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ABSTRACT

This paper proposes a shot-based key frame selection technique, aiming at generating a condensed set of frames representing the essential content of a video sequence. Inspired
by the successful utilization of Jensen-Shannon Divergence
(JSD) and Jensen-Rényi Divergence (JRD) for key frame selection [1] [2], we investigate several popularly accepted f divergences for calculating the frame-by-frame distance to
segment the video clip and then to obtain the key frames.
Based on simulation and real test videos, the performances
of the key frame selection method by using different versions
of f -divergences are systematically analyzed. Extensive experimentation shows that, compared with the methods using
JSD and JRD, the new technique is slightly better and computationally faster.
Index Terms— key frame selection, f -divergences,
Jensen-Shannon Divergence (JSD), Jensen-Rényi Divergence
(JRD)
1. INTRODUCTION
Digital videos are becoming more and more critical in many
application fields, such as content-based video analysis, video
skimming and retrieval, due to the popularity of video capture devices. Especially, with the development of interactive
digital TV and with the explosion of Internet videos, a fast
and good understanding of video clips of any kind is highly
demanded. Key frames of a video, which are the reduced
set of still images depicting the visual content of the original
video data, keep us from the heavy load of the large video data
and meanwhile, provide us with a quick grasp of the original
video contents.
For the sake of dealing with video clips of any kind,
the shot-based key frame selection approaches through using
the general information theoretic measures, such as JensenShannon Divergence (JSD) and Jensen-Rényi Divergence
(JRD), have been presented with very good results [1] [2].
However, the weighted average of probability distributions is
Qing Xu is the corresponding author.

involved in the calculation of JSD and JRD, which requires
high computational costs. Apparently this is not so good for
the fast video key frame selection, which is critically required
in many current applications such as the browsing of mobile
videos [3] [4]. Motivated by employing the divergences that
are more efficiently computed, we propose to exploit several
widely used f -divergences (FDs) for shot-based key frame selection. In total, four versions of FDs, exactly speaking, Chisquare distance (χ2 ) and square root of Chi-square distance
(χ), Hellinger distance (h2 ) and square root of Hellinger distance (h), are studied in depth in this paper.
It is undoubtedly meaningful for a user to choose which
kind of FDs to be applied in the key frame selection for his
specific purpose in real practice. Generally real videos include both abrupt and gradual scene changes. In fact, the
videos just with abrupt scene changes are relatively easy for
key frame selection. However, the handling of video data
with gradual scene changes, usually including several possible cases such as dissolve, fade in/out, zoom in/out, object
and camera motions, is more difficult [5] [6]. So we specially
devise a set of simulation test videos with gradual transitions
and, each simulation video contains only one case mentioned
above, in order to clearly evaluate the detailed performances
by different versions of FDs used for key frame selection. Extensive experimentation additionally indicates our proposed
shot-based computational mechanism using FD is efficient
and also effective.
The remainder of this paper is organized as follows. In the
next section, related work for key frame extraction algorithms
is reviewed. Our key frame selection technique is detailed in
section 3. Section 4 describes the simulation videos we designed and experimental results. The final section 5 concludes
the paper.
2. RELATED WORK
For the sake of this paper, the key frame selection techniques using information theoretic measures are reviewed.
Černeková et al. [6] propose a method based on mutual information (MI) and joint entropy (JE) to evaluate the simi-
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larity between contiguous video frames. Abrupt cut and fade
boundaries are respectively detected where the MI and JE are
abruptly decreased, and then key frames are selected from
each shot. Mentzelopoulos and Psarrou [7] employ the Shannon entropy of the image probability distribution. The distance of Shannon entropy is computed between the last defined key frame and the current frame, which will be taken as
a new key frame if this distance is sufficient enough. Omidyeganeh et al. [8] use the coefficients of the wavelet transform
subbands to obtain the features of video frames. Based on
these features, the Kullback-Leibler distance is employed as
the similarity measure to segment a video into shots and clusters. For each cluster, the video frame, which is closest to
all its neighboring frames in this cluster and differs from the
frames outside this cluster, is selected as the key frame. In [1]
and [2], JSD and JRD are respectively utilized as the metrics
to calculate the difference of video frames to identify the shots
and subshots, and then to obtain the key frames.
3. F-DIVERGENCES KEY FRAME EXTRACTION
METHOD
A video can be considered as a succession of shots, each representing an event or continuous success of actions [9]. In our
approach, the video stream is divided into non-overlapping
shots and then into subshots, and one frame is chosen for each
subshot. The f -divergence is here provide us the metric for the
distance of consecutive frames.
3.1. F-divergences distance measure
Given a convex function f : [0, ∞) → R, the f -divergence
of the probability distributions p = {p1 , p2 ...pn } and q =
{q1 , q2 ...qn } is given by
Xn
pi
FD(p||q) ≡
qi f ( ).
(1)
i=0
qi

The f -divergence is introduced by Csiszár [10] and Ali & Silvey [11] as a measure of discrimination between two probability distributions.
Coinciding with different convex functions f , some particular cases of f -divergences [12] between the ith frame and
(i+1)th frame in a video are defined. In the following, we take
x > 0.
• Chi-square distance [13]
If f (x) = (x − 1)2 , the Chi-square distance is given by
χ2 (fi , fi+1 ) =

Xn

j=0

(pi,j − pi+1,j )2
;
pi+1,j

• Square root of Chi-square distance [14]
s
Xn (pi,j − pi+1,j )2
χ(fi , fi+1 ) =
;
j=0
pi+1,j

(2)

(3)

• Hellinger distance [15]
√
1
If f (x) = (1 − x)2 , the Hellinger distance is given
2
by
2

h (fi , fi+1 ) =

Pn

j=0

√
√
( pi,j − pi+1,j )2
2

;

(4)

• Square root of Hellinger distance [16]
h(fi , fi+1 ) =

sP

n
j=0

√
√
( pi,j − pi+1,j )2
2

,

(5)

where {pi,0 , pi,1 , · · · , pi,n } is the probability distribution of
gray level, corresponding to the normalized intensity histogram distribution of the ith frame, assuming that the video
gray levels vary form 0 to n. Notice, the distance between
frames is the sum of correspondences for the three RGB
channels. FD(fi ||fi+1 ) represents χ2 (fi , fi+1 ), χ(fi , fi+1 ),
h2 (fi , fi+1 ) or h(fi , fi+1 ).
3.2. Key frame extraction method
In our approach, the FDs between each pair of two consecutive frames are calculated by using (2)-(5). A spike of FD
indicates the existence of a shot boundary. In order to locate
FD
, where FDw is the lospikes, a ratio is defined as δ = FD
w
cal mean of FD on a w size window (nw = 5 in this paper).
A shot boundary is identified where δ is greater than a predetermined threshold δ ∗ .
Next, each shot is divided into several subshots (note that
if the content change of a video shot is small then this shot
does not need to be divided into subshots). Within a shot,
a significant content change, which is probably caused by a
notable object/camera motion, could occur. The gradient of
FDw , calculated as ∆(i) = FDw (fi ||fi+1 ) − FDw (fi−1 ||fi ),
is employed to detect the significant content change. Considering that some minor perturbations of ∆ could exist, the
local mean of ∆ on a window, noted as ∆w , is actually used
for this sake. If |∆w (i)| is greater than a pre-defined threshold
∆∗w , then an obvious content change inside the shot appears
around the frame fi . The left and right closest frames to fi ,
fa and fb , which satisfy ∆w (fa ) ≃ 0 and ∆w (fb ) ≃ 0, are
respectively identified as the beginning and end of the significant content change. In fact, fa and fb are respectively the
left and right boundaries of a subshot [fa , fb ] with the significant content change. For a subshot with the significant
content change, the frame being most similar to all the others in this subshot is selected as the key frame of the subshot.
For a subshot without the significant content change, the center frame of it is extracted as a key frame. The procedure is
detailed in pseudo code (see details at algorithm 1). In this
paper, δ ∗ = 2.6, ∆∗w = 1.5 × 10−3 , ∇∗w = 5 × 10−6 are used
for the pre-established thresholds.

Algorithm 1 shot based key frame selection
Input: A video of N frames
Output: Key frames
1: for each frame fi (1 < i ≤ N ) do
2:
Compute FD(fi−1 ||fi );
3:
Compute FDw (fi−1 ||fi )
1 Pi+⌊ n2w ⌋
FD(fj−1 ||fj );
4:
FDw (fi−1 ||fi ) =
nw
nw j=i−⌊ 2 ⌋
FD(fi−1 ||fi )
5:
Compute δ(i − 1, i) =
;
FDw (fi−1 ||fi )
6:
if δ(i − 1, i) > δ ∗ then
7:
A shot boundary between fi−1 , fi is identified;
8:
end if
9: end for
10: for each shot do
11:
for each frame fi in the shot do
12:
Compute ∆(i) = FDw (fi ||fi+1 ) − FDw (fi−1 ||fi );
1 P i+⌊ n2w ⌋
13:
Compute ∆w (i) =
j=i−⌊ n2w ⌋ ∆(j);
nw
∗
14:
if |∆w (i)| > ∆w then
15:
a = max{j||∆w (fj )| ≤ ∇∗w ∧ i < j};
16:
b = min{j||∆w (fj )| ≤ ∇∗w ∧ i > j};
17:
end if
18:
end for
19: end for
20: for each subshot with significant content change do
21:
Locate the key frame fk of the subshot [fa , fb ]
Pb
22:
k = argmin{a < k < b| j=a FD(fk ||fj )};
23: end for
24: for each subshot without significant content change do
25:
Select the center frame as key frame;
26: end for

4. EXPERIMENTS ON SIMULATION AND REAL
TEST VIDEOS
The proposed key frame selection algorithm by FDs is compared with those by JSD and JRD. Extensive tests have been
performed based on simulation and real test videos. Simulation videos are specially designed for gradual transitions. And
the real test videos, including films, sports, advertisements,
news and so on, are obtained from the web site “The Open
Video Project” [17]. Generally a good entropic index used
for JRD takes a value in [0.4, 0.5): here 0.45 is used. Two
widely used objective quantitative measures, Video Sampling
Error (VSE) [18] and Fidelity (FID) [19], are used to evaluate the performances of key frame extraction methods. The
lower the VSE, the better the evaluated method is, and vice
versa. The higher the FID, the better the evaluated method
is, and vice versa. All the experimental results are obtained
based on a Windows PC with Intel Core i7 2.0 GHz CPU and
16GB RAM.
Table 1 lists the average runtime comparisons. The best

values are on bold. It is obvious that the methods by FDs get
higher efficiency, and this is due to the fact that FDs can be
computed faster than JSD and JRD.
Table 1. Average runtime by each method (seconds)
XXX
Methods
XX
Duration XXXX
XXX
of Test Videos
X
less than 30 seconds
30 seconds to 1 minutes
3 to 4 minutes
6 to 7 minutes
14 to 15 minutes

χ2

χ

h2

h

JRD

JSD

1
2.5
39
46
168

1
3
37.5
50
172

0.7
2.5
36.6
53
162

1.5
3
38.8
56
174

1.7
4.6
41
71
218

2
5
48
65
212

4.1. Experimental results on simulation videos
For testing and analyzing the key frame selection algorithms
on videos with gradual transitions, which are more difficult
to be handled than those only with hard cut, we devise six
types of simulation videos listed in Table 2. These simulation
videos are representative of the gradual transitions, including
“object motion”, “camera motion”, “object and camera motion”, zoom, fade, and dissolve. It is well known that gradual
transitions take place across a number of consecutive frames
and, the speed of different transitions in videos varies a lot. So
the speed of content change is an important feature of gradual transitions. In order to systematically analyze the proposed key frame selection technique based on four versions of
FDs, each type of simulation video is designed as a number
of concrete implementations with different speeds of content
change. The design method is that, with the given number
of key frames, a certain number of interpolation video frames
between the each two given key frames are obtained. A large
number of the interpolation video frames result in an implementation of simulation video with a slow speed of content
change. On the contrary, a small number of the interpolation
video frames lead to an implementation of simulation video
with a fast speed of content change. For the sake of this paper,
we define a metric “transition-rate” to represent the speed of
content change for the simulation video, as follows:
transition-rate =

number of the given key frames
.
number of frames

(6)

An example of a fade type simulation video is shown in Figure 3. Here the fade transition starts from a normal illuminated frame to an overexposed image, and continues to another frame with normal illumination. The two given key
frames are the first and last frames of this fade.
Table 2. Type of simulation videos
object motion
zoom
camera motion
fade
object and camera motion dissolve
Due to space limitations, only some of the VSE and FID
values by different methods on the simulation videos are exemplified in Figure 1. On the abscissa are the transition-rates
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0.6

0.4

50
6.3

3.1

1.6

0.8

0
2.5

transition−rate (x10−2)
0.44

0.35

0.6

0.5

0.435

0.34

0.58

0.33

0.56

0.32

0.54

0.29

1.3

0.6

40
2.5

0.3

transition−rate (x10−2)

0.52

0.3

50

50

100

0.62

0.31

55
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150

transition−rate (x10−2)

0.36

70

200

transition−rate (x10−2)

FID

110

150

1.3

transition−rate(x10−2)

0.3

transition−rate(x10−2)

0.64
0.63
0.62

0.43

0.48

45
0.6

0.62
0.6
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0.5

0.42
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0.6
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0.8
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transition−rate(x10−2)
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Fig. 1. The FID and VSE by different algorithms on the simulate videos

(a) Uniformly down-sampled images

(b) χ2

(c) χ

(d) h2

(e) h

(f) JRD

(g) JSD

Fig. 2. Comparison of different methods on “ViDeO4”

Fig. 3. An example of a fade type simulation video
of each video. Figures 1(a), 1(b), 1(d), and 1(e) point out that
FDs achieve superior results than JSD and JRD for videos in
types of “object motion”, “camera motion”, zoom and fade.
In the case of “object and camera motion”, the VSE and FID
by FDs are comparable with those by JSD and JRD. The performances by FDs for videos with dissolves are inferior to
those by JSD and JRD. As a result, we can speak that, in
general, the performances of FDs based key frame selection

methods are better than those of JSD and JRD based ones,
for videos with gradual transitions. As for the differences
between the schemes based on χ, χ2 , h and h2 , χ2 and h2
behave superior to χ and h, for videos with large content variations (in the high transition-rate). Whereas χ and h outperform χ2 and h2 , for videos with the low transition-rate.
Figure 2 exhibits the key frames selected by different
methods, for a “object motion” video clip “ViDeO4”. The
transition-rate of “ViDeO4” is 0.781 × 10−2 , which means
that the object motion is relatively slow. In this video, five
letters, V, i, D, e and O, come out in sequence with gradual
appearance transformations. The given key frames are the five

(a) Uniformly down-sampled images

(b) χ2

(c) χ

(d) h2

(e) h

(f) JRD

(g) JSD

Fig. 4. Comparison of different methods on “mCO1”
video images in which the five letters are exactly the V, i, D, e
and O. It can be noticed that the measure h achieves superior
results than the others, in terms of the complete video summarization with no duplication. The outputs by h correctly
present these five letters. Note also that the results by JRD
are acceptable, but the key frame for the letter “V” is not so
good.
Figure 4 shows the key frames extracted from a “object
and camera motion” video “mCO1”. The transition-rate of
“mCO1” is 5 × 10−2 , which means that the motion is fast.
In the video, a 2D object gradually transforms in the shapes
of triangle, star, oval and diamond, and in the meantime the
camera pans. The outputs by FDs can represent the video
content very well, and have no redundancy at all. However
the third key frame by JRD cannot present a complete shape.

4.2. Experimental results on real test videos
Table 3 shows the VSE and FID results from the six methods.
Clearly, FDs based methods outperform JSD and JRD with
real test videos.
A few of key frames selected from a clip of a movie with
large video content variations are shown in Figure 5. The
key frame selection algorithms based on four versions of FDs,
JSD and JRD obtain the same output, which can represent the
video very well and have no redundancy at all. The methods
based on FDs run on average 22% faster than those based on
JSD and JRD.

(a) Uniformly down-sampled images

Table 3. Measures by Different Methods
Video Name
Method VSE
FID
(No. of Frames)
χ2
64
0.617
χ
66
0.614
Lemon
h2
64
0.616
h
66
0.613
(739)
JSD
79
0.613
JRD
75
0.617
χ2
469 0.417
χ
478 0.405
Football
h2
477 0.402
h
467 0.433
(752)
JSD
476 0.390
JRD
473 0.396
χ2
1153 0.678
χ
1164 0.696
Metal
h2
1180 0.617
h
1233 0.604
(2882)
JSD
1220 0.522
JRD
1218 0.524
χ2
2961 0.555
χ
2981 0.548
uist02
h2
2902 0.556
h
2980 0.547
(5689)
JSD
2950 0.545
JRD
2937 0.551
χ2
3651 0.428
χ
3581 0.440
UGS03 0
h2
3679 0.420
h
3482 0.438
(5992)
JSD
3607 0.429
JRD
3603 0.430

5. CONCLUSION
(b) FDs, JSD, and JRD

Fig. 5. The key frames selected from a clip of “Life of Pi”

A novel video key frame selection approach driven by f divergences is proposed. The approach is applied to extensive experiments on simulation and real videos. In addition, a

thorough analysis of the performances on FDs for key frame
selection is provided. Experimental results demonstrate that
the key frame selection by FDs is slightly better than that by
JSD and JRD. We also verify that the key frame selection by
FDs can run faster than that by JSD and JRD, due to the faster
computation of FDs for video frames and also to the shotbased computational mechanism presented in this paper.
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