sample set is composed of 10,000 randomly chosen pairs of images having
smaller NCC than θl. From the test set, the positive sample set is generated similarly,
but the negative sample set is composed of all pairs having smaller NCC than θl. We use
θh = 0.9 and θl = 0.8 in our experiments. The resultant positive and negative test sets are
used as the ground truth for precision-recall evaluation. The size of positive sample sets
is 2124 and 3278, while the size of negative sample sets is 10,000 and approximately
10,000×10,000 for the training and test sets respectively.

Primitive histograms are then calculated for images in the sets. Since we use NCC
as the image matching criteria, intensity values of pixels v are first normalized by the
mean m and the standard deviation σ into normalized intensity, i.e., v′ = (v −m)/σ.
To compute primitive histograms, we use regular tessellation 8×8×16 in the (x,y,v′)
space. For the normalized intensity, we regularly divide the range [−2,2) since this range
covers the most part of the distribution (95%) for the Gaussian distribution. We call the
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histograms normalized intensity histograms. In this case, since normalized intensity
values yield normalized Gaussian, Eq. (1) particularly becomes:

pi =
∫

Ri

1√
2π

e− v2
2 dxdydv. (2)

We use this for pi in calculating generalized histograms.

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

recall

pr
ec

is
io

n

normalized intensity histogram
    (tessellation: 2x2x4)     
16−D generalized histogram
    (w/o sample expansion)
16−D generalized histogram
    (w. sample expansion) 

Fig. 3. Comparison of matching performance

We thus employ 8×8×16 = 1024-bin normalized intensity histograms as primitive
histograms. By using training sets, a generator matrix is generated. Then 16-D gener-
alized histograms are generated from test sets, and the image matching performance is
evaluated in terms of precision-recall. For comparison, we generated 16-D normalized
intensity histograms with regular tessellation 2× 2× 4 in the (x,y,v′) space, and the
filtering performance is evaluated using the Euclidean distance. We have investigated
several combinations of regular tessellation and evaluated 8- to 64-D normalized inten-
sity histograms, to find that the tessellation used here performs the best [17]. Figure 3
shows the resultant precision-recall graphs comparing the matching performance of the
normalized intensity histograms, the generalized histograms without sample expansion,
and the generalized histograms with sample expansion. This clearly depicts that the gen-
eralized histograms obviously outperform ordinary histograms. Moreover, the sample
expansion technique drastically boosts the performance. The final performance exceeds
90% recall and 90% precision at the same time, or even at 95% recall more than 80%
precision is achieved, which is very satisfactory. In the evaluation, we changed the per-
tubation probability P from 0.0001 to 0.01 and found that there was no effect on the
matching performance, and thus confirmed that P is very insensitive to the performance.
To inspect the dependence of the performance to training set, we conduct another exper-
iment by swapping training and test sets, i.e., image sets C and D for training and A and
B for test. The performance is almost the same as Fig. 3, and thus the proposed method
is thought to be relatively insensitive to the change of training set.



220 S. Satoh

(a) (b) (c) (d)

Fig. 4. Identical Images in Test Sets

We then review the detected identical images. Figure 4 (a)-(c) are example images
successfully recognized as identical image pairs. In particular, (a) is an opening image
of news, (b) is a weather forecast CG image of news, and (c) is an opening image of
documentary. Since video segments identical to them appear everyday, similar images
to them are included both in training and test sets as positive sample pairs. These video
segments can be regarded as “punctuation,” so that the results can effectively be used
for video parsing and structuring. On the other hand, Fig. 4 (d) shows an image, a
pair identical to which is included in the positive samples of the test set, and thus is
expected to be detected, but the method fails to detect. Actually the image represents an
explanatory video segment, and is shared by news topics, explaining about the related
topics broadcasted on the different days. The major reason of the failure is that image
pairs identical to this image are included in neither positive nor negative samples of
training sets. Statistically, such video segments are negligible, and thus the generalized
histogram is statistically successful, but unfortunately may fail to detect extremely rare
but interesting multiplicity. On the other hand, punctuation segment detection, as well as
commercial film detection can effectively be achieved by the proposed method, because
the distribution in the image space of possible multiplicity images is known beforehand.

Then we analyse generator matrix G to inspect the mechanism of the generalized
histogram. gij = (G)i,j corresponds to the weight coefficient for the j-th element of
primitive histograms hj , and [gi1 gi2 . . . giN ] can be regarded as a vector having the
same length to the primitive histograms. In calculating the primitive histograms, we use
regular tessellation (8× 8× 16) in the (x,y,v′) space to obtain 3-D histograms hi,j,k,
then convert them into a vector by a particular ordering. We thus inversely apply the
ordering to [gi1 gi2 . . . giN ] to obtain a 3-D tensor (G)i

p,q,r = gi
pqr = gij where p, q, and

r are reversely mapped index of j. In particular, let (p,q) correspond to the location of
a region in the (x,y) space, and r correspond to the index of the range of normalized
intensity. We then define contribution of the block at (p,q) in the i-th component as the
variance of coefficients gi

pqr:

Γ i
p,q = E

{
(gi

pqr −E
{
gi

pqr|p,q, i
}2 ∣

∣ p,q, i
}

.

Γ i
p,q can be visualized as an image in the (p,q) space. In addition, gi

pqr can be regarded as
weight coefficients for intensity histograms when we fix p, q, and i. They can be plotted
as weight coefficients at the block (p,q) in the i-th component. We then visualize the
first, second, and third components of the generator matrices obtained with and without
the sample expansion in Fig. 5. For each component, contribution of each block is shown
as brightness of the corresponding block; a brighter block represents more contribution.
In addition, weight coefficients of blocks, in particular, for three blocks indicated as A,
B, and C, are shown in the graphs. With sample expansion (Fig. 5 (a)-(c)), the block A
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(a)-(c): with sample expansion, (d)-(f): without sample expansion

Fig. 5. Visualization of Generator Matrix
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has the highest contribution for the first component and the corresponding graph shows
relatively high variation. On the other hand, C has very low contribution in the three
components, and the corresponding graphs are relatively unchanging. Without sample
expansion (Fig. 5 (d)-(f)), it is shown that all three components concentrate on the same
block, namely, A, possibly due to overfitting. Weight coefficient graphs are all jagged
shapes, disregarding high correlations between neighboring bins. On the other hand, in
Fig. 5 (a)-(c) weight coefficient graphs are stable. Thus the effect of the sample expansion
is visually shown.

As for processing time, it takes about 4 minutes to train generalized histogram gener-
ator matrix, and 12 minutes to convert 10,000 frames in a MPEG-1 file into generalized
histograms (including MPEG decoding). Given converted generalized histograms, it
takes 4.4 seconds for dirty filtering in matching two sets of 10,000 frames, and 8 min-
utes for cleansing by NCC when precision is about 90%. We use tree-type data structure
SR-tree [18] for range search instead of linear scan to accelerate dirty filtering. The
experiments are conducted on an ordinary PC (Pentium 2GHz). The proposed method
thus achieves tractable computation time for identical video segment detection.

5 Conclusions

We propose generalized histogram as low-dimensional representation of an image for
efficient and precise image matching. Among techniques to enhance the matching per-
formance for histogram-based matching, adaptive binning, subregion histogram, and
adaptive weighting are inspected, and we show that these techniques can effectively be
realized in the form of linear conversion of high-dimensional primitive histograms. Lin-
ear learning algorithm to derive generalized histograms is introduced to take advantage
of these enhancement techniques. A sample expansion technique is also introduced to
circumvent the overfitting problem due to high-dimensionality and insufficient sample
size. The effectiveness of the generalized histogram and sample expansion is revealed
with experiments in detecting multiplicity in sets of randomly chosen 20,000 images
taken from television broadcast. The matching using generalized histograms achieves
almost the same performance compared to the precise matching using NCC, but may
miss rare multiplicity which do not appear in training sets. This point should be inves-
tigated for future work. Incorporation of high-dimensional indexing techniques as well
as extension to identical shot discovery should also be addressed. We also think that the
generalized histogram may also be useful for learning framework for appearance-base
vision tasks.
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