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ABSTRACT
In this paper, we present a robust and efficient approach
which is capable to simultaneously detect various shot bound-
aries in a unified way. The proposed approach first detects
general shot boundaries based on the idea of Fisher criterion,
and then classifies them into two categories, cut and gradual
transition (GT), by an SVM classifier. Further computation
is performed for the GT shot boundaries to expand rough
boundary locations between two frames into the transition
interval consisting of all the transitional frames. Finally,
a postprocessing module is employed to merge overlapped
transitions. The evaluation experiments show that the pro-
posed approach has the impressive performance in both effi-
ciency and accuracy, and outperforms the best results of all
the participants of TRECVID 2006.

Categories and Subject Descriptors
H.3.1 [Information Storage and Retrieval]: Content
Analysis and Indexing—Abstracting methods; I.2.10 [Artificial
Intelligence]: Vision and Scene Understanding—Video anal-
ysis

General Terms
Algorithms, Management

Keywords
fisher criterion, shot boundary detection

1. INTRODUCTION
Shot boundary detection(SBD) is a fundamental stage of

high-level automatic video content analysis task, e.g., au-
tomatic indexing, browsing and retrieval of videos. Shot
boundaries can be broadly categorized into two types: cut
and gradual transition(GT). The GT has transitional frames
between adjacent shots while the cut does not. According
to the different editorial styles, the GT can be further clas-
sified into various transition types, such as dissolve, wipe,
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fade-in and fade-out(FIFO), etc.. The main challenges in
the SBD task lie in three aspects, i.e., detection of GTs, the
disturbance caused by abrupt illumination change and the
disturbance of fast object/camera movements [12]. The SBD
is not a fresh problem in the last two decades. A lot of SBD
methods have been proposed and they mainly differ in three
aspects: feature representations of visual content of frames,
inter-frame continuity measure and classification or detec-
tion models. Various feature representations are utilized,
including pixel-based [13], histogram [3, 4, 12], edge infor-
mation [10], motion information [9] and the combination of
the aforementioned features [1, 6, 8]. Previous works [1][5]
show that the histogram feature is of less computational cost
than other features, and it can achieve satisfactory results.
The crucial step of the SBD task is to measure the difference
of visual contents of adjacent frames. Most methods [1, 7,
10, 13] calculate continuity measure only by pairwise frame
comparison, which is sensitive to the disturbances mentioned
above due to neglecting contextual information. So some re-
searchers [4, 12] incorporate the information of a group of
consecutive frames into the computation of continuity mea-
sure to make the SBD more robust. Yuan et al. [12] pro-
pose a method that can effectively alleviate the disturbances
caused by abrupt illumination change due to considering
contextual information and obtain the best performance in
the evaluation of TRECVID 2006 [11]. However, it still suf-
fers from the disturbance of fast object/camera movement.
In the early work [6], thresholding scheme was widely em-
ployed in the decision procedure, but most recent systems
[3, 4, 8, 9, 12] tend to utilize machine learning methods to
classify the continuity measure. Moreover, many methods
tend to employ complicated features and continuity mea-
sure computation methods to improve accuracy at the cost
of efficiency. But as a basic stage of high-level video content
analysis task, the efficiency and the simpleness of implemen-
tation are also of great importance.

In this paper, we propose a robust and efficient SBD ap-
proach which is capable to detect different kinds of shot
boundaries in a unified framework. Compared with other
unified frameworks [2, 3, 6, 8], the proposed framework
is mainly distinct in ignoring the types of shot boundaries
when we identify shot boundaries from frame sequence. The
proposed approach first detects general shot boundary loca-
tions based on the idea of Fisher criterion, and then classifies
them into two categories, cut and GT, by an SVM classifier.
Compared with the cut boundaries, further computation is
performed for the shot boundaries of GT type to expand
from rough boundaries between two frames to the transition
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interval consisting of all the transitional frames. Finally,
a post-processing module is employed to merge overlapped
transitions.
The remainder of this paper is organized as follows. The

unified shot boundary localization approach is introduced in
Section 2. Section 3 presents the classifier of shot boundary
types. In section 4, we describe the expansion algorithm
for GT boundaries and the post-processing module. The
experimental results are reported in Section 5 and Section 6
concludes this paper.

2. SHOT BOUNDARY LOCALIZATION
The shot detector in the proposed method locates the cut

and GT boundaries in a unified computation way, where GT
boundaries are treated just as cut boundaries. In this step,
the related computation aims to find the coarse location of
GT boundaries instead of all its transitional frames.

2.1 Representation of Video Frames
As aforementioned, histogram feature is an appropriate

representation of video frame. Here we adopt a more com-
pact color histogram to reduce the computational complex-
ity in frequent computing the similarities between video frames.
For a color video frame, color histogram is respectively com-
puted for color channels R,G,B and then they are concate-
nated into our histogram representation. If each color chan-
nel is quantized into d bins, the compact histogram has only
3d bins which is much less than the d3 bins of the conven-
tional color histogram. Additionally, to enhance the descrip-
tive power of this compact representation, we first partition
a video frame into n blocks, and then extract the compact
histogram of each block and concatenate them together, i.e.,

H̃ = [h⊤
r,1,h

⊤
g,1,h

⊤
b,1, . . . ,h

⊤
r,k, . . . ,h

⊤
r,n,h

⊤
g,n,h

⊤
b,n] (1)

where hr,k,hg,k,hb,k denotes the histogram of the kth block
of R,G,B channels respectively. The normalized represen-
tation H = {hijk} = 1

3K
H̃ will be used in the following

computations, where hijk denotes the kth bin of the his-
togram corresponding to the jth block of the ith channel,
K denotes the number of pixels in each frame.

2.2 Computation of Continuity Measure
From the perspective of classification, different shots can

be regarded as different classes. Thereby we take the prob-
lem of SBD as constantly locating frames that can well cat-
egorize the frames before and after it into different classes.
Inspired by the well-known Fisher criterion function in linear
discriminant analysis(LDA), we define the continuity mea-
sure between frames as,

C(t) =
4× r × S(m−

t,t−r+1,m
+
t+1,t+r)

t∑
i=t−r+1

S(Hi,m
−
t,t−r+1) +

t+r∑
i=t+1

S(Hi,m
+
t+1,t+r)

,

(2)
where t is the index of current frame, parameter r charac-
terizes the range of neighboring frames involved in the SBD
computation, Hi is the normalized histogram of frame i.
m−

u,v denotes the mean of histograms from frame v to frame
u (u ≥ v), and m+

u,v denotes the mean of histograms from
frame u to frame v (u ≤ v), and they are computed through,

m−
u,v =

u∑
i=v

w(u− i)×Hi, (3)

m+
u,v =

v∑
i=u

w(i− u)×Hi, (4)

w(x) =
1

1+x∑|u−v|
i=0

1
1+i

. (5)

Here we adopt a weighting mechanism to indicate the biases
for the neighboring frames of current frame in the compu-
tation of the backward and forward mean histograms, m−

u,v

and m+
u,v, where the larger weight is given to the frame that

is closer to the current frame in temporal axis. Our related
experiments show that the weighted mean histogram can
effectively suppress the disturbance of fast camera/object
movements. The similarity function S(Hp,Hq) between his-
tograms Hp and Hq is defined as,

S(Hp,Hq) =
∑
k

min(Hp(k),Hq(k)), (6)

where Hi(k) denotes the kth entry of histogram Hi. In
Equation (2), the numerator part measures the content sim-
ilarity between two groups of frames before and after the
current frame, while the denominator part measures the to-
tal compactness of the two groups of frames.

To make our detector more robust, we exploit the con-
tinuity measure values corresponding to a group of frames
around the current frame to form continuity feature vec-
tor ft for the following decision computation instead of only
considering the continuity measure of current frame, i.e.,

ft = [C(t− r′ + 1), . . . , C(t), . . . , C(t+ r′)] (7)

where parameter r′ defines the range of the involved neigh-
boring frames in computing continuity feature.

2.3 Locating Shot Boundaries
To make the SBD computation much efficient, our ap-

proach first employs a simple histogram comparison between
two consecutive frames to identify potential shot boundaries.
Concretely, if S(Ht,Ht+1) > Tp, where Tp is a pre-defined
threshold, frame It and frame It+1 belong to the same shot,
i.e., there is no shot boundary between them. Otherwise,
the corresponding continuity feature vector ft is computed,
and if the following condition depicted by equation 8 does
not hold, there is also no shot boundary between frame It
and frame It+1.

t = argmin{C(t− r′ + 1), . . . , C(t), . . . , C(t+ r′)} (8)

If it holds, an SVM classifier is used to judge whether a shot
boundary exist between frame It and frame It+1 based on
the feature ft. The algorithm of locating shot boundaries is
summarized in Algorithm1.

In this stage, the cut and GT boundaries are processed in
the unified way. For the case of GT, we only expect that
frame It and frame It+1 as a part of all transition frames
are correctly identified, and the following computation will
further refine the coarse description of GT boundaries.

3. CLASSIFICATION OF SHOT BOUNDARY
LOCATION

For the obtained shot boundary locations in Section 2.3,
another SVM classifier is trained and employed to classify
them into cut and GT types. As shown in Figure 1, there is

702



Algorithm 1: The Algorithm of Our Shot Boundary
Localization Method

input : frame sequence of video {Ii, i = 1, 2, · · · , N}
output: list of shot boundary locations Γ
Step 1: extract the feature representations {Hi} ;
Step 2: for t = 1 to N − 1 do

if S(Ht,Ht+1) ≤ Tp then
compute the continuity feature vector ft;
if ft satisfies Equation 8 then

if svm predict(ft) == 1 then
put boundary location (t, t+ 1) into Γ;

end

end

end

end
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Figure 1: The similarity curves of cut and GT, shot
boundaries are located at index = 5.

a great difference between the similarity curves around cut
shot boundaries and those around GT boundaries. Assume
that there is a shot boundary location π between frame It
and It+1, the similarity values of frames around π are signif-
icantly higher than that at π, S(Ht,Ht+1), if π is associated
with cut type. But, for the case of GT, except FIFO, the
similarity values of frames, S(Ht−µ,Ht−µ+1), on the two
sides of π are close to S(Ht,Ht+1) at least on one side, i.e,
when µ > 0 or µ < 0, since the shot boundary location
π possibly lies at the start, middle, or end position of the
gradual transition interval. Therefore, we adopt the similar-
ity values of frames around shot boundary location π as the
feature vector

f̃t = [St−τ+1,t−τ+2, . . . , St,t+1, . . . , St+τ,t+τ+1] (9)

to classify the boundary types of location π into cut and
GT, where Su,v = S(Hu,Hv), and τ specifies the range of
frames involved.
Since the experiments show that the similarity curves around

FIFO locations has similar characteristic to those around cut
locations, we employ an individual method to identify FIFO
locations before we utilize the SVM to classify boundary lo-
cations into cut and GT. The FIFO transitions are always
associated with a group of monochrome frames, and our
system identifies FIFO locations by checking whether there
exists a frame around the shot boundary location π whose

monochrome value M is lower than a predefined threshold
To. Parameter δ specifies the neighborhood range and the
monochrome value M of a frame can be computed based on
the normalized histogram H defined in subsection 2.1. For
each channel i, the mean mi and variance σ2

i of intensities
are computed by

mi =

n∑
j=1

d∑
k=1

k × 3× hijk, (10)

σ2
i =

n∑
j=1

d∑
k=1

k2 × 3× hijk −m2
i . (11)

For a monochrome frame, the pixel intensities vary little no
matter intra-channel or inter-channel, so we defines monochro-
maticity M as

M =

3∑
i=1

σ2
i +

3∑
i=1

(mi −
∑3

j=1 mj

3
)2. (12)

4. EXPANSION OF GT AND POST PROCESS-
ING

Based on the fact that the similarity value between two
adjacent frames within a shot is usually higher than that
within the transition interval of GT (except FIFO), we ex-
pand the interval bidirectionally starting from the GT loca-
tion until it occurs two times in succession that the similarity
value of adjacent frames is higher than a pre-defined thresh-
old Ts or the temporal distance away from the GT location
exceeds a threshold Ta. Since the similarity value between
two monochrome frames is as high as frames within a shot,
we utilize an individual expansion method for the case of
FIFO. We expand the interval until the monochrome values
of two successive frames are both lower than a pre-defined
threshold Tm or the temporal distance away from the FIFO
location exceeds a threshold Ta.

In the computation of locating shot boundaries in subsec-
tion 2.3, multiple boundary locations may be detected for
the same GT interval, so the GT intervals which overlap each
other are merged into one interval in the post-processing
step.

5. EXPERIMENTS AND RESULTS
We evaluate the proposed approach through two groups of

experiments. The first group of experiments are conducted
to evaluate the effectiveness of the continuity feature us-
ing weighting computation (Weighted Fisher) via compar-
ing it with the method without the weighting mechanism
(Fisher), as well as the state-of-the-art Graphcut method
[12]. The test dataset contains 17 video clips with 144737
frames and 783 cut boundaries, and many shots involves
fast object/camera movements. We adopt the thresholding
scheme to identify shot boundaries, i.e., if t = argmin{C(t−
r′ + 1), . . . , C(t), . . . , C(t + r′)} and C(t) ≥ ξ hold, there
is a shot boundary between frame It and It+1, where we
choose r = r′ = 5, so that we can obtain the recall-precision
curves by varying threshold ξ. The experimental results
are shown in Figure 2, which indicates that the proposed
Weighted Fisher method is robust to the disturbance of fast
object/camera movements and the weighting mechanism is
valid in improving detection performance.
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Figure 2: The recall-precision curves of three conti-
nuity measure computation methods

Table 1: The Comparison of Results on TRECVID
2006 Dataset

Recall Precision F1 Measure

ALL
Best06 0.837 0.908 0.871
Our 0.875 0.891 0.883

CUT
Best06 0.868 0.944 0.904
Our 0.954 0.910 0.931

GT
Best06 0.775 0.858 0.814
Our 0.801 0.870 0.834

In the second group of experiments, we evaluate the pro-
posed SBD approach by comparing it with the best results
of TRECVID 2006 on the platform of TRECVID bench-
mark [11]. The most challenging TRECVID 2006 dataset is
chosen as test data [11] and the TRECVID 2005 dataset is
used for training. In the experiments, the parameters are
chosen as follows: n = 4, d = 16, r = r′ = τ = δ = 5,
Tp = Ts = 0.95, To = 1, Tm = 8, Ta = 100. We select
radial basis function as the kernel function and the param-
eters of SVM are decided via cross validation. The perfor-
mances of methods are measured via precision P , recall R,
and F1 = 2RP

R+P
. The comparison results are summarized in

Table 1. It should be emphasized that those best results in
Table 1 are not yielded by the same participant, but the best
in the separate aspects, i.e., all transitions, cuts and GTs.
Apparently, the proposed approach outperforms almost all
the best results reported in TRECVID 2006, especially on
P, F1. The further experimental analysis shows that most
false alarms are caused by artistic camera edits and gradual
illumination changes and most missed ones result from the
shots with temporal length less than r. Additionally, the
diverse types of video-in-video also bring about many false
alarms and omissions. Our algorithm is implemented on a
Pentium Dual 1.80 GHz machine and the total runtime is
1120s (including decode time, 1.876ms per frame), which is
among the fastest speeds reported in TRECVID 2006.

6. CONCLUSION
We present a robust and efficient SBD approach which is

capable to simultaneously detect cut and GT boundaries in
a unified way. The proposed approach utilizes the Fisher
criterion to locate shot boundaries, and the introduction

of weighting mechanism into computing continuity measure
can effectively alleviate the disturbances of fast object/camera
movements. It has impressive performance and outperforms
the best results of TRECVID 2006 in both efficiency and ac-
curacy. In the future, we expect to deal with various types
of video-in-video to further enhance the performance of our
system.
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