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Abstract in Japan, Bergman in Sweden, Fellini in Italy and Ray in
India. For them, and countless others this common set of
This paper presents a framework for the classification of rules is used to solve specific problems presented by the vi-
feature films into genres, based on computable visual cuessual narration of a story’ [2], page 4.
The authors view the work as a step towards high-level se-
mantic film interpretation, currently using low-level video
features and knowledge of ubiquitous cinematic practices.

Our current domain of study is the film preview (the com- features, as the name suggests, are defined as any statistic of

mercial adverUs_ements primarily qreated to attract aud|_ the available video data. Since the relationship between film
ences). A preview often emphasizes the theme of a film . , L

: ) . ; e grammar symbols and high-level film semantics is known,
and hence provides suitable information for classification.

. o if we are able to find computable representations of these
In our approach, we classify movies into four broad cate- , e
L . : " , symbols, the problem of film classification can be favorably
gories: Comedies, Action Films, Dramas or Horror Films. . : L
Computable video features are combined in a framework posed. Low-levelsymbols in _partlcular like lighting, _ShOt
o o . : length and background music can be represented in terms
with cinematic principles to provide a mapping to the four .
. . . ._of computable features of video data.
high-level semantic classes. An unsupervised clustering™ _ . _ _
technique is used to discover the structure of the map-  Films constitute a large portion of the entertainment in-
ping between the computed features and each film genredustry. Every year about 4500 films are released around
Through experiments, we notably demonstrate the structurethe world, which correspond to approximately 9,000 hours

that exists between low-level features and high-level film of video, [22]. While it is feasible to classify films at the
genres. time of production, classification at finer levels, for instance

classification of individual scenes, would be a tedious and

sizable task. Currently, there is a need for systems to ex-
1 Introduction tract the ‘genre’ of scenes in films. Application of such

scene-level classification would allow departure from the
Directors, actors, and cinematographers use film as a meanprevalent system ofovieratings to a more flexible sys-
to communicate a precise storyline. This communication tem of sceneratings. For instance, a child would be able
operates at several levels; explicitly, with the delivery of to watch a film containing a few scenes of excessive vi-
lines by the actors, and implicitly, with the background mu- olence, if a pre-filtering system can prune out scenes that
sic, lighting, camera movements and so on. Directors oftenhave been rated as violent. Such semantic labelling of
follow well-established rules, commonly called ‘film gram- scenes would also allow far more flexibility while search-
mar’ in literature, to communicate these concepts. Like any ing movie databases. For example, automatic recommenda-
natural language, this grammar has several dialects, but it igion of movies based on personal preferences could help a
more or less universal. This fact in film-making (as com- person choose a movie, by executing a scene level analysis
pared to arbitrary video data) suggests that knowledge ofof previously viewed movies. While the proposed method
cinematic principles can be exploited effectively for the un- does not actually achieve scene classification, it provides a
derstanding of films. Daniel Arijon, a famous name in film suitable framework for such work. Some justification must
literature, writes;All the rules of film grammar have been also be given for the use of previews for the classification
on the screen for a long time. They are used by filmmak-of movies. Since movie previews are primarily commer-
ers as far apart geographically and in style as Kurosawa cial advertisements, they tend to emphasize the theme of the

In order to exploit knowledge of these ubiquitous tech-
nigues, itis necessary to be able to relate the symbols of film
grammar tocomputable video feature€omputable video



movie, making them particularly suited for the task of genre One problem with these existing approaches in film classi-
classification. In conclusion, we present a framework for fication is the crude structure that is imposed while classi-
genre classification based on computed features from filmfying data (in the form of the linear classifier). In our work,
previews. Since both previews and scenes are composed ofve adopt a non-parametric approach, using mean shift clus-
several shots, this framework can be suitably extended fortering. Mean shift clustering has been shown to have ex-
applications of scene classification. cellent properties for clustering real data. Furthermore, we
The rest of the paper is organized as follows. Related exploit knowledge of cinematic principles, presenting four
work is discussed in Section 2. In Section 3, we present thecomputable features for the purposes of classification. The
computable video features that are used for classification inauthors believe that thextendibilityof the proposed frame-
our work. Section 4 details use of mean shift classification work to include new, possibly higher-level features is an im-
as a clustering approach in our application. A discussion portant aspect of the work. Since the approach discovers
of the results is presented in Section 5, followed by conclu- the structure of the mapping between features and classes
sions in Section 6. autonomously, the need to handcraft rules of classification

is no longer required.

2 Previous Work 3 Computable Features

One of the earliest research efforts in the area of video cat- this paper, we present the problem of semantic classifi-

egorization and indexing was the Informedia Project [10] cation of films within the feature-space paradigm. In this
at Carnegie Mellon University. It spearheaded the effort paradigm, the input is described through a set of features
to segment and automatically generate a database of newghat are likely tominimizevariance of points within a class
broadcasts every night. The overall system relied on multi- angmaximizevariance of points across different classes. A
ple low-level cues, like video, speech, close-captioned textparametric representation of each feature is computed and is
and other cues. However, there are a few approaches whichnapped to a point in the multidimensional space of the fea-
deal with higher-level semantics, instead of using low-level yyres. Of course, the performance depends heavily on the
feature matching as the primary indexing criteria. Work by selection of appropriate features. In this section, we present
Fischeret al in [8] and a similar approach by Truor&  four computable features that provide good discrimination
al in [20], distinguished between newscasts, commercials, petween genres. We identify foomajorgenres, namely Ac-
sports, music videos and cartoons. The feature set consisteggn Comedy, Horror and Drama. Rather than espouse in-
of scene length, camera motion, object motion and illumi- gividual genre classification, we acknowledge the fact that
nation. These approaches were based on training the system fiim may correctly be classified intaultiple genres. For
using examples and then employing a decision tree to iden-instance, many Hollywood action films produced these days
tify the genre of the video. have a strong element of comedy as well. In the remainder
The use of Hidden Markov Models has been very popu- of this section, we discuss the four features that are em-
lar in the research community for video categorization and ployed for classification, namely average shot length, shot
retrieval. Naphadet al[13] proposed a probabilistic frame-  motion content, lighting key and color variance.
work for video indexing and retrieval. Low-level features
are mapped to high-level semantics as probabilistic multi-
media objects callenhultijects A Bayesian belief network,
called amultinet is developed to perform semantic indexing The first feature we employ is the average shot length. This
using Hidden Markov Models. Some other examples that feature was first proposed by Vasconcelos in [21]. The aver-
make use of probabilistic approaches are [23, 7, 4]. @an age shot length as a feature represents the tempo of a scene.
al also suggested a semantic framework for video indexing The director can control the speed at which the audience’s
and detection oévents They presented an exampletafnt attention is directed by varying the tempo of the scene, [20].
detection in videos, [17]. The average shot length provides an effective measure of
Specific to film classification, Vasconceles al pro- the tempo of a scene, and the first step in its computation
posed a feature-space based approach in [21]. In this workjs the detection of shot boundaries. A shot is defined as a
two features of the previews, average shot length and shosequence of frames taken by a single camera without any
activity, were used. In order to categorize movies they use amajor change in the color content of consecutive images.
linear classifier in the two-dimensional feature space. An Techniques based on color histogram comparison have been
extension of their approach was presented in Nztnal, found to be robust and are used by several researchers for
[12], which identified violence in previews. They attempted this purpose. In our approach, we extend the algorithm re-
to detect violence using audio and color matching criteria. ported in [14] for the detection of shot boundaries using

3.1 Shot detection and Average shot length



HSV color histogram intersection. performed first. We have adapted the algorithm proposed
Each histogram consists of 16 bins; 8 for the hue, 4 by Peronaet al [16] based on anisotropic diffusion. This
for the saturation and 4 for the value components of theis done in the context of scale-spacgis smoothed itera-
HSV color space. Le$ (i) represent the intersection of his- tively using a Gaussian kernel such that the variance of the
togramsH,; and H;_; of framesi andi — 1 respectively. Gaussian function varies with the signal gradient. Formally,

That is:
SHE) = §'(i) + A [eg - VES' (i) + ew - VwS' ()], (2)

S@ =Y min(Hi(j), Hi-1(4))- (1) o ,
j€allbins wheret is the iteration number ar@l< A < 1/4 with:
The magnitudeS(i) is often used as a measure of shot VeSi)=S>6E+1)—S3),
boundary in related works. The values ofvhere S(i) VwS(i) =S —1) — S(i). (3)

is less than a fixed threshold are assumed to be the shot
boundaries. This approach works quite well (see [14]) if The condition coefficients are a function of the gradients
the shot change is abrupt and there are no shot transitiorand are updated for every iteration,
effects (wipes, dissolves etc.) Previews are generally made
with a variety of shot transition effects. We have observed r=g (| VES'(i) |) )
Fhat the mo;t commonly used transition effect in_previews Ay =g (| Vi St(i) |) , 4)
is adissolvein which several frames of consecutive shots
|

overlap. Applying a fixed threshold t§(i) when the shot whereg(VS) = e ( ZED)? 1n our experiments, the con-
transition occurs with alissolvegenerates several outliers  gtants were set to. = 0.1 andk = 0.1. Finally, the

because consecutive frames differ from each other until theghot poundaries are detected by finding the local minima
shot transition is completed. To improve the accuracy, anip the smoothed similarity functiof. Thus, a shot bound-
ary will be detected where two consecutive frames will have
minimum color similarity. This approach reduces the false
alarms produced by the fixed threshold method.

Figure 1 presents a comparison between the two meth-
ods, (a) using a fixed threshold method and (b) using the
proposed method. The similarity functios is plotted
against the frame numbers. Only the first 400 frames are
T I B W i shown for convenient visualization. There are several out-
T T T W i liers in (a) because gradually changing visual contents from
° O I e frame to frame (the dissolve effect) are detected as a shot
€)) change. For instance, there are multiple shots detected
around frame numbers 50, 150 and 200. However, in (b),
a shot is detected when the similarity between consecutive
frames is minimum. Compare the detection of shots with
(a).

The average shot length is then computed for each pre-
view. This feature is directly computed by dividing the
total number of frames by the total number of shots in
the preview (the statistical mean). Our experiments show
that slower paced films such as dramas have larger aver-
age length as they have many dialogue shots, whereas ac-
tion movies appear to have shorter shot lengths because of
Figure 1: Shot detection using fixed threshold method for rapidly changing shots.
the movieRed Dragon There are 17 shots identified by a
human observer. (a) Fixed threshold method. Vertical lines3 o color Variance
indicate the detection of shots. Number of shots detected:

40, Correct: 15, False +ve: 25, False -ve: 2 (b) Shots de-Zettl observes in, [25],The expressive quality of color is,
tected by proposed method. Number of shots detected: 18Jike music, an excellent vehicle for establishing or inten-
Correct: 16, False +ve: 2, False -ve: 1 sifying the mood of an evehtln this work, we are inter-
ested in exploiting the variance of color in a ctip a whole
iterative smoothing of the one dimensional functisnis to discriminate between genres of a film. Intuitively, the
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Figure 2: Plot ofVisual disturbance (a) Four frames of ~ Figure 3: Plot ofVisual disturbance (a) Four frames of
shots taken from the movieegally Blonde (b) Horizontal ~ shots taken from the movikiss of the Dragon (b) Hori-
slices for four fixed rows of a shots from the preview. Each zontal slices for four fixed rows of a shots from the preview.
column in the horizontal slice is a row of image. (c) Active Each column in the horizontal slice is a row of image. (c)
pixels (black) in corresponding slices. Active pixels (black) in corresponding slices.

. , 3.3 Motion Content
variance of color has a strong correlational structure with

respect to genres, as it can be seen, for instance, that comeFhe visual disturbanceof a scene can be represented as
dies tend to have a large variety of bright colors, whereasthe motion content present in it. Obviously, action films
horror films often adopt only darker hues. Thus, in order would have higher values for such a measure, and less vi-
to define a computable feature two requirements have to besual disturbance would be expected for dramatic or roman-
met. First, a features has to be defined thagl@bal in tic movies. To find the motion content, an approach based
nature, and second, distances in the color space employe@n the structural tensor computation is used, which was in-
should be perceptually uniform. We employ the Qliv troduced in [11]. The frames contained in a video clip can
space, which was designed to approach a perceptually unibe thought of as a volume obtained by considering all the
form color space. To represent the variety of color used in frames in time. This volume can be decomposed into a set

the video we employ the generalized variance of the of two 2D temporal slices(z,t) andI(y, t), where each is
color space of each preview. The covariance matrix of the defined by planesx, t) and(y, t) for horizontal and verti-
multi-variate vector is defined as, cal slices respectively. To find the disturbance in the scene,
the structure tensor of the slices is evaluated, which is ex-
o 0%, o3, pressed as,
— 2 2 2
PE Tk Tp Ty | (5) o [ Jow  Jut ] _ { S, H2 Y, H.H, } @
Lo Puv N Jot Ju Yo HoHy Y, H? ’

The generalized variancés obtained by finding the deter- whereH, andH, are the partial derivatives dfz, t) along
minant of Equation 5, the spatial and temporal dimensions respectively, «arisl
the window of support (3x3 in our experiments). The direc-

2 2 2 2 4 2 4 o 4 2 2 9 tion of gray level change i, 6, is expressed as:
Z:del(p) :ULUqu70’Lo-uv7Uvo-Lufo—uo—L'u+2o—Luo—L'uguv- g y g p

This feature is used as a representation of the color variance. Tt Ju I D VI (8)



where ), and ), are the eigenvalues arfél is the rotation enough light in the scene to provide good exposure, but of
matrix. With the help of the above equations we can solve light and shade to create a dramatic effect, consistent with

for the orientation anglé as the scene. In a similar vein, Rilla sa{Al lighting, to be ef-
fective, must match both mood and purpose. Clearly, heavy
0 = }m —1_ 2Ja . 9) contrasts, powerful light and shade, are inappropriate to a
2 Jez — Jit light-hearted scene, and conversely a flat, front-lit subject

lacks the mystery which back-lighting can give 28] p.

When there is no motion in a shdtjs constant for all pix- 96. Many algorithms exist that compute the position of a

els. With global motion (e.g. camera translation) the gray
levels of all pixels in a row change in the same direction.
This results in equal or similar values éfHowever, in the
case of local motion, pixels that move independently will
have different orientations. This can be used to label each
pixel in a column of a slice as a moving or a hon-moving
pixel.

The distribution off for each column of the horizon-
tal slice is analyzed by generating a nonlinear histogram.
Based on experiments, the histogram is divided into 7 non-
linear bins with boundaries at [-90, -55, -35, -15, 15, 35,
55, 90] degrees. The first and the last bins accumulate the
higher values of), whereas the middle one captures the D -
smaller values. In a static scene or a scene with global mo- (c) (d)
tion all pixels fall into one bin. On the other hand, pix-
els with motion other than global motion fall into different Figure 4: Distribution of gray scale pixel values in tagh-
bins. The peak in the histogram is located and the pixelskeyshot (b) histogram and (®w-keyshot (d) histogram.
in the corresponding bin are markedsatic whereas the
remaining ones are marked wivepixeis_ Next, a binary ||ght source in a given image. If the direction and intenSity
mask for the whole video clip is generated separating staticof the light sources are known, tieyof the image can be
pixels from active ones. The overall motion content is the €asily deduced, and some higher-level interpretation of the
ratio of moving pixels to the total number of pixels in a Situation can be elicited. Unfortunately, for general scenes,
slice. Figures 2 and 3 show motion content measure forOf the nature usually encountered in films, assumptions typ-
two shots. Figure 2 is a dialogue shot taken from the movie ically made in existing algorithms are violated. However, it
Legally Blonde On the other hand, Figure 3 is a shot taken s still possible to compute theeyof lighting using simple
from a fight scene with high activity. Compare the density computations. The brightness value of pixels in an image
of moving pixels (black pixels in (c)) of both figures. The Vvary proportionally with the scene illumination and the sur-

density of motion is much smaller for a non-action shot as face properties of the observed object. Hendegh-key
Compared to an action shot. shot, which is more illuminated thanlaw—keyshot, con-

tains a higher proportion of bright pixels. On the other hand,
C L. a low-keyframe contains more pixels of lower brightness.
3.4 Lighting Key This simple property has been exploited here to distinguish
In the hands of an able director, lighting is an important Petween these two categories. Figure 4 shows the distribu-

dramatic agent. Generations of film-makers have exploited!ion of brightness values diighandiow key shots. It can be
luminance to evoke emotions, using techniques that are well"oughly observed from the figure that for low-key frames,
studied and documented in cinematography circles, [25]. A Poth the mean and the variance are low, whereas for high
deliberate relationship exists, therefore, between the light-key frames the mean and variance are both higher. Thus,
ing and the genre of a film. for a given key frame, W|th_ mxmn pixels in it, we find the

In practice, movie directors use multiple light sources to M&any, and standard deviation, of the value component
balance the amount and direction of light while shooting a ©f the HSV space. The value component is known to cor-
scene. The purpose of using several light sources is to enf€Spond to brightness. A scene lighting quantity., o) is
able a specific portrayal of a scene. Reynertson commentdhen defined as a measure of the lighting key of a frame,
on this issue:*The amount and distribution of light in re- G = i - o (10)
lation to shadow and darkness and the relative tonal value
of the scene is a primary visual means of setting mood.” In high-keyframes, the light is well distributed which re-
[19], p.107. In other words, lighting is an issue not only of sults in higher values of standard deviation and the mean.
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Whereas, inow-keyshots, both: ando are small. Thisen-  real data. Anin-depth treatment of the mean shift procedure
ables us to formally interpret a higher-level concept from can be found in [6]. Two salient aspects of mean shift based
low-level information, namely the key of the frame. In clustering that make it suited to this application is its ability
general, previews contain many important scenes from theto automatically detect the number of clusters, and the fact
movie. Directors pick the shots that emphasize the themethat it is non-parametric in nature (and as a result does not
and put them together to make an interesting preview. Forimpose regular structure during estimation). Since the four-
example, inhorror movies, the shots are mostyw-keyto dimensional feature space is composed of the Lighting-key,
induce fear or suspense. On the other handjedymovies Average Shot Length, Motion Content and Color Variance
tend to have a greater numbertofih-keyshots, since they  we employ a joint domain representation. To allow separate
are less dramatic in nature. Since horror movies have morebandwidth parameters for each domain, the product of four
low-keyframes, both mean and standard deviation valuesunivariate kernels define the multivariate kernel, that is

are low, resulting in a small value ¢f Comedy movies, on 4 )

the other hand will return a high value ¢gbecause of high K(x) = c H k (551) 7 (11)
mean and high standard deviation due to wider distribution hihahsha -

hi
of gray levels. wherez;, i = 1 to 4, corresponds to the average shot

length, color variance, motion content and lighting key re-
spectively. A normal kernel is used, giving a mean shift
vector of

)

4 Mean-Shift Classification
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Genre Membership of Data Set

Action + Drama
4%

Mean shift clustering provides a means to analyze the fea-
ture space without making arbitrary assumptions, and lets

Horror + Action

o Moot o Comedy the data define the probabilities of membership, so to speak.
. Hml‘r% gggxg*“m This formulation enables us to examine how well the com-
6% ® Comedy + Drama putable features discriminate between the high-level labels
Aotlon - Some e e known a priori. Such a framework facilitates the study
Drare Cormecy + Horor E:ﬁ:ﬁ:mnon of the mapping bgtween low-level computable features and
19% ’ B Action + Drama high-level semantic classes.

Comedy
Comedy + Drama 19%

7%

5 Results and Discussion

] ] We have conducted extensive experiments on just over a
Figure 5: ngre Membership of Data Set. It should be notedp,,ndred film previews, obtained from the Apple web-site,
that some films have a second genre, as well. [1]. For each preview, video tracks were analyzed at a frame

rate of 12fps. The results of our experiments indicate in-

Thus far, we have discussed the relevance of various low-teresting structure within the feature space, implying that
level features of video data, implying a formulation based a mapping does indeed exist between high-level classifica-
on feature-space analysis. The analysis of the feature-spactton and low-level computable features. We identified four
itself is a critical step that determines both the effectivenessmajor genres, namely Action, Comedy, Horror and Drama.
and the practicality of the method. Even with a highly dis- We first present our data set and the associated ground truth,
criminating feature space, if the analysis is rule-based orfollowed by experimental results and discussion.
imposes an unwarranted structure on the data (e.g. linear To investigate the structure of our proposed low-level
classifiers, elliptical shape etc.) the possibility of extend- feature space we collected a data set of 101 film previews,
ing or deploying the work becomes suspect. Extendibil- the ground truth of which is graphically displayed in Fig-
ity, in particular, is a central aspect of this work, as the ure 5. As mentioned earlier, classifying movies into binary
authors ultimately envision an inter-dependent, low-to-high genres is unintuitive, since modern cinema often produces
level analysis towards semantic understanding. Althoughfilms with more than one theme (presumably for both aes-
a multitude of techniques exist for the analysis of feature thetic and commercial reasons). Thus, we study multiple
spaces, most are unsuited for the analysis of real data. Irmemberships both within the ground truth and the output of
contrast, the mean shift procedure has been shown to havéhe proposed method. We performed mean shift classifica-
excellent properties for clustering and mode-detection with tion over all the data points in the feature space, and studied



classified as Comedy and Drama, with nineteen members.
Seven films were initially labelled as comedic dramas in the
ground truth, and four of these seven were classified in this
cluster. The cluster contained eight films labelled as come-
dies and two films labelled as dramas. The only outlier was
the horror film, Session 9. The fourth cluster, classified as
comedy, contained the highest percentage of outliers. Of
the fifteen films in the cluster, six were labelled comedies,
25 | T ———, four had at _Ieast_qne genrellabelled as comedy, g_nd five were
dentified incorrectly identified. The fifth cluster was classified as Ac-

B At least one genre tion and Comedy and had a population of sixteen. Four
classified films in this cluster were labelled as Action Comedies, five
W All genres correctly were action movies, and one was a comedy. In the last clus-

15 1 classified . .
ter, classified as Horror, we had four horror films grouped
together. This small cluster can be seen as the only suc-
cessful cluster of horror films, showing that while our fea-
tures are not sufficiently discriminating fal horror films,
it capturessomeof the structure that exists.
The total number of outliers in the final classification

e @ & N 8 & was 17 (out of 101). While this number cannot be inter-
:\’bé\ @ {b& @Q' ((\Q’ o\"o 0 ‘g . .
RS AR R T AN preted as an 83% genre classification accuracy, it strongly
& S & supports the claim that a mapping exists between low-level
¥ s © video features and high-I i i
gh-level film classes, as predicted by
film literature. Thus, this domain provides a rich area of

. - Cl vsis of i cl study, from the extension and application of this frame-
Figure 6: Cluster Analysis of Feature Space. Six clusters, 1, scene classification, to the exploration of higher-

are observed in the data and each cluster is classified by itgeq| features. And as the entertainment industry continues

dominating genre. to burgeon, the need for efficient classification techniques
is likely to become more pending, making automated film
understanding a necessity of the future.

Cluster Analysis of Feature Space

40

35 1

30 A

20 A

Number of Feature Points

the statistics of each cluster that formed. In the following
discussion, we refer to the ground truth genrelsbslsand
the cluster genres atasses 6 Conclusions

The data formed clusters in the four-dimensional fea-
ture space, the analysis of which are displayed in Figureln this paper, we have proposed a method to perform high-
6. Each cluster was assigned the label of the ‘dominatinglevel classification of previews into genres using low-level
genres’ in the cluster. We analyzed each cluster formed,computable features. We have demonstrated that combining
counting number of films (1) with all genres correctly iden- visual cues with cinematic principles can provide powerful
tified (2) at least one genre correctly identified and (3) no tools for genre categorization. Classification is performed
genre correctly identified. The first (and largest) cluster using mean shift clustering in the four dimensional fea-
that was identified was the Action-Drama cluster, with 38 ture space of Average Shot Length, Color Variance, Motion
members. Although, only five movies were labelled Action- Content and the Lighting Key. We discussed the clustering
Dramas in the ground truthall five appeared within this  thus obtained and its implications in the Results section. We
cluster. Moreover, the remaining points within this cluster plan to extend this work to analyze complete movies and
were composed of ten films labelled as action films, and to explore the semantics from the shot level to the scene
six films labelled as dramas. Eleven films with at least one level. We also plan to utilize the grammar of film mak-
genre labelled as drama or action were also observed inng to discover the higher level description of the entire
this cluster. The majority of the outliers (five out of six) storielines. Furthermore, we are interesting in developing
came from the Horror genre. The dominating genre in the computable features for mid-level and high-level informa-
second cluster was drama, with nine members. Nineteertion, as an inter-dependent multi-level analysis is envisaged.
films were labelled dramas in the ground truth, and eight of The ultimate goal is to construct an autonomous system ca-
them were classified in this cluster. Only one outlier was pable of understanding the semantics and structure of films,
observed within this cluster, Darkness Falls, which was la- paving the way for many ‘intelligent’ indexing and post-
belled Horror in the ground truth. The third cluster was processing applications.
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