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Abstract

We present a method to classify movies on the basis of | Non-action | | Action |
audio-visual cues present in the previews. A preview sum- Movies Movies
marizes the main idea of a movie providing suitable amount
of information to perform the genre classification. We per- Comedy ||  Horror Drama EprIgsei/o qs|| Others
form the initial classification into action and non-action by

computing the visual disturbance feature of every movie. Vi-
sual disturbance is defined as a measure of motion content
in a clip. Next we use color, audio and cinematic principles
for further classification into comedy, horror, drama/other
and movies containing explosions and gunfire. Potential ap- 2. Our Approach
plications are browsing and retrieval of videos on the Inter-
net (video-on-demand), video libraries, and rating of the
movies. This work is a step towards automatically building
and updating video database, thus resulting in minimum hu-
man intervention.

Figure 1: Flow chart showing the classes of movie genre

Directors often follow rules pertaining to the specific
genre of a movie. Such rules are referredrdi®m Grammar
or Cinematic Principlesn the film literature. By follow-
ing these principles, camera movements, sound effects and
1. Introduction lighting can create mood and atmosphere, induce emotional
reactions and convey information to the viewers. Although,
different directors use these principles differently, movies
of the same genre have a lot of features in common. For
example, most of the action movies have similar shots and
sound effects. Our aim is to analyze these audio-visual cues
from the movie previews and make an educated guess about
its genre.

Movies constitute a large portion of the entertainment in-
dustry. Currently several websites host videos and provide
users the facility to browse and watch movies online. There-
fore the automatic classification of the movies on the basis
of their content is an important task. For example movies
containing violence or profanity must be put in a separate
class, being not suitable for children. Similarly, automatic ~ We first classify movies intoaction and non-action
recommendation of movies based on personal preferenceslasses by estimating thésual disturbanceand average
will help a person to choose the movie of his interest. How- shot lengthusing a very simple but robust technique. Visual
ever, classifying a huge collection of video data without hu- disturbance is defined as the motion content of a video clip
man intervention is not as easy as it seems. (Section2.1 and 2.2). We also make use of the color and au-

Movie directors often choose the most interesting and dio information and combine that with tl&nematic Prin-
important events of the story to include in the movie pre- ciplesto classify movies. We make three subclass®sn-
views to attract the viewers. A careful analysis of the movie edy, horrorand drama/otherundernon-actiongroup. Fi-
previews can lead to an appropriate classification. For ex-nally we classifyactionmovies intoexplosion/firecategory
ample [1] uses thaverage shot lengthndshot activityas andother-actioncategory (see Figure 1). This is done by
features and classify movies into different genres ke first analyzing audio information. We find events by iden-
tion, romance/comedgtc. In [2] authors identify violence tifying the peaks in sound energy and test corresponding
in the trailers. Low-level features such as color and music frames for the occurrence of an explosion. Sections 3 and 4
may be combined with the high-level domain knowledge to discuss the sub-classification. Section 5 presents the exper-
classify movie genre. imental results and finally Section 6 concludes our work.



2.1. Shot detection and Average shot length

We use modified form of the algorithm reported in [3]
for the detection of shot boundaries using HSV color his-
togram intersection. LeD(i) represents the intersection of
histogramsH; andH;_; of framesi andi — 1 respectively.
That is:

D(i)= Y min(H(j) — Hi-1(j)) @

j€E€allbins

Then we define the shot change measifg as
S(i)=D(i) — D(1—1) 2

Shot boundaries are detected by setting a threshold.on
For each shot that we extract, the middle frame within the
shot boundary is picked as a key frame. The average shot
length is also computed by dividing the total number of
frames by the total number of shots in the preview.

2.2.Visual Disturbancen the scenes

To f|nd Visua| disturbanc@ve use an approach based on Figure 2: PlOt OMSUal diStuI’bancefour fl’ameS Of ShOtS
the structural tensor computation introduced in [4]. The taken from the movie (d)egally Blondeand (d)Kiss of the
frames contained in a video clip can be thought of a volume Dragon (b) and (e) are the horizontal slices for four fixed
obtained by combining all the frames in time. This volume rows of corresponding shots. (c) and (f) show active pixels
can be decomposed into a set of two 2D temporal slices,(Plack) in corresponding slices.

I(z,t) andI(y,t), where each is defined by planes t)
and(y, t) for horizontal and vertical slices respectively. To
find the disturbance in the scene, we evaluate the structur
tensor of the slices which is expressed as:

&- However, in case of local motion, pixels that move inde-
pendently will have different orientation. This can be used
to identify each pixel in a column of a slice as a moving or
r_ Jow Jat | S HE Y, HoH; 3 a non-moving pixel.
- { Jot T } - [ >oHH: Y, H} } ) We analyze the distribution ¢f for each column of the
horizontal slice by generating a nonlinear histogram. Based
whereH, and H, are the partial derivatives d{z, t) along on experiments, we divide the histogram into 7 nonlinear
the spatial and temporal dimensions respectively, «ansl bins with boundaries at [-90, -55, -35, -15, 15, 35, 55, 90].
the window of support (3x3 in our experiments). The direc- The first and the last bins accumulate the higher values of

tion of gray level change i, 6, is expressed as: 6, whereas the middle one captures the smaller values. In
case of a static scene or a scene with global motion all pix-
R { oo It } BT — [ Az 0 } ) els have similar value of and therefore they fall into one
ot Ju 0 A bin. On the other hand, pixels with motion other than global

motion have different values éfand fall into different bins.
We locate the peak in the histogram and mark the pixels in
that bin asstatic whereas the remaining ones are marked
asmovingpixels. Next, we generate a binary mask for the
1 20 whole video clip separating static from that of moving pix-
0= gtan™" ——— (5)  els. The overalkisual disturbances the ratio of moving
we pixels to the total number of the pixels in a slice.

When there is no motion in a shat,is constant for all To reduce the complexity, we use the average of distur-
pixels. In case of global motion (for example camera trans- bance of only four equally separated horizontal slices for
lation) the gray levels of all pixels in a row change in the each movie trailer as a disturbance measure. This mea-
same direction. This results in the equal or similar values of sure is proportional to the amount of action occurring in

where), and ), are the eigen values arilis the rotation
matrix. With the help of the above equations we can solve
for the angle of orientatiofi as



a shot. Figure 2 showssual disturbanceneasure for shots  dard deviation. This is because of the frequent use of dark
of two different movies. Itis clear that the densityditur- tones and dim lights by the director.

banceis much smaller for amon-actionshot as compared (c) Drama/other: Generally, these types of movies do
to anaction shot. The computation ofisual disturbance  not have any of the above distinguishing features.

is very efficient and computationally less expensive. Our  Givenk key frames, each withn x n pixels in it, we
method processes only four rows per image as compared tdind the meany, and standard deviatiom,, of gray scale

[1] that estimates affine motion parameters for every frame distribution. For each movié, we define a quantity; (i, o)

and, therefore, runs very fast. which is the product ofi; ando;, that is:

G = Hi - 04 (6)

wherep; ando; are normalized. Since horror movies have

We have observed thaiction movies have more local morelow-keyframes, both mean and standard deviation val-
motion than adramaor a horror movie which results in ~ ues are low, resulting in a small value@fComedy movies,
a largervisual disturbance We have also noticed that in  on the other hand will return a high value ¢because of
actionmovies shots change rapidly than in other genre like high mean and high standard deviation. We therefore de-
dramaandcomedy We use a similar technique as suggested fine two thresholds;. andr;,, and assign a category to each
by [1] and plot thevisual disturbanceagainst average shot moviei based on the following criterion.
length. Using a linear classifier we separatdion movies
from non-action

2.3. Initial classification

Comedy G >
L(i) = Horror G < Tp @)
Drama/Other 1, < ; < T¢

3. Sub-classification of non-action movies _ N .
Figure 3 shows the distribution for three different sub cate-

] gories of the movies.
The perceptual effects of color on human emotions are

well known. Similarly “the amount and distribution of
light in relation to shadow and darkness and the relative
tonal value of the scene is a primary visual means of set- ,
ting mood” [6]. For example, it is less likely that a ghost (a)
would wear a rainbow color shirt, ormmedymovie would
be shot with a dark color tone. The tertasv-key lighting ,
andhigh-key lightingare used in film literature to express (b)
the amount of light in the scene.

¢ High-key lighting A high-keylighting means that the
scene has an abundance of bright light. It usually has lesser _ : i
contrast and the difference between the brightest light and (©)
the dimmest light is small. High-key scenes are usually
happy or less dramatic. Many situation comedies also haveFigure 3: Average intensity histogram of key frames (a)
high-key lighting. Legally Blonde acomedymovie (b)Sleepy Hollowa hor-

e Low-key lighting In this type the background and the ror movie and (c)Ali, an example ofirama/other
part of the scene is generally predominantly darklohu-
keyscenes, the contrast ratio is hidlow-keylighting being
more dramatic are often usedHiim Noir or horror films. 4. Sub classification withinaction movies

In horror movies shots are mostlgw-key especially in
previews, as previews contain the most interesting scenes Action movies can be classified &artial art, War or
of the movie. On the other handpmedymovies tend to  Violent(containing gunfire/explosions) etc. In this paper we
have moréhigh-keyshots. We consider all key-frames ofthe further rate a movie on the amount of fire/explosions present
preview in the gray scale space and compute the distributionin its preview. We use both audio and color information to
of the gray level of the pixels. Our experiments show that: achieve this task.

(a) Comedy Movies belonging to this category have a
gray-scale mean near the center of the gray-scale axis, withd.1. Audio analysis
a large standard deviation, indicating a rich mix of colors.

(b) Horror : Movies of this type have a mean gray-scale Music and nonliteral sounds are often used to provide
value towards the dark end of the axis, and have low stan-additional energy to the scene. It can quite easily describe




a condition, for example, whether a situation is stable or shots that show low stability in the plot since a camera flash
unstable. In case @fctionmovies, the audio is always cor- which does not last for more than a few frames might be
related with the scene. For example, fighting, explosions, considered as an explosion. Figure 5 show the detection
etc. are mostly accompanied with a sudden change in then two candidate shots. Although several scenes had abrupt
audio level. We, therefore, first compute the energy in the changes in audio in our experiments, our algorithm success-
audio track using the following formula: fully differentiated between explosions and non-explosion

) shots.
E= 3 (4 ®

i€interval

where A; is the audio sample indexed by tinie Interval
was set to 50ms. See Figure 4 for the plots of audio signal

and its energy for audio track of the moviiee World Is Not () , ©
Enough Since we are interested in the instances where the : :
: 4
R U T @ © 0
@) Figure 5: Detection ofire/explosionin two shots. (a)-(b)
B ] are frames of first shot and (d)-(e) are frames of second shot.
of ] (c) and (f) are the plots of index of histogram peak against

b time. First shot was successfully identifiedfims/explosion
() shot whereas second shot was identifiechas-explosion

Figure 4: Audio processing: (a) the audio waveform of the shot.

movie The World Is Not Enough{b) Energy plot of the au-

dio: Good peaks are indicated by “* after running the peak- .
iness test. 5. Experiments

energy in audio changes abruptly, we perform a peakiness We have experimented with previews of 19 Hollywood
test on the energy plot. A peak is good if it is sharp and movies downloaded from Apple’s website [7]. Video tracks
deep. Thatis: were analyzed at the frame rate of 24Hz and at the resolu-
tion of 120x68 whereas the audio was processed at 22KHz
peakiness = (1 Vet Vb) . (1 __N ) 9) and with 16-bit precision.
2P W x P Figure 6 shows the distribution of movies on the fea-
ture plane by plotting thevisual disturbanceagainst the
average shot lengtland separating by a linear classifier.
Movies with more action contents exhibit smaller average
shot length. On the other hawdmedy/dramanovies have
low action content and larger shot length. Using the inten-

whereP is the height of the peak/, andV}, are the height
of the valleys on either sides of the pedkK.is the width of
the peak andV denotes the area under the valley. Videos
corresponding to the peaks above than a thresigld,.,

are selected to process the corresponding video.

4.2. Fire/explosion detection N .
W 5. Mangein

Once the occurrence ef/entsn the movie are detected, 8 ‘2‘: é““‘tl Beneatn
we analyze the corresponding frames to detect fire and/or ;' . 7 Sleepy ol
explosions. In such cases there is a gradual change |n . 9. LegallyBlonde
the intensity of the images in the video from low to high. L 12, Americas Sweatnearts
We compute the gray level histograms with 26 bins of the . PR thTdeIF?NnEgh
frames that are within the shot boundary of shot referred by * o LoTestanaFuiowe
peakiness test and plot the index of the bin with the maxi- s s o7 “t5 & o o o5 & 1o Reen tour

mum number of votes against time. In case of an explosion,

the shot shows a gradual increase in the intensity. ThereFigure 6: The distribution of Movies on the basis\é$ual
fore, the gray level of the pixels move from lower inten- DisturbanceandAverage shot length

sity to higher intensity values and the peak of the histogram

moves from a lower index to a higher index. We exclude sity distribution of key frames afion-actionclass, we label



Sub classification afion-actionmovies

C=Comedy, H=Horror and D=Drama/Othe grammar of movie making to present the higher level de-

. e > scription of the entire stories. Our ultimate goal is to mini-
3 Mandolin C H H H H H H H
T L Lo = mize the human intervention in building and updating of the
> Dracula ° video databases.
annibal D
7 Sleepy Hollow H
8 The Others H
9 Legally Blonde C PREVIEW
10 What Women Want D
11 The Princess Diaries C
12 American Sweethearts C
13 American Pie C
14 Big Trouble C

Table 1: Sub classification @on-actionmovies on the ba-
sis of key frames analysis.

Comedy ACTION
\ .‘r; P
iR

Action class
The World Is Not Enough
Fast And The Furious
The One
Kiss Of The Dragon
Rush Hour

[ ENEM NI

Table 2: Action movies sorted according to the content of
fire/explosion in their previews.

movies axomedy, horromanddrama/other Table 1 shows
the sub-labels for 1#on-actionmovies. Dracula, Sleepy
Hollow, What Lies BeneatandThe Othersvere correctly
classified asorror movies. Movies that are neithebm-
edynor horror including Ali, Jackpot, Hannibabnd What Figure 7: Classification of Movies. Note thattion movies
Women Wantvere also labeled correctly. There is a mis- are sorted according to tifiee/explosioncontent in the pre-
classification of the moviblandolinwhich was markedasa  Views.

comedyalthough it is adramaaccording to its official web-

site. The only cue used here is the intensity images of key

frames. We expect that by incorporating the further infor- References
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