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Abstract. We have presented a unified model for various types of video
shot transitions. Based on that model, we adhere to frame estimation
scheme using previous and next frames. The frame parameters accompa-
nied by a scatter measure of edge strength and average intensity consti-
tute the feature vector of a frame. Finally, the frames are classified as no
change (within shot frame), abrupt change or gradual change frames
using a multilayer perceptron network. The scheme is free from the
problems of selecting thresholds and/or window size as used by various
schemes. Moreover, the handling of both, abrupt and gradual transitions
along with non-transition frames under a single and uniform framework
is the unique feature of the work.

Keywords: shot detection, abrupt transitions, cut, gradual transitions.

1 Introduction

Due to the advancement of video technology the volume of digital video data
has increased dramatically. But, the tools available for browsing such databases
are still primitive in nature. To address the problem, indexing and retrieval has
become an active area of research. Video segmentation is the fundamental step
for the said application including video indexing, content analysis of video se-
quence, video accessing, retrieving and browsing, video compression and others.
A fast and automatic technique for temporal segmentation of video content is
very crucial for accurate content description.

The objective of video shot segmentation is to partition video into meaning-
ful and basic structural units called shots. A shot corresponds to a sequence
of frames captured through a continuous record (in time and space) by cam-
era [1]. It describes a meaningful event over a continuous sequence of frames.
Once the boundaries of the shots are detected, further analysis of content and
interpretation can be performed on such units.

The transition may be of various types and broadly categorized as abrupt
and gradual transition. Abrupt transition is also known as cut and it denotes
instantaneous transition from one shot to another. On the other hand, a grad-
ual transition is obtained by incorporating photographic effect usually through
editing. It can be further classified as fade-in, fade-out and dissolve. Fade-out is
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a gradual transition of a scene to a constant image (commonly a black frame)
and fade-in is reverse transition. Dissolve is gradual super-imposition of two
consecutive shot.

It is easy to detect the cuts as it involves two successive frames which are
highly uncorrelated and differs significantly. But, during gradual transition, the
successive frames may not differ much. Thus, the major challenge becomes to
distinguish between the gradual transition and the nominal changes in the scene.

Lots of work has been reported on cut detection. Comparatively, a less amount
of work has dealt with gradual transition. The basis of all such algorithms lies
in detecting the visual discontinuities in time domain. The schemes extract the
visual features and deploys a similarity between the frames. Most of the cut
detection schemes identifies the transition if the difference between two consec-
utive frames exceeds a certain threshold. Similarity (difference) of the frames
are measured in terms of features computed from the frame. A wide variety of
features have been reported in various works. The simplest one is pixel wise dif-
ference [2,3]. But as it is very sensitive to motion of objects, grayscale/colour
histogram based features are also tried in [4] though the histograms lack spatial
information. As an alternative, features based on motion vector analysis [5],
edge tracking [6], edge changes [7], entropy measures [8] are also used. In
order to detect gradual transitions, twin comparison method [2] deals with two
threshold values to detect cuts and gradual transition. Yeo and Lin [3] pro-
posed plateau detection technique where difference between current frame and
kth frame that follows is considered. But, in this case, proper selection of k is a
non-trivial task. A method called chromatic scaling has been discussed in [9]. In
another approach, transitions are detected by counting the entering/exiting edge
pixels [10]. Machine learning and multi resolution concept [11] are also reported
for dissolve identification. Algorithm evolved by combining the concept of object
tracking and feature based approaches was also tried for dissolve detection [12].
In [13], the variance of pixel intensity of a sequence is modeled as a parabolic
curve and based on that model a detection scheme is presented.

It appears that although a lot of schemes have been tried but they have
their own merits and demerits and almost none of them has tried to detect all
kinds of shot boundaries in a comprehensive way. In this work, we present a
parametric model of the shot transitions of various types which, in turn, will be
used to detect and classify the shot. The paper is organized as follows. Section 2
presents the formulation of the problem and the details of the proposed scheme.
Experimental results are presented in section 3 and concluding remarks are put
in section 4.

2 Proposed Methodology

In this section, a general framework is presented to describe the transition of
various types and it will act as the basis for the proposed shot detection scheme.

In case of abrupt transition, last frame of a shot and first one of the following
shot are uncorrelated. A cut is generated by the natural process of capturing
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video data through the camera. On the contrary, gradual transitions (fade-in,
fade-out and dissolve or cross-fading) are generated through editing. Dissolves
are generated by super-imposing the boundary frames of two successive shots
over a duration. In such cases of gradual transition, intensity of one boundary
frame gradually decreases and that of other one increases during the phase of
transition. For fade-out (or fade-in) the intensity of boundary frames are grad-
ually reduced (or increased) and last (or first) frame of such transitions is com-
monly a black frame. Thus, unlike abrupt transitions, gradual transitions spans
over a range of frames. It is also obvious that presence of motion and activities
usually are very insignificant in the frames of such edited transitions.

The successive frames within a shot and also those within the span of a grad-
ual transition show little differences. Thus, the ability to distinguish the two
situation controls the false and misclassification rate. It may be noted that, dif-
ferences between the successive frames within a shot is mostly caused by cam-
era and/or object motion keeping the background otherwise unaltered. But, for
gradual transition, it mainly comes from the editing process.

2.1 Problem Formulation

With the background idea of natural and edited transitions, we formulate the
scenario as follows.

Let, f1, f2, . . . , fn denotes a sequence of frames in a video. Suppose, fl1 and
fl2 are the last representative frame of a shot and the first representative frame
of the following shot, where, 0 ≤ l1 < l2 ≤ n. The frames in transitions are
denoted by fi where i varies from l1 to l2. Such frames may be represented as

fi = Aifl1 + Bifl2 (1)

where, 0 ≤ Ai, Bi ≤ 1 and Ai + Bi = 1. Basically, Ai’s and Bi’s modulates the
intensities of the frames being super-imposed.

In case of a cut, l2 = l1 + 1. From equation 1, it is obvious that there will be
two transition frames with Ai = 1, Bi = 0 for one and reverse for the other.

For gradual transition, Ai gradually decreases from 1 to 0 and Bi successively
increases from 0 to 1. It may be noted that, in case of fade-in, fl1 is the black
frame and for fade-out, fl2 is the black frame.

Thus, the model shown in equation 1 can represent all sorts of transitions.
But, during the process of boundary detection, the representative frames (fl1

and fl2) are not available. As a matter of fact, it is the task of detection process
to find out these frames along with the boundaries. Even then, model described
in equation 1 provides the underlying structure for our scheme. Based on the
model of equation 1, fi−1, fi and fi+1 can be represented as follows.

fi−1 = Ai−1fl1 + Bi−1fl2 (2)

fi = Aifl1 + Bifl2 (3)
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fi+1 = Ai+1fl1 + Bi+1fl2 (4)

By manipulating the equations 2, 3 and 4, fi can be represented in terms of its
previous and following frame as shown in equation 5.

fi = aifi−1 + bifi+1 (5)

where ai = AiBi+1−BiAi+1
Ai−1Bi+1−Ai+1Bi−1

and bi = BiAi−1−AiBi−1
Ai−1Bi+1−Ai+1Bi−1

, and Ai + Bi = 1
implies that ai + bi = 1. This model is also valid for the frames within a shot
(i.e. no change frames) and in that case, ideally, it will be ai = bi = 0.5. Thus, all
types of frames can be estimated from its previous and following frame. Ideally,
the characteristic pattern of (ai, bi) is similar to that of (Ai, Bi) and can be used
for shot detection and classification purpose. This has motivated us to go for
frame parameter estimation for shot boundary detection and classification. As
we adhere to the model of equation 5 instead of that in equation 1, there is no
need to consider a sliding window of suitable size for studying the characteristics
of (ai, bi). Thus, our methodology will remain free from the burden of selecting
the window size as it deals with only previous and next frame.

2.2 Computation of Frame Transition Parameters

A frame (or image) in a video sequence consists of two major types of compo-
nents: background and foreground objects. Over the frames background is either
static (no change) or may undergo little motion due to camera pan and tilt. On
the other hand, foreground objects exhibit activities including significant motion.
To incorporate both types of characteristics in the frame transition parameter
estimation we use both global and local (edge scatter) features.
Estimation based on global feature: Let fie denotes the estimate for i-th
frame using the equation 5 with appropriate parameters (ai, bi). As mentioned
earlier, a frame consists of background and foreground or active objects. Consis-
tency of the background can better be represented in terms of global features.
Since we have to deal with a huge amount of data, it is advisable to use some
features which need as little computation as possible. In the proposed method
we have used gray level histogram of the frames.

For the time being, let us consider that the frames are continuous domain
containing continuous value of intensity. Thus gray level histogram may be
treated as probability density function (p.d.f.) and let the p.d.f. of frame fi

is denoted by pi(vi), where vi = fi(x, y); so that the Jacobian of the linear
transformation may be applied to estimate the p.d.f. of the candidate frame
from the p.d.f’s of the subsequent and the previous frame. Equation 5 sug-
gests that the intensity of i-th frame is obtained by linear transformation of
the (i − 1)-th and (i + 1)-th frames. Thus, the p.d.f. of frame fi may be ob-
tained from pi−1(vi−1) and pi+1(vi+1). To make the formulation mathematically
tractable and computationally efficient we assume that vi−1 and vi+1 are inde-
pendently distributed. Thus, the joint distribution of vi−1 and vi+1 is defined
as p(vi−1, vi+1) = pi−1(vi−1) × pi+1(vi+1). To derive the distribution of vie let
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vie = aivi−1 + bivi+1 and u = vi+1 which implies vi−1 = vie−biu
ai

. Now, the

Jacobian of the transformation is |J | =
∣
∣
∣
δ(vi−1,vi+1)

δ(vie ,u)

∣
∣
∣ = 1

ai

Thus, the joint distribution of vie and u is p(vie , u) = pi−1(
vie−biu

ai
)×pi+1(u)× 1

ai

The distribution of vie is

pie(vie ) =
1
ai

∫

pi−1(
vie − biu

ai
) pi+1(u) du (6)

Hence, by minimizing the error between the actual p.d.f. pi(vi) and the es-
timated p.d.f. pie(vie) we obtain the appropriate values of parameters (ai,bi)
which characterize the frame transition. In this work the said error is measured
as the Bhattacharya distance.

Actually, the estimation process is carried out based on the intensity his-
togram of the frames. Thus, pie , pi, pi−1 and pi+1 represent the intensity his-
togram of respective frames. We try to find out the values of ai and bi to obtain
the best estimate for pi. Along with those, Ei, the error of estimation is also
taken as a feature of estimate. The computation steps are as follows.

– pi−1, pi and pi+1, the normalized 256 bin intensity histograms are computed.
– pi−1 and pi+1 are shifted to make μi = μi−1 = μi+1, where μi is the average

intensity value of the i-th frame.
– Exhaustive search for ai, bi is employed to attain optimum Ei.
– Ei = dist(pie , pi), the error between the frames fie and fi.
– ai, bi and Ei, the estimated error for the best (ai, bi), are taken as transition

characteristic features for the i-th frame.

It may be noted that in case of cut fi and fi−1 or fi and fi+1 are highly
uncorrelated suggested by either ai or bi equal to zero. On the other hand, fi−1,
fi and fi+1 are strongly correlated in case of no change and gradual transition.
This is revealed by non-zero values of both ai and bi in estimating these frames.
This may lead to confusion in identifying within shot frames and dissolve frames.
However, it may be shown that the within shot frames can be estimated from
either previous or next frame only, which is not possible in case of dissolve
frames. This suggests a strong distinction between them. So, in order to reduce
the conflict in detection and classification, we further consider the estimation
process using only the previous frame and only the next frame. The equations
for such estimation are as follows.

fie = aipfi−1 (7)

fie = binfi+1 (8)

As in earlier case, the parameters aip , bin and error of estimation ep, en

are used as features. Average intensity (Iavg) of the frame is also taken as a
parameter. In identification of fade-in and fade-out, Iavg contributes significantly.
For fade-in, Iavg will show a gradual increase and it is reverse for fade-out.
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Estimation based on local features: Object motion as well as the gradual
shift (if any) of the background may be arrested by detecting shift of edge points
over the frames. This information may be extracted using neighborhood oper-
ators and are treated as local features. Edge strength (gradient magnitude at
edge points) between two successive frames change due to change of ai and bi of
equation 5 or motion or both. Thus scatter matrix of edge strength of two suc-
cessive frames provides a representation of intensity transition as well as motion.
It may be noted that if there is no motion, the scatter matrix for two successive
within shot frames is, ideally, a diagonal matrix and it is a banded diagonal in
case of gradual transition only. In case of abrupt transition the scatter matrix
deviates significantly from the diagonal form. Non-diagonal elements would be
loaded even more if motion is included. However, edge strength of within shot
frames or gradual change frames, where motion is small and regular, is usually
aligned or accumulated along the diagonal of the scatter matrix if the shifted
position of the edge points can be found. This calls for solving the well known
correspondence problem. If motion shifts a point at most by K in any direction
and object width is more than 2K, then we simply solve the correspondence
problem by taking two similar edge points (in terms of relative magnitude and
direction) of two frames within K × K window as the original and the shifted
edge point.

Implementation of Scatter matrix and computation of local feature Sm as
follows. Let, gi−1, gi and gi+1 denote the gradient images corresponding to
(i − 1)-th, ith and (i + 1)-th frame. The gradient images are subjected to a
5 × 5 max filter to solve correspondence problem upto some extent. Then the
scatter matrices S1 and S2 of dimension 256 × 256 are formed corresponding to
(gi−1, gi) and (gi+1, gi) respectively. In order to obtain Sm, two vectors Sv1 and
Sv2 corresponding to S1 and S2 are formed, where the elements in Svi are the
normalized sum of the values along the diagonal and its parallels in Si. Finally,
the Bhattacharya distance between Sv1 and Sv2 is taken as Sm.

2.3 Detection and Classification

Thus, 9 features < ai, bi, Ei, aip , eip , bin , ein , Iavg, Sm > corresponding to each
frame is obtained. As the model of equation 5 is being used in our frame estima-
tion process, a classification scheme is required to detect and classify the shot
boundaries. Here, we have relied on neural network based approach and a Mul-
tilayer Perceptron (MLP) network has been used. MLP network is a multi-class
classifier consisting of several layers of neurons of which first one is the input layer
and the last one is the output layer, remaining layers are called hidden layers.
In the architecture employed here, there are complete connections between the
nodes in successive layers but there is no connection between the nodes within a
layer. Corresponding to each frame an input vector is provided to the network.
Corresponding to i-th frame, the input feature vector is of 27-dimensions which
is formed by putting together the features of (i−1)-th, i-th and (i+1)-th frames.
Thus, the feature vector for a frame also relies on previous and following frames.
During training phase, along with the input vector, a label denoting the class
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Table 1. Confusion Matrix and Accuracy for Training Data

Actual Recognized Class Classification
Class nc gc ac Accuracy
nc 7051 112 0 98.44%
gc 141 537 0 79.2%
ac 0 0 57 100.0%

Table 2. Confusion Matrix and Accuracy for Test Data

Actual Recognized Class Classification
Class nc gc ac Accuracy
nc 7028 133 2 98.12%
gc 160 517 0 76.37%
ac 1 0 56 98.25%

of the frame (i.e. no change, abrupt change or gradual change) is also provided.
Then the connection weights are set such that the error between the network
output and the target output (i.e. the classification error) becomes minimum.

3 Experimental Results

The frames are manually groundtruthed and the feature vectors are labeled ac-
cordingly. The frames are classified into three categories such as no change (nc),
gradual change (gc) and abrupt change (ac). The frames within a shot belong to nc.
The successive frames where abrupt change (cut) occurs are marked as ac and the
frames under gradual transition (dissolve, fade-in, fade-out) are labeled as class gc.
The dataset for this experiment consists of 15, 765 frames collected from various
video files like BOR03, BOR19, UGS04, UGS09 etc. present in TRECVID 2001
test database downloaded from http://www.open-video.org. It contains different
types transitions like abrupt change(cut), fade-in, fade-out and dissolve.

In our experiment, MLP network has only one hidden layer. Number of hid-
den nodes is chosen experimentally and set to 15. It relies on back-propagation
learning. The learning rate is 0.6 and the number of iteration used for training
is 15, 000. The training dataset is generated by randomly choosing 50% frames
of each category present in the dataset and the rest are used as the test dataset.
The experiment is repeated several times by selecting different training and test
dataset. The average result in the form of confusion matrix is shown in tables 1
and 2. The overall training and testing accuracy achieved are 96.79% and 96.25%
respectively. Thus, it can be argued that the proposed methodology is capable
enough to classify the frames reliably. As it was indicated, confusion occurs be-
tween gradual transitions (more specifically, the dissolve) and frames within the
shot. It has occurred mostly because of the presence of camera motion, zooming
effect, very slow paced gradual transitions etc.
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4 Conclusion

We have presented and adhered to a unified model of shot transitions. Consider-
ing the model as underlying framework, a scheme is proposed to identify a frame
based on its previous and following frames. The transition parameters along with
the scatter matrix of edge strength and average intensity describes a frame. For
classification, we have employed a Neural Network with back-propagation. It
classifies the frame into one of the three categories: no change, gradual change
or abrupt change. Thus, a unified model based scheme is presented which is free
from the critical issues like various threshold or window size selection.
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