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ABSTRACT 2. RELATED WORK

Besides thg reduction of redundancy the se!eption of representatimany summarization approaches use some heuristics to determine
segments is a core problem when summarizing collections of rays|evant segments, e.g. segments with activity, interesting camera
video materiz_al. We propose a novel approach for the se_lection of segnotion, humans present in the scene etc. Approaches using ma-
ments to be included in a video summary based on Hidden Marko¥hine |earning techniques apply them to event or concept detection
Models (HMM), which are trained on an annotated subset of theynq then include segments containing certain events or concepts in
content. The observations of the HMM are relevance judgments ghe summary. There are few approaches that use machine learning
content segments based on different visual features, the hidden staggnniques to build a model of relevant content from annotations or

are the selection/non-selection of content segments. The HMM igser interactions and apply it to content selection. Some of these
designed to take all relevant scenes into account. We show that thgysroaches are specific to certain domains.
approach generalizes well when trained on sufficiently diverse con-

tent In [3] the authors use HMMs for news story segmentation. The

states of the HMM correspond to start/end of a news story, adver-
tisements and other. The observations are based on features from
audio and video as well as closed caption data. The authors of [4]
use HMMs to classify shots of sports video into 15 classes in or-

der to summarize it. In [5] a HMM based approach for classify-

O.“.f wor_k IS motlvate_d by the problem_ of content man_agement Ir]ng segments of football video into play, break, focus and replay
digital cinema and video post-production. After shooting, a Iargqs presented. An approach to event detection (e.g. explosions in
amount of raw material (“rushes”) must be organized and viewed i%ction movies) using HMMs is presented in [6]. The work in [7]
order to identify the small fraction that will be used in the final con- resents a HMM based approach using compact chromaticity signa-
tent. Video summarization tools can Support users in viewing th'%)ures for key frames and scene durations/transition for topic classifi-
content and selecting segments of content for use in a IOrc)dm:t'oﬂation (news, commercial, basketball, baseball). The authors of [8]

In previous work we have_ explored met_hods for_ fed“_c”?g the redunf)resent an approach for classifying segments of video documentaries
dancy of the content, mainly by clustering multiple similar takes of;

. o into commentator, picture and video clip.
one scene [1]. Once redundant content has been identified acruma} A ber of P deal with P lassificati ina HMM
task is to decide which segments from the remaining content shall A NUmber of papers deal with genre classification using S,

be included in a summary. The aim of this work is to develop &9 [9]. A hierarchical approach for HMM based semantic analysis

novel approach for extracting relevant segments to be included in?f video is presented in [10]. In this work several layers of HMMs
video summary, which does not rely on knowledge about the vide&" event, segment and genre detection/classification are used.
domain or heuristics, but can be trained on ground truth annotations Other approaches are not limited to a certain domain or genre
or user interactions. In the context of this paper “segment” denote@r perform genre classification, but classify shots into a set of con-
a temporally coherent clip of the input video of arbitrary length andtent types. In [11] a HMM is used to classify shots into establishing,
not necessarily linked to any properties of the input video (such agialog and master shots based on the size of the largest face in the
shot boundaries). As a video has temporal continuity the selectiohot (master, medium, close up). In [12] a summarization method
of each of these segments is not independent. We thus do not trdgtpresented which is based on classifying video segments into di-
this problem as a classification problem of segments or subsegmerg and high/low action content, with transition states in between.
but as a sequence labeling problem. The features used are face detection, audio segmentation (silence,
The rest of this paper is organized as follows: Section 2 disSPeech, music) and zero crossing rate, location change and motion
cusses machine learning approaches for summarization and contétivity- The approach in [13] is based on the concepts of the scene
selection, focusing on HMM based methods. In Section 3 we preseffansition graph (STG) and logical story units (LSU). Each hidden
our Hidden Markov Model (HMM) based approach for segment Se__state of the HMM corresponds to a cluster in a LSU. The symbols

lection. Section 4 presents evaluation results on the TRECVID [2]n the observation sequence are the individual shots of the videos.
2007 rushes data set and we conclude in Section 5. he transition probabilities between the story units are calculated

from the data (edges in the STG) and the observation probabilities
The research leading to this paper has been partially supported by tfd€ given by the relative motion activity. In [14] the video summa-

European Commission under the contracts FP6-045032, “SEMEDIA’ andization problem is solved using a variant of one-class SVMs called
FP6-027026, “K-Space”. fuzzy one-class SVM that take importance measures derived from

1. INTRODUCTION




video features into account. Parameters such as the number of seatiscarded). Thus we need to distinguish between two types of rele-

ments and the segment length are also considered in the fuzzy mewant segments: those that shall be selected and those that shall not.

bership function. We cannot simply mark the segments we do not want to select as
The authors of [15] present a method for training a HMM on non-relevant, as we assume that the two classes correspond to differ-

the user’s browsing behavior. A set of ten browsing states is defineeint observations and this would spoil the model parameters. We thus

and a HMM is trained for each user using unsupervised learningdefine our model as follows:

Video previews (in contrast to summaries they are not assumed to

complete) are ge'n(.erated ”0”? this data,.i.e. video segments watche within any of the segments marked as relevant in the ground

while the viewer is in “interesting” browsing states are selected. The truth.

selected segments are long enough that complete topical phrases in . ) o

the audio are preserved. In [16] a video summarization algorithrfelevant (R, state 2) A sample of the video that lies within one of

n-relevant (N, state 1) A sample of the video that does not lie

which selects segments based $imotRankis presented. This is a the segments marked as relevant in the ground truth, but shall
relevance measure that is gathered by logging the video segments ~ Not be selected for inclusion in the summary.
viewed when browsing a video repository. selected (S, state 3)A sample of the video that lies within one of

In [17] a HMM based approach for relevant passage extraction the segments marked as relevant in the ground truth and shall
from text documents is presented. It deals with the problem of ex- be selected for inclusion in the summary.

tracting coherent, variable length text segments of documents WhicFhe HMM is ergodic, i.e. changing from any state to any other is
are relevant to a query. The model uses five states, two of them corr, S

. . .possible. Itis a priori not clear how to distinguish between relevant
sponding to a relevant segment (one trained on relevant observatl d selected segments in the ground truth. We use the longest of the

relevant passage per document. the transition and observation probabilities.

A major problem of this 3 state model is that we have very lit-
3. HMM FOR SEGMENT SELECTION tle control over where in the video the segments are selected. The
amount and length of relevant segments can be controlled by the
rﬁmnotation of the ground truth, but cannot ensure that the selected
segments represent all the scenes in the content set equally well. For
example, the set of selected segments may contain several ones from
&ne scene, but none from the other scenes.

We formulate the problem of selecting relevant video segments fro
an input video as follows. Lef’ = (fi,..., f») be a sequence of
feature vectors representing a video, wher€ the number of sam-
ples (equivalent to frames in the visual modality) in the video, i.e. th . ;
sequence describes the original video or a temporally subsample% A comparable probl_em IS addressgd in [17] for text documents,
one. F' can contain arbitrary features derived from the audiovisualV'€"® the athors design a HMM which ensures that exactly one
content. In our workF” represents relevance and redundancy value ext passage is extracted from each document of a query result set.

derived from different visual features for a sample of the video, bu e adopt this idea in order to better control the segment selection
' ehavior. We include scene boundaries into the model and constrain

one could apply the same approach to raw feature values (late fu- lection t i We th dth
sion). For details about the features and how the approach is usedt N Stegc lon obzerodor gne.setgmeg S pertscene. N usfntie ¢ ?est
the context of a summarization system see [18]. Imated scene boundaries In the observation seéquence of he test se
. ; as additional input. The set of segment boundaries in the observation
Our approach is based on Hidden Markov Models (HMM). The o
; . sequence of the test set is initialized from the detected shot bound-
feature sequencg is the observation sequence of our HMM. The _ . : )
- . aries. Then all boundaries between shots that the retake detection
sequence of hidden stat@s= (q1, .. ., g») represents the selection : -
state of a sample (e.g. redundant, relevant, selected for inclusion ﬁlgorlthm [1] has assigned to the same scene are removed.
P 9: ' ! ) We thus extend the HMM to include a specific state for segment
the summary). Each; takes a value out of a possible set of state . o
4 boundaries and we distinguish between relevant and redundant con-
labels (as defined below). ;
tent before and after the selected segment (in order to enforce the

As we use a first-order Dlscrgte HMM (DHMM).We have tp selection of zero or one segments). The HMM has then the follow-
map the input feature vectors to discrete scalars. This can be elthﬁf{g states:

done by assigning a fixed number of bits to each of the elements o _
fi or by vector quantization (VQ). We have tried VQ with differ- non-relevant (Npre, state 1) A sample of the video that does not

ent number of bits per sample, but as this improves the result only ~ lie within any of the segments marked as relevant in the ground
very marginally at significantly higher computation cost we use the truth and is before a possible selected segment from this scene.
simpler approach. relevant (Rpre, State 2) A sample of the video that lies within one

The same content analysis algorithms are applied to both the of the segments marked as relevant in the ground truth, but
training and test set to yield the feature sequericésr each video shall not be selected for inclusion in the summary, and is be-
in the sets. For the training set, the seque@cef hidden states is fore a possible selected segment from this scene.

created from a ground truth annotation. Without loss of genera"tyselected (S, state 3A sample of the video that lies within one of

we can treat a training set conS|stlng of several videos as one long the segments marked as relevant in the ground truth and shall
sequence. The ground truth annotation labels segments as relevant be selected for inclusion in the summary

or non-relevant (i.e. we can derive a binary relevance value for each ]
sample) and contains information about scene boundaries (i.e. whiggene boundary (B, state 4)A sample representing a scene bound-

parts are raw material for the same scripted scene). ary (i.e. the first sample of a scene).
A straight forward approach would thus be to use a model witthon-relevant (Nos¢, State 5) A sample of the video that does not
two possible hidden states. It becomes clear that not all relevant lie within any of the segments marked as relevant in the ground

content can be included in the summary (e.g. repetitions need to be truth and is after a possible selected segment from this scene.



HMM | Precision| Recall | Scene p.| Scener.| Fraction
‘ 3 state 0.3641| 0.1371| 0.5429| 0.3220| 0.1596
6 state 0.3410| 0.2528| 0.5405| 0.4851| 0.2815

@ ’ @ Table 1. Comparison of the 3 state and 6 state HMMs. The table
lists sample-based precision and recall, scene-based precision and
scene recall and the fraction of the duration of input content that has

'@ @' been selected.
state model and application of the approach to content from different
productions.

4.1. Comparison of 3 and 6 state model

For the comparison we have performed leave-one-out cross valida-

tion on the complete TRECVID 2007 test data set (about 20 hours).

We use the following measures: precision (correctly selected sam-
Fig. 1. Topology of the 6 state HMM. ples over all samples reported as selected), recall (correctly selected
samples over all selected samples in the ground truth), scene preci-
sion (scenes for which segments have been correctly reported over
number of reported segments), scene recall (scenes for which seg-
of the segments marked as relevant in the ground truth, bdpents have been correctly reported over number of scenes contain-

shall not be selected for inclusion in the summary, and is aftef'9 selected segments in the ground truth) a_nc_j the fraction of content
a possible selected segment from this scene ' that has been selected. For the scene precision and recall a scene is

assumed to be covered if one segment of this scene has been selected.

Figure 1 shows a graphical representation of this model. There are 1able 1 shows the resuits of this experiment. The 6 state model
four groups of states: states that can be taken before a selected s¥l!ds a slightly lower precision value, but significantly higher recall
mentin the scene has been encountekgg(andR ), the selected values (sampl_e-based recall n'early c_ioubles, scene recall increases
state (S), states that can be taken after a selected segment in the sc@}&0%)- Besides the better distribution of content over the scenes
has been encountere (os; andRy.) and the scene boundary (B). this is caused by the hlgher.fractllor.l of content belng included in
In general, these groups of states can only be traversed in this Ot‘he summary. Note that desp_lte this increase the fraction of select_ed
der. The exceptions are the direct transition between scene poung@ntent is still below the fraction of content annotated as relevant in
ary and selected content (as selected content may be directly at tHt ground truth (0.3715).
begin or end of a scene) and the “short cuts” from the pre-selection
states to the scene boundary (in case that no segment is selected fram_  Generalization
this scene). Note that this topology is not simply a design decision:
Based on the structure of the training data the trained transition m&ne important question is how well the proposed approach general-
trix of an ergodic HMM will also have zero entries for the transitions izes when applied to a different content set. We can again use the
missing in this topology. TRECVID 2007 rushes data set for this experiment, as it is not a
The proposed method is applied in the content selection step of@mogeneous data set but composed of videos from different TV
video summarization system. In our experiments the feature vectoRgoductions, including genres as different as e.g. a children’s pro-
f: for the samples consist of relevance values derived from visugdram with hand puppets, a hospital series, a mystery series and a
features (visual activity, presence of faces) and redundancy valué®cumentary about ancient Greece. We selected the five productions
(color bars, other unusable content, redundancy information basddrhe House of Eliott” (HE), “Casualty” (Ca), “Jonathan Creek”
on repeated takes). The video sequences are typically subsamplédC), "Ancient Greece” (AG) and “Between the Lines” (BL)) for
e.g. by factor 10. The values in the feature vectors are either b|naWthh at least four videos are available in order to have training sets
or floating point values in the intervé, 1]. The Viterbi algorithm  of at least two hours. We performed experiments by training the 6
is applied to estimate the most likely sequence of hidden states fé&tate model on the content set of each of the productions and apply-
the given observation sequence. From the output of the HMM 4hg the model to each of the four other productions and by training
list of selected segments is created for the subsequences of sampkall videos of the data set except one production and testing on the
for which ¢; = S. The relevance of such a segment is given asvideos of the productions not used in training.
the likelihood of the observation sequence for the segment given the Table 2 summarizes the results of these experiments. It can be
estimated state sequence. seen that the results depend mainly on the training set and not on the
pairwise relation of the content sets (e.g. training on JC and testing
on Cayields quite bad results, while training on Ca and testing on JC
4. EVALUATION performs much better). The performance of the model is influenced
by the diversity and inhomogeneity of the training data. The videos
For evaluation we use the TRECVID 2007 rushes data set and tHeom some of the productions are more homogeneous (e.g. contain-
annotations provided by NHK [19] which contains lists of relevanting mainly indoor scenes) so that good results are reached for other
segments and an identification to which scene each segment belongsoductions with the same type of content. This assumption is sup-
We have performed two experiments: comparison of the 3 and forted by the fact that the model trained on all but one productions

relevant (Rpost, State 6) A sample of the video that lies within one



Table 2. Generalization of the approach: the 6 state model has been trained on the production stated in the first column, sample-based
precision and recall of applying this model to the other productions are listed. The last line shows the results for training on all videos of the

Test HE Ca JC AG BL
Training prec. rec.| prec. rec.| prec. rec.| prec. rec.| prec. rec.
HE n/a n/a| 0.2224 0.3338/ 0.3008 0.3156| 0.2883 0.3694| 0.4292 0.4436
Ca 0.1811 0.0266 n/a n/a| 0.3968 0.1863| 0.1202 0.0400| 0.3889 0.1328
JC 0.1346 0.0002] 0.0862 0.0001 n/a n/a| 0.1776 0.0002| 0.1765 0.0002
AG 0.3203 0.1636| 0.2327 0.2701] 0.2221 0.1359 n/a n/a| 0.4098 0.2885
BL 0.3950 0.0395| 0.0529 0.0122| 0.1164 0.0144| 0.3058 0.1118 n/a n/a
all except test| 0.3485 0.1342| 0.2355 0.2814| 0.2578 0.1740| 0.2226 0.0035| 0.3679 0.2836

content set except for those being part of the production used for testing.

yields generally good results, which are comparable to those of the
leave-one-out cross validation presented in Section 4.1.

5. CONCLUSION

(8]

We have presented a HMM based approach for selecting segments
to be included in summaries of raw video content. It has been shown9]
that the 6 state model taking scenes into account provides better re-
call and better representation of the different scenes, but produces

longer summaries. While we can statistically control the expectedg;
length and number of selected segments via the annotations of the

training data we cannot ensure a certain minimum or maximum du-
ration of the selected segments for a particular video. Also it is diffi-

cult to eliminate certain types of unwanted content (e.g. color bar:
if they appear as short segments between relevant content. We h

T

also shown that the approach generalizes well across different con-
tent sets if the training set is sufficiently diverse. An advantage of the
DHMM approach is that online training, e.g. from user interactions
in a browsing tool, is possible.
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