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Article history: Scene change detection is the initial step in viglezessing applications. Proper sc
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a survey of existing scene change detection alguost These algorithms were appl
Keywords: over the human UT interaction video datasets. Hselts show the requirement
Frame extraction, UT interaction, gradual scene change detection of human activities.
gradual scene change, scene change
detection

INTRODUCTION

The tremendous development in surveillance camearsage, storage capacity and internet conferel
facilities has laid platform for usage of videosah fields including intelligence surveillance. éding of
human activities during meetings and iublic places for future investigation has beeneéased. Automate
action recognition software needs to identify husdrom background followed by recognition of act
between humans. When the action done by human lescoamtinuous, there is a neer initial segmentation ¢
individual sequence followed by detection of chanfieere are three different ways of identifying #tion
performed by a human in videos.
 ldentifying a single person’s actic
 Identifying action between two humans using pfined examples (Similar to supervised classifiaat
» Classifying action between two humans without pkioowledge

Various challenges exists while detection the changvideos. It might be due to complex scenanmése
and occlusions. In order tor@rcome these difficulties, appropriate care shdnddaken at segmentation le
according to thehosen video dataset. Videos involving complex agea can have dense background and r
unnecessary objects blocking the required humariopsr When he input dataset contains noise,
effectiveness of the algorithm to be applied wdtbme less. Hence prior elimination of noise from tideos it
must.

When videos contain other challenges like shadawitiple persons, two actions performed sitaneously
by two different persons, the most important stefoiidentify the real and imaginary humans (sha)oiuch
research has been done already for action recogratid scene change detection in videos with sipgteon
But videos involving muiple persons require more effort. The scenaricobess more difficult when huma
perform actions in a continuous manr

Scene change detection is carried out as the kpyirstmost of the video processing application® @lange
in scene usually has two variantabrupt change and gradual change. Abrupt chargedden transfer of scer
in the video. During abrupt change all the objdantshe scene will be switched with other objectsl dhe
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resultant will have different objects or backgrowumgerson. During gradual change, the scene tremsfslowly
from one stage to another. The change transforma bit by bit manner. Major gradual changes include
transitions like fade in, fade out and dissolve.@Wlideos contain human interactions, the changeene will
mostly have gradual changes.

A pixel based approach was proposed by Xiaoquaat ¥i to detect abrupt scene changes. It was carried ou
in two steps. The first step uses tested the mbaolate frame differences (MAFD) followed by norimet
histogram equalization process in the second #teyearly detects the sharp changes and camermgti,
2005). Other than pixel based scene change detettihods, many methods were proposed. Some dhetecti
algorithms use likelihood ratio (Ford, M., 1997;dawl, 1998), some use the mutual information betvieanes
[5] and some others use the frequency domain etiwalvalues (Porter, 2000; Vlachos, Theodore, 2000

A histogram based approach was given by Nisreeal.etHistogram correlation was used to detectigma
scene changes. Using a reference frame, the fraxteacted from the video is compared. Based on the
correlation value, detection of gradual scene chasmgarried out (Radwan, |. 2012; Meng, Jianh&85).

Scene changes should also be detected from a essagr video. Jianhao et. al., presented an alwepes
change detection algorithm which detects changes & MPEG/MPEG-2 compressed video. Since the \igleo
collection of compressed bit stream, minimal deagdiecomes sufficient. This reduces the compuialitime
of the algorithm. The additional advantage of #igorithm is that it can be applied in scene bragisind video
indexing.

An algorithm called twi-difference algorithm (Li2003) was developed to detect abrupt scene chdityas
videos. Inter-frame difference algorithm is takertlze base for this algorithm. It also comparesiésbased on
pixels. It is sequence independent and reducesdhgutational cost. This twi-difference algorithrashno
missing with close-to-zero or little false detentfor the abrupt shot change. The video moveméntflisence on
abrupt shot change detection is greatly eliminatedwi-difference algorithm. However more expansisn
needed if gradual scene change needs to be detected

Lassoued et. al., developed a new methodologydétecting action changes in videos using moments
correlation (Lassoued, 2012). Silhouettes posédrinfans in given videos were initially segmented tuey are
described using 2D Krawtchouk moments. These sities were used to derive the cross correlatiomiceat
and Kullback- Leibler distance. This is used tcedethe action changes done by humans. This meshioased
on cross correlation measures between silhouestespand global video descriptor.

Various other methods were also used with gra@tene segmentation is transformed into a graph
partitioning problem (Rasheed, 2005). With eacht f®a node, and their similarity determining thiges
between the nodes, a shot similarity graph wastamied. Then using the motion (scene change) rimdtion
and the shot similarity graph, scenes were segmeftee transition of a video from one scene to lagoscene
was depicted using a transition graph (Yeung, 1988}his graph, the connected sub graph corresptmthe
scenes in the videos. A completely different methad given by Zhai et. al., (2006). They use Markbwain
Monte Carlo to determine scene boundaries.

Scene change detection can also be used for naplications. Chung-Lin has employed scene change
detection for segmenting the videos. It detects labrupt and gradual scene changes. A static seshand an
intensity statistics model were developed to dedeehe changes from videos. It works best for \adewolving
gradual scene changes (Huang, 2001). Scene chaatgetion is also used for video compression. Ankita
Chauhan has employed scene change detection higaoiter an uncompressed video and based on the scen
change detected frames, video is compressed. A Iblased motion estimation (BME) is combined witers
change detection method to convert uncompressesb\iito a compressed video. This hybrid approach ha
greatly reduced the computational complexity with@drop in PSNR value (Chauhan, P., 2013).

In our work, various approaches which help in tdgimg the change in scenes are explained. It is
experimented to check which algorithm or approaghbést suited for scene change detection in videos
involving humans’ interaction with gradual chang&hese approaches are tested over UT interactideosi
and the results are observed.

MATERIALS AND METHODS

Research for scene change detection from videimgrieasing in the recent days. It is expandingtam
the requirement that the change should be detéetseld on the type of change involved in videosially the
video undergoes a process to extract the framas ifiroFrames will be in image format and the cdilat of
entire frames will result in original video. An algthm is applied over the extracted frames in oitdecheck
the amount of change it has gone through from cenad to another frame. Based on the amount of ehing
has gone through, the algorithm determines thetexenge position.

Here four different general scene change deted¢éohniques were taken and employed over human UT
interaction videos. They can be categorized asl pased methods and histogram based method. Paseldb
methods are
1. Image differencing method.

2. Image rationing method.
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3. Fuzzy XOR based method.

A. Pixel based Methods:

An image is a function of two variables, dafi, j). Herei andj are integer values usually taking values
from 0O to width/height of the image. For a binamage,f (i, j) is a single value, either 0 or 1. For a gray scale
image, its value is from 0 to 255. If the imagea isolor image, then it will be representeddb format. It stores
the intensity value a pixel has. Two successivenémwere taken and the amount of change it haggmue is
checked based on the change in number of pixekhete is no motion in video, then there will na any
change in the intensity values. Hence change inbeurof pixels will be nil. Various pixel based mets were
taken and employed over the human UT interactideas and its efficiency over them is checked.

1) Image differencing method:

It is the simplest pixel based method to deteeinge in between frames. Two successive framesaitalic
two imagestaken at successive times of same atesseTtwo successive frames were compared using the
difference in their intensity values. If there is ohange in scene, then the difference value wlizéro (0).
Based on the amount of change the scene has gomgglth the difference value will vary. For an alirup
change, the overall difference value between ssosmdérames will be very high. Whereas for a graduane
change, the resultant difference value will be matde The algorithm illustrating the image diffecany
method is given below.

Image Differencing method - Algorithm
Input: Frames from given video

Output: plot indicating the difference values.
begin

for each frame

read the frame and successive frame

calculate the pixel values of both frames

calculate difference between the pixel values

end for

plot the difference value
end

2) Image Rationing Method:

Similar to image differencing, image rationingaatompares frames based on pixel values. Two ssivees
frames were taken and their ratio is found outhéfimages are same, then the ratio will take theevas 1. The
ratio value will indicate the amount of change dstgone through between frames. When the ratioanmg
taken as the intermediate result, it will indicate positions in the image that has undergone &haAg
continuous change in scenes of successive frandésatas motion in video. Thus continuous changeatio
value will determine the motion of the video. Theape rationing method is described as pseudo code.
Image Rationing Method - Algorithm
Input: Frames from given video
Output: Plot indicating the ratio between succesfiames.
begin

for each frame

read the frame and successive frame

calculate the pixel values of both frames

calculate ratio between the pixel values, i.e,

Ir (Xv y)= ll(X1 y) / |2 (Xv y)
end for
plot the ratio values
end

3) Fuzzy XOR Method:

It also a pixel based scene change detection mieBioary XOR operation is taken as the basic fiomct
and fuzzy XOR operation is used for scene changectien from videos. Considering black and whitenies
obtained from video, the pixels will take valuether white or black. An XOR operation over thesafes will
yield an image which shows the pixels that are ghdnLet p and p be the pixels from two successive frames,
frame 1 and frame 2 at position (x,y). The existeatchange is indicated in the resultant imaggtifer “p is
white and pis black” or “p is black and pis white”.

Similarly for gray scale and color video, fuzzy R@peration is employed to get the scene changedspi
Starting from the first frame, two successive fram&re compared using fuzzy XOR operator. Wheretier
motion in the video, there will be a hike in fuz¢®R value between those two successive frames.dBas¢he
increase in fuzzy XOR value, the type of scene gharan be determined.
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Fuzzy XOR based method - Algorithm
Input: Frames from given video
Output: plot indicating the fuzzy XOR values ofrfras
begin
for each frame
read the frame and successive frame
calculate fuzzy XOR value using the XOR functimtween frames
end for
plot the obtained fuzzy XOR values for differerarhies
end

B. :Histogram Based Method

Histogram based methods are alternate for piaséd algorithms. Pixel based methods compare d@ispec
pixel between two successive frames. Whereas heatogased methods are pixel independent. Each fnaline
have its own color histograms thus similar framgsulting in similar color histograms. From the giwédeo,
frames are extracted and histograms are generatedatch frame. Then Euclidean distance is calalilate

between successive frames.
]

| wn m

dwd) = |) ) @) -a@)?

di=1j=1

For two successive frames p and q the Euclidesardte d(p,q) is expanded as,

Histogram based method — Algorithm
Input: Frames from given video
Output: plot indicating the comparison of histogeam
begin
for each frame
read the frame and successive frame
convert to gray scale image if it is rgb
calculate the Euclidean distance between the ame
end for
plot the Euclidean distance based compared hetogvalues
end

RESULTS AND DISCUSSION

Fig. 1: Sample frames extracted from UT interaction viddodkwise from top-left).
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The dataset used is the UT interaction dat(Chaquet, M., 2013)It consists of six classes of hur-
human interactions: hand shaking, punching, huggighing, pointing and kicking. consists of more than
two humans and in different clothing’s. Initiallyaines were extracted from videos. A sample of etdd
frames is shown in figure 1. It starts from tog lefrner and goes in clockwise direction, endingattom left
corner. Thealifference in scene can be seen between the finstef and the last frame in figure

it Image Differencing
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Fig. 2: Histogram showing image differencing values of anikteraction vide.

Figure 2 shows the histogram which depicts the andifferencing values betwetwo successive frames.
Given video contains 720 frames and it is taker-axis. The values are given inayds. It the difference vall
is very high, there is sudden rise or sudden fiathe graph. It indicates the motion in the vid€be difference
value can also take negative values based on partitames. Similarly figure 3 depicts the graphvieen the
frames of a video and the ratio values betweerfrdraes. When there is no motion in video, the rattue
between two successive frames \be one. If there is scene change the image rakie waill be very high. The
increase in image ratio value corresponds to threschange position in the vid

Image Rationing
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Fig. 3: Histogram showing image rationing values of an bifEriaction vide.

Fuzzy XORoperation is also applied to the 720 frames ancegslt is plotted as a graph as shown in fig
4. The frame number against the fuzzy XOR valudakien and the value describes the scene changenim-
zero fuzzy XOR value. lthere is no change the video, then the resultant will be zero i.elack pixel. Highel
value indicates a complete scast@nge in video. Histogram based method’s reswefscted in figure 5. A
similar frames have similar histograms, the plebdias very close histram values except few places. Per
cuts can be exactly indicated using this histogbased method for scene change dete«

These pixel based and histogram based methodameaced using measures like recall, V, Precisic
and F-measure. For tigiven UT interaction video, 720 frames were inljiadxtracted and the desired num
of scene change in the video is 10. Correct, Cesponds to the exactly identified scene change:
corresponds to the number of scene changes that megridentifid. Some improper detection was also d
and it is called as false positives, F. Of all thar methods, pixel based methods have almost falinthe
scene changes. Histogram based method have nat &wam an average number of changes. The reaske
scene location does not change thus making afréimes look alike. The false positives occur duthtoslight
change in light intensities between frames. Tab#hdws the evaluation carried out for both pixedsdd anc
histogram based methods foT lhteraction datase
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Fig. 4: Plot showing fuzzy XOR values for frames of an Wieraction vide.
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Fig. 5: Plot showing difference values after applying hisgon based method over an UT interaction v.

Conclusion:

This paper has presented tbificiency of the scene change detection algorittwhen applied over U
interaction video dataset. Initially frames werdrasted from the given video (UT interaction videwm)d ther
four algorithms were applied over them. It can bensfrom the obtaed results that the existence of fe
positives has decreased the accuracy of the mdtigids. This is because the changes in the bachdraere
also considered as scene change. It can be avbyded initial step of segmenting the humans fromehire
frame. Human specific features can be used foresckange detection in UT interaction dat:

Table I: Comparison of various methods based -measure.

. False -
No. of . Correct Missed oy Recall Precision
Method frames Desirec ©) M) PO(SFI;IVQ V) P) F - Measure
_Image 720 10 8 2 4 0.8 0.667 0.727
differencing
leag_e 720 10 6 4 5 0.6 0.54¢ 0.571
ationing
Fuzzy XOR 720 10 9 1 3 0.9 0.7¢ 0.818
based
Histog
ram based 720 10 4 6 6 0.4 0.4 0.4
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