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Abstract

In this paper, a new cut detection algorithm with constant false-alarm ratio (CFAR) is pro-

posed for video segmentation. In our method, a theoretical threshold determination strategy

using the non-parameter based CFAR processing technique is developed to achieve a control-

lable precision as well as an evaluative recall performance for video cut detection. Simulation

results show that this algorithm leads to very good detection performance as compared to the

existing techniques.
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1. Introduction

With the increasing demand for the storage of a variety of visual information, the

topic of content-based video retrieval (CBVR) has been actively investigated by a
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number of researchers from different communities in recent few years. In a CBVR

system, the temporal feature of a video is first extracted by segmenting the video into

successive shots in the temporal domain. Other features such as key objects and key

frames are then extracted to abstract the video. Obviously, the video shot boundary

detection process is the first but important step in such a system. Only after segment-
ing a video sequence into shots, can the key frame extraction and index generation

steps follow sequentially.

In the literature, people have developed different kinds of shot boundary detection

algorithms, such as histogram-based algorithms (Zhang et al., 1993; Sethi, 1995),

motion-based algorithms (Zhang et al., 1995; Shahraray, 1995) and contour-based

algorithms (Zabih et al., 1995) for cut detection; twin-comparison algorithm (Zhang

et al., 1993) and production-model based algorithms (Hampapur et al., 1995) for

gradual transition detection. The criteria of recall and precision as shown below
are commonly used in evaluating the performance of these detection algorithms.
Table

Comp

Prob

Phy
recall ¼ Ndetect=ðNdetect þ Nmiss-detectÞ; ð1aÞ

precision ¼ Ndetect=ðNdetect þ Nfalse-alarmÞ; ð1bÞ

where Ndetect is the number of shot transitions detected, Nmiss-detect is the number of
mis-detections and Nfalse-alarm represents the number of false alarms.

It is known that a high false-alarm ratio (FAR) in video shot boundary detection

results in fragmentation of a video sequence, which will destroy the integrity of video

contexts and hence damage to the structure of the video database. Although FAR is

quite important, the shot boundary detection algorithms developed so far seldom

theoretically guarantee a pre-determined FAR. In this paper, we try to design an al-

gorithm to tackle this problem, or say, to guarantee a controllable detection perfor-

mance. For simplicity and clarity, in the following discussions, we concentrate only
on the control of FAR for cut detection. To control that of gradual transition detec-

tion will be a little more difficult but theoretically similar. In order to control the

FAR, the concept of constant false-alarm ratio (CFAR) processing in radar signal

detection (Minkler and Minkler, 1990) is applied. In fact, both the problem state-

ment and physical variables of video cut detection are analogous to those of radar

signal detection. The detailed comparison is shown in Table 1. We can see that both

video cut detection and radar signal detection possess the same objective, which is to

improve the recall performance as much as possible given a controllable precision.
1

arison of radar and video CFAR

Cut detection Radar signal detection

lem statement Improve the recall performance as much as possible provided that the precision

performance is appropriately controlled.

sical variables Cuts Objects

Regular frames Spatial noises

Camera motion Clutter

Background luminance change Interference
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As we know, the radar CFAR algorithms can be classified into two categories, the

parameter based and non-parameter based algorithms. The former assumes that the

clutter has a certain distribution, such as Gaussian or Rayleigh distribution. How-

ever, for video signal, the statistical characteristics are so complicated that such sim-

ple approximations will lead to poor performance due to model mismatch.
Therefore, the work described in this paper will focus on the non-parameter based

CFAR techniques (Carlyle and Thomas, 1964), which do not rely on any prior

distributions.

In the rest of the paper, the details of the proposed CFAR algorithm for video cut

detection are described in Section 2. This section will expatiate on the concept of the

algorithm to show why it leads to a CFAR. Also, the recall performance of the al-

gorithm is deduced. Computer simulations are used to test the proposed algorithm

and the results are discussed in Section 3. Finally, some concluding remarks are
given in Section 4.
2. CFAR algorithm for video cut detection

In this section, a new video cut detection algorithm that guarantees a controllable

FAR is described. The magnitude of successive frame difference is no longer the key

criterion in this algorithm. Instead, we detect cuts by evaluating how many previous
frame differences are less than the current one. As shown in Fig. 1, the video frames

under consideration are classified into three categories: current frame (denoted by

FC), protective frames (by FP) and reference frames (by Fi, i ¼ 1 � � �N ). The current

frame is the frame to be detected. We have two basic hypotheses on the current

frame, H0: it is a regular frame; H1: it is a cut. For the reference frames, we can as-

sume that all of them are regular frames, if the previous cut detection result is con-

vinced. (In fact, experiments show that just following this assumption without

considering whether it is fully satisfied or not, the performance of our algorithm still
corresponds to the theoretical deductions well.) When the current frame is not a cut,

it will have the same statistical characteristic as the references; otherwise, it will be

quite distinguished. Considering in some cases, cut may occur in more than one

frame due to frame rate conversion, we use two protective frames to separate the cur-

rent frame out of the references.

In order to carry out the following CFAR operations, it is necessary to assume

that all regular frames are independent and identically distributed. The identical
Fig. 1. Video frames in a video sequence.
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condition is easily understood, however, the independency is not true in all cases be-

cause the luminance fields of successive frames are highly correlated. In order to de-

correlate the frames, a differential feature should be defined. In this paper, the visual

discontinuity (Hanjalic and Zhang, 1999) is selected as the desired feature. For each

video frame, the visual discontinuity is defined as below.
x ¼ 1

NB

XNB

l¼1

Y l

��� � Y match

��þ Ul

�� � Umatch

��þ V l

�� � V match

���; ð2Þ
where l is the block index, match refers to the best matched block in the previous

frame during motion estimation. NB is the total number of the blocks. Y , U , and V
are the average luminance and chrominance of an image block, respectively. Here, to

be noted, such a definition of visual discontinuity is only an example, any measure

that can guarantee the independent and identical distribution does not affect the

following deductions.

For the current frame, the distribution of the visual discontinuity is denoted by

p1ðxcÞ, and those of the references are denoted by p0ðxiÞ, (i ¼ 1 . . .N ), I.I.D. Consid-

ering N references frames are used, one may argue that in some cases, the length of

the shot containing the current frame may be shorter than N so that we cannot gath-
er enough references for detecting the current frame. Fortunately, with the assump-

tion of independent and identical distribution, there is no need to guarantee that all

the N reference frames come from the same shot. In fact, in the experiments we de-

signed a FIFO structure which only buffers regular frames to help provide enough

reference frames.

To obtain a constant false-alarm ratio, we proceed as follows. First, to represent

the difference between the current frame and the references, just as in the Wilcoxon

signal detector (Minkler and Minkler, 1990), the rank of the current frame is defined
as
Cðxc; xiÞ ¼
1; xc > xi;
0; xc < xi:

�
ð3Þ
It is obvious that the sum of the ranks z ¼
PN

i¼1 Cðxc; xiÞ is a random variable dis-
tributed over the interval [0, N ] and has a distribution function as below.
P ðz ¼ LÞ ¼ CL
N

Z þ1

�1
p1ðxcÞ

Z xc

�1
p0ðxiÞdxi

� �L Z þ1

xc

p0ðxiÞdxi
� �N�L

dxc

¼ CL
N

XL

j¼0

ð�1ÞjCj
L

Z þ1

�1
p1ðxcÞRN�Lþj dxc; ð4Þ
where R ¼
R1
xc

p0ðxiÞdxi (see Appendix A).

When H0 holds, the current frame has the same statistical distribution as the ref-

erences. Thus, it can be proved that (see Appendix B) z is uniformly distributed, i.e.,
P ðz ¼ LjH0Þ ¼
1

N þ 1
: ð5Þ
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If setting the detection threshold to K, (that is, when z is not less than K, a cut

frame is determined; otherwise no cut is detected), we can calculate the FAR Pn as

follows.
Pn ¼
XN
L¼K

P ðz ¼ LjH0Þ ¼
XN
L¼K

1

N þ 1
¼ N þ 1� K

N þ 1
: ð6Þ
Based on the above deduction, we can conclude that the FAR Pn is independent of

the video sequences� distributions. As a result, by choosing N and K carefully as

indicated in (7), the FAR and thus the precision performance of the algorithm can be

controlled.
K ¼ ðN þ 1Þð1� PnÞ: ð7Þ

In fact, the idea resident in the proposed algorithm is to replace the Bayesian
criterion that to what degree the feature of the current frame is larger than those

of the references, by a new criterion that the feature of the current frame is larger

than those of how many reference frames. Such a replacement provides some new

benefits. The most important one is that now we are able to evaluate and thus

control the precision performance of the detection algorithm at the designing

stage.

After deriving the false-alarm ratio of the proposed algorithm, we will also eval-

uate the miss-detection ratio. For this purpose, we have to know the prior distribu-
tion of the visual feature used. In this paper, the empirical distribution of the visual

discontinuity formulated in (Hanjalic and Zhang, 1999) for both cut and regular

frames are used.

For regular frames,
p0ðxiÞ ¼
4

3
x4i e

�2xi : ð8Þ
For cut frames,
p1ðxcjH1Þ ¼
1ffiffiffiffiffiffi
2p

p
r
e�ðxc�lÞ2=2r2 : ð9Þ
Then, we have
R ¼
Z þ1

xc

p0ðxiÞdxi ¼
e�2xc

24
ð16x4c þ 32x3c þ 48x2c þ 96xc þ 24Þ: ð10Þ
In the following deductions, we will simplify the expression of R by only maintaining

the first two items:
R ¼ e�2xc

24
ð16x4c þ 32x3cÞ: ð11Þ
When N is not a very large number, for l ¼ 42, r ¼ 10 (the parameters used in

Hanjalic and Zhang, 1999), it can be proved that the approximation is reasonable.

Substitute Eq. (11) into (4), we have (see Appendix C)



Table

Typica

Num

(a) F

10

15

20

25

30

(b) F

10

15

20

25

30

Pn

(c) N
5

10

20

30

40
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pðz ¼ LjH1Þ

¼ 1

2
ffiffiffiffiffiffi
2p

p
r
CL

N

XL

j¼0

ð�1ÞjCj
L

2

3

� 	N�Lþj

e�ðl2�a2Þ=2r2
XN�Lþj

m¼0

Cm
N�Lþj2

N�Lþj�m

�
Xt

i¼0

Ci
tð�aÞi

ffiffiffi
2

p
r

� 	t�iþ1

C
t � iþ 1

2
;
a2

2r2

� 	
; ð12Þ
where t ¼ 3ðN � Lþ jÞ þ m , a ¼ 2r2ðN � Lþ jÞ � l.
Then the miss-detection ratio (MDR) Pm is computed as follows:
Pm ¼
XK�1

L¼0

pðz ¼ LjH1Þ: ð13Þ
Some typical values of the MDR Pm calculated from Eq. (13) are shown in Table 2.

The probability density function formulated in (Hanjalic and Zhang, 1999) is used in

Table 2a. Furthermore, in order to verify the formula deduced, we use the true

statistics of a video sequence News1 in Tables 2b and c. As shown, Pm decreases

monotonously with increasing Pn. And when Pn is fixed, Pm increases with increasing

N approximately.

As shown above, we really achieve a constant false-alarm ratio and a calculable

miss-detection ratio. When mapping these two ratios to precision and recall, some
new problems arise. From (6), with a reasonable assumption that the average shot

length is several hundreds of frames, in order to get a precision of about 90%, we
2

l MDR values

ber of reference frames N Threshold K Miss detection ratio Pm

AR Pn ¼ 10%, l ¼ 42, r ¼ 10

9 8.1907e) 005

14 9.4208e) 005

18 6.8401e) 005

23 7.2907e) 005

27 1.6143e) 004

AR Pn ¼ 10%, l ¼ 76:8;r ¼ 29:3

9 0.0024

14 0.0026

18 0.0023

23 0.0024

27 0.0106

Threshold K Miss detection ratio Pm

¼ 20, l ¼ 76:8;r ¼ 29:3

% 19 0.0028

% 18 0.0023

% 16 0.0018

% 14 0.0016

% 12 0.0015
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need a false-alarm ratio of less than 0.1%. That is to say, we should have an N no less

than 1000. Such a large number will be a challenge for the simplification from (10) to

(11). In order to tackle this problem, we modified the definition of the current frame�s
rank a little as below.
Table

Statist

Sequ

Shak

The

New

Mod
Cðx; xiÞ ¼
1; x > xi þ d;
0; x < xi þ d;

�
ð14Þ
where d is an experimental constant. The main idea here is to reduce the false alarm
ratio by introducing a more restricted condition for cut detection, so that we can

achieve an acceptable precision performance with a relatively smaller N . The detailed

selection of d will be finally determined through experiments in Section 3.
3. Simulation results

In order to test the performance of the proposed cut detection algorithm, we car-
ried out a series of experiments as follows. In our experiments, Windows 2000

running on a 2-GHz Pentium-IV PC is used for the simulation platform. Three

CIF-format video sequences (available at ftp://msplab.ee.tsinghua.edu.cn/pub/Vid-

eoSequence/), with nearly 100,000 frames, or 100min long, are used:

Shakespeare in Love: 11,837 frames and 121 cuts.

The Others: 27,599 frames, 169 cuts and five gradual transitions.

News1: 57,400 frames, 303 cuts and 34 gradual transitions.

The first two sequences are extracted from video CDs, which contain medium mo-
tions and the luminance level all over the sequences is relatively low; the third one is

a standard MPEG-7 test sequence which contains various local and global motions

and many gradual transitions. The ground truths of cut occurrences in The Others

and Shakespeare in Love are labeled by human beings, while that of News1 is pro-

vided with the MPEG-7 CD. The statistical characteristics of these three sequences

are calculated and listed in Table 3.

At first, the sensitivities of some experimental parameters to the detection perfor-

mance of the proposed algorithm are investigated. Fig. 2 shows the detection perfor-
mance for sequence News1 with different parameter settings.

From Fig. 2, we firstly see that introducing the CFAR operation can greatly in-

crease the precision performance of cut detection, no matter what N , K and d are.

Especially, for the parameters N and K used (which correspond to a false-alarm ratio
3

ical characteristics of visual discontinuity of cut frames

ence Mean value l Standard deviation, r

espeare in Love 33.1 20.5

Others 31.7 16.4

s1 76.8 29.3

el used in Hanjalic and Zhang (1999) 42 10

ftp://msplab.ee.tsinghua.edu.cn/pub/VideoSequence/
ftp://msplab.ee.tsinghua.edu.cn/pub/VideoSequence/


Fig. 2. Detection performance for sequence News1 with difference parameters. (A) Precision performance. (B) Recall performance.
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of 10%), we can get more detailed discussions as below. If following the assumption

that each shot contains approximately several hundreds of frames, such a false-alarm

ratio will lead to a very poor precision. In fact, when using (3) to compute the rank

(see the points corresponding to d ¼ 0), the experimental results coincide with this

analysis. On the other hand, we find that by replacing (3) with (14), the precision per-
formance is much more increased with increasing d. For example, when d ¼ 26:7 for

N of only 30 or less, we have achieved a precision of about 90%. This is very mean-

ingful for practical implementation, because we cannot always accumulate the infor-

mation of a very large number of reference frames.

Among all these results shown in Fig. 2, we find that those when N ¼ 15 and

K ¼ 14 are relatively insensitive to the value of d. And when d ¼ 26:7 it is the

best compromise between precision and recall. As a result, these parameter set-

tings are used for a typical performance to be compared with other cut detection
algorithms.

In the second experiment, we compare the performance of our CFAR algorithm

(denoted as C-1) with some previously proposed cut detection algorithms, which in-

clude the global luminance histogram method (denoted as H-1) (Zhang et al., 1993),
Fig. 3. Comparison of the proposed algorithm with several reference algorithms. (A) Shakespeare in Love.

(B) The Others. (C) News1.
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the global hue histogram method (Lupatini et al., 1998) (denoted as H-2), the motion

compensation based algorithm (Shahraray, 1995) (denoted as M-1), and the central

moment based algorithm (Fernando et al., 2000) (denoted as S-1). The operating

curves for different test sequences are shown in Fig. 3.

The results listed above show that the proposed algorithm is quite good as
compared to the previous works, especially for the precision performance. We

can take the sequence News1 as an example. For this sequence where there

are quite a number of gradual transitions, we can see that our method results

in much less number of false alarms than others. In other words, our method

leads to over 10% higher precision when the recall performance is at the same

level as other methods. This is just what we expect at the design stage. In fact,

from the results of the other two sequences, we can also come to the similar

conclusion.
Finally, we will count on the computational complexity and memory occupation

of the proposed algorithm. As seen in Section 2, the visual discontinuity is calculated

for each frame. For this purpose, block-based motion estimation should be carried

out for uncompressed video sequences. That can be accomplished in real time.

(For compressed sequences, the motion vectors are already available in the bit

streams so that these computations can be saved.) The calculations of the sum of

ranks are just some comparisons and additions, which can be neglected as compared

to motion estimation. In the proposed algorithm, we make use of the information in
the previous N frames to guarantee a CFAR, only one float need allocating to store

the value of visual discontinuity for each frame. Thus the total memory usage is

acceptable.

Through the above experiments and discussions, we can come to the conclusion

that the proposed CFAR technique can successfully restrict the precision perfor-

mance in a given range by selecting a prior threshold, and the recall performance

of the algorithm is also very good as compared to the previous detection algorithms.
4. Conclusions

In this paper, a novel video cut detection algorithm with constant false-

alarm ratio is proposed. Utilizing the CFAR concept from radar signal detec-

tion, the proposed algorithm leads to a very attractive performance in sense of

a controllable false alarm ratio and high detection accuracy. Simulation

results show that this algorithm is very effective as compared to the previous
works.
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Appendix A
R ¼
Z 1

xc

p0ðxiÞdxi ) 1� R ¼
Z xc

�1
p0ðxiÞdxi;

P ðz ¼ LÞ ¼ CL
N

Z þ1

�1
p1ðxcÞð1� RÞLRN�L dxc;

* R < 1; ð1� RÞL ¼
XL

j¼0

ð�1ÞjCj
LR

j;

P ðz ¼ LÞ ¼ CL
N

XL

j¼0

ð�1ÞjCj
L

Z þ1

�1
p1ðxcÞRN�Lþj dxc:
Appendix B
* p1ðxcjH0Þ ¼ p0ðxcÞ;

P ðz ¼ LjH0Þ ¼ CL
N

XL

j¼0

ð�1ÞjCj
L

Z þ1

�1
RN�Lþjp0ðxcÞdxc

¼ CL
N

XL

j¼0

ð�1ÞjCj
L

Z þ1

�1
RN�Lþjp0ðxiÞdxi:

* dR ¼ �p0ðxiÞdxi;

P ðz ¼ LjH0Þ ¼ CL
N

XL

j¼0

ð�1Þjþ1Cj
L

Z 0

1

RN�Lþj dR

¼ CL
N

XL

j¼0

ð�1Þjþ1Cj
L

1

N � lþ jþ 1
RN�Lþjþ1

����
0

1

¼ CL
N

XL

j¼0

ð�1ÞjCj
L

1

N � Lþ jþ 1
:

Considering that
XL

j¼0

ð�1Þj

aþ j
Cj

L ¼
L!

aðaþ 1Þ � � � ðaþ LÞ ;
we have
P ðz ¼ LjH0Þ ¼
1

N þ 1
:
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Appendix C

Let a ¼ 2r2ðN � Lþ jÞ � l,
pð
pðz¼ LjH1Þ¼CL
N

XL

j¼0

ð�1ÞjCj
L

2

3

� 	N�LþjZ þ1

0

1ffiffiffiffiffiffi
2p

p
r
e�ðxc�lÞ2=2r2e�2ðN�LþjÞxc

�ðx4c þ2x3cÞ
N�Lþj

dxc;

¼CL
N

XL

j¼0

ð�1ÞjCj
L

2

3

� 	N�LþjZ þ1

0

1ffiffiffiffiffiffi
2p

p
r
e�ðl2�a2Þ=2r2e�ðxcþaÞ2=2r2

�
XN�Lþj

m¼0

Cm
N�Lþj2

N�Lþj�mx3ðN�LþjÞþm
c dxc;

¼ 1ffiffiffiffiffiffi
2p

p
r
CL

N

XL

j¼0

ð�1ÞjCj
L

2

3

� 	N�Lþj

e�ðl2�a2Þ=2r2
XN�Lþj

m¼0

Cm
N�Lþj2

N�Lþj�m

�
Z þ1

0

e�ðxcþaÞ2=2r2x3ðN�LþjÞþm
c dxc:
Let t ¼ 3ðN � Lþ jÞ þ m and y ¼ xc þ a, then
z ¼ LjH1Þ

¼ 1ffiffiffiffiffiffi
2p

p
r
CL

N

XL

j¼0

ð�1ÞjCj
L

2

3

� 	N�Lþj

e�ðl2�a2Þ=2r2
XN�Lþj

m¼0

Cm
N�Lþj2

N�Lþj�m

�
Z þ1

a
e�y2=2r2ðy � aÞt dy;

¼ 1ffiffiffiffiffiffi
2p

p
r
CL

N

XL

j¼0

ð�1ÞjCj
L

2

3

� 	N�Lþj

e�ðl2�a2Þ=2r2
XN�Lþj

m¼0

Cm
N�Lþj2

N�Lþj�m
Xt

i¼0

Ci
tð�aÞi

�
Z þ1

a
e�y2=2r2yt�i dy;

¼ 1

2
ffiffiffiffiffiffi
2p

p
r
CL

N

XL

j¼0

ð�1ÞjCj
L

2

3

� 	N�Lþj

e�ðl2�a2Þ=2r2
XN�Lþj

m¼0

Cm
N�Lþj2

N�Lþj�m

�
Xt

i¼0

Ci
tð�aÞi ð

ffiffiffi
2

p
rÞt�iþ1

Z þ1

a2=2r2
e�yy

t�iþ1
2

�1ð Þ dy;

¼ 1

2
ffiffiffiffiffiffi
2p

p
r
CL

N

XL

j¼0

ð�1ÞjCj
L

2

3

� 	N�Lþj

e�ðl2�a2Þ=2r2
XN�Lþj

m¼0

Cm
N�Lþj2

N�Lþj�m
Xt

i¼0

Ci
tð�aÞi

� ð
ffiffiffi
2

p
rÞt�iþ1C

t � iþ 1

2
;
a2

2r2

� 	
;
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where
C
t � iþ 1

2
;
a2

2r2

� 	
¼ C

t � iþ 1

2

� 	
� c

t � iþ 1

2
;
a2

2r2

� 	

¼ C
t � iþ 1

2

� 	
�
Xþ1

h¼0
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