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ABSTRACT Examples of intermediate concepts occurring in audio include ex-
plosions, music, speech; for video, outdoors, sky and faces. The
annotated training data is used to develop explicit statistical mod-
“els of the intermediate-level concepts; each such model can be
used to automatically label occurrences of the corresponding con-

. ; A - cept in new videos. However, semantic concepts of interest to
tial Wc_Jrk“_towards a triunable system that acquires a coI_Igctlon of users often involve multiple intermediate-level concepts; the ex-
generic |n§ermed|ate semantlg concepts across modalities (SUChampIe considered in this paper is a rocket launch, which (gener-
as audio, video, t_ext) an(_j combmeg information from thes_,e_ modal- ally) occurs outdoors and involves an explosion and often has a
ities for automatic labeling of a “high-level” concept. Initial re-

. : . 0 . rocket object visible. In addition, the speech content may offer a
sults suggest that multi-modal fusion achieves a 12.5% relative .o nigown sequence. More complicated statistical models must
improvement over the best unimodal model.

be constructed for thed@gher-levelconcepts, combining (“fus-
ing”) information from intermediate-level models and from any
1. INTRODUCTION other usable information sources. Fusion may occur at various
levels: at the level of features, across only audio-related or video-

and retrieving content. This paper describes methods for the auto-re”"ted (_:oncept models, or across concepts in_multi_ple modalities.
matic labeling and retrieval of high-level semantic concepts within AS With |ntgrr}1ed|ater;levebl concgptsi tgelresultlndg higher-level se-
unstructured video, with particular focus upon the integration of Mantic models can then be used to label new videos. As a starting
information from multiple modalities. The work reported repre- point, our unit of semantic labeling and retrieval is a camera shot.
sents initial results from a project which is developing a generic Future work will address whether this is the most effective unit for
trainable system for classification of multimedia content based on Semantic concept labeling. The overall framework is illustrated in
semantics.

Figure 1.
In common with many authors such as [1, 2, 3], we approach se_There are several challenges to be overcome in such a system.
mantic labeling as a machine learning problem. Much of prior

Firstly, low-level features appropriate for labeling intermediate-
work focused on extracting semantic information from a single level co_ncepts mgst be identified (since different features may be
modality and joint modeling of intermediate-level concepts. The @PPropriate for different concepts). Secondly, higher-level con-
novelty of this work is in combining cues from audio, text and _cepts mL!St be linked to the presence (qr absence) of appropriate
visual modalities for extraction of higher-level concepts (such as mkt]r_ernlwedlate-lefvel conc_eptsf (either W|th||n a modality ﬁr across).
testimonial, rocket launch) as opposed to intermediate level con-T irdly, a set of appropriate fusion mo_de S nee_d to be chosen to in-
cepts (such as music, outdoors, 2kyjhis paper will focus mainly tegrgte the information from multlple_lntermedlate level concep;s.
upon the processing and integration of cues from audio and speech!” this paper, we do not address the first two and focus on the third.

More details of video processing and other fusion schemes may pe-uture work will address techniques to automatically select rele-
found in [4] vant intermediate labels and low-level features.

High Level
Concepts

In this paper we describe methods for automatic labeling of high-
level semantic concepts in documentary style videos. The empha:
sis of this paper is on audio processing and on fusing informa-
tion from multiple modalities. The work described represents ini-

Large digital video libraries require tools for storing, searching

The structure of the paper is as follows. Section 2 presents a
detailed overview of the proposed semantic content analysis sys-
tem. Sections 3 and 4 describe the processing of audio and speech

Audio

streams, respectively; Section 5 describes the approaches investi- — Matching
gated for combining multiple intermediate concept models into a
single higher-level concept model. Section 6 presents experimen- Audiog Soneepts
tal results. The paper ends with conclusions and future work. iyl
High Level
Concepts s Fusion
2. SEMANTIC CONTENT ANALYSIS SYSTEM - Matching
Media Intermediate
Ranked List of Shots

Our approach to automatic semantic labeling begins by assuming
the a-priori definition of a set dhtermediate-levesemantic con-
cepts (objects, scenes and events) which is assumed to be broad
enough to cover the semantic query space of interest. Such con-
cepts can be annotated manually within a set of “training” videos.

Video Processing

Figure 1: Diagram of Semanti n Analysi m
1Audiohere refers to non-speech content of the sound-tfEskicould gure agram of Semantic Concept Analysis Syste

be derived from, for example, the speech content.



3. MODELING AUDIO-BASED INTERMEDIATE-LEVEL neighboring shots as an alternative follows [5].) The word time
CONCEPTS marks necessary to determine the mapping from word tokens to

The scheme for modeling audio-based intermediate-level conceptsshots can be obtained using either a forced alignment with an ASR
such as silence, explosions or music, begins with the annotated ausystem (for ground truth transcriptions) or directly from the ASR
dio training set described earlier. Regions corresponding to eachoutput (for the case of automatically produced transcriptions). The
class are segmented from the audio and low-level features extracte#/ords in each document are then tagged with part-of-speech (eg.
One obvious modeling scheme uses these features to train a Gaugioun phrase), which enables morphological decomposition to re-
sian mixture model (GMM) for each concept. However, this ig- duce each word to its morph. Finally, stop words are removed
nores the duration properties of the audio events; use of theseusing a standard stop-words list.

GMMs to label new (or even training) videos (by assigning each Our system for retrieving a particular semantic concept using speech
frame in the new data to the most likely generating concept) may transcriptions alone assumes the a-priori definition of a set of per-
yield implausibly short events. One scheme for incorporating du- tinent query terms. The set might be derived from human knowl-
ration modeling is as follows: a Hidden Markov Model (HMM) €dge, Word Net [6] or from words co-occurring frequently with
with some number of states is used to model each audio conceptthat concept in the annotated training data. Tagging, morpholog-
each state in a given HMM has the same observation distribution, ically analyzing and applying the stop list to this set of words (in
namely the GMM trained in the previous schémdhis can be  the same way as was applied to the database documents) yields a
viewed as imposition of a minimum duration constraint on the tem- Set of query terms). Database documents are ranked agaihst
poral extent of the intermediate-level labels. by theirOKAPI score [7].

To summarize, we used the following schemes for generating in-

termediate level concept scores. 5. FUSION OF CUES FROM AUDIO, TEXT AND VISUAL

e Scheme 1: The HMMs for different concepts are placed in MODELS
parallel and a Viterbi decoding is used to segment the audio
track into a sequence of audio-event labels. This segmenta-
tion is integrated over the duration of a shot which gives us
the fraction of a shot for which the particular concept was
present.

Processing of the individual modalities yields a set of scores for
each shot in the corpus from Audio, Text and Visual models. The
scores derived from the processing of individual modalities can
then be combined to produce a final ranking of documents. We
note here that the intermediate visual models include fire, sky, out-
e Scheme 2: A more refined method to estimate the fractional doors, face, and rocket vehicle and these models were trained using
presence of the different intermediate-level concepts in a Support Vector Machines.
shot is to use the HMMs to generate an N-best list at each For fusing the scores, we used the following approach. The scores
audio frame and then average these scores over the duratiofrom all the intermediate models were combined to form a vector
of the shot. whose dimensionality is the number of intermediate concepts. A

e Scheme 3: We notice that there are variations in the ab- Support Vector Machine (SVM) is then trained in this space with
solute values of these scores due to variations in the shotPOSitive and negative examples of the high-level concept (in our
lengths, thresholds chosen for generating the N-best list etc.case, the rocket-launch event). This is illustrated in Figure 2. We
To counter these variations, wermalizethese scores by ~ note h(_ere that we alsc_) experimenteq_with Bayesian Networks (BN)
dividing each concept score with the sum of all the concept for fusion between different modalities. The performance of the
scores in a particular shot. BN framework for fusion is not as good as the SVM model and we

restrict further discussion to the SVM model.
We note that Schemes 2 and 3 outperform Scheme 1 and therefore

restrict further discussion to the latter two.
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4. USING SPEECH FOR RETRIEVAL OF O.. ° O
HIGHER-LEVEL CONCEPTS

In addition to the audio-based intermediate-level concepts, we use
textual cues derived from the speech content in the video. This [m]w]

can be either from manual transcriptions such as close-captioning

or produced using an automatic speech recognition (“ASR”) sys- » . o
tem on the speech content. Given corpus transcriptions of either
type, the transcriptions must be split into documents. Documents

are defined here in two ways: the words corresponding to a shot
or the words in a shot plus its left and right neighbors. (The latter
reflects a belief that in highly edited videos, speech cues may oc-
cur not just within the unit of the (potentially short) shot, but also
in surrounding shots; “surrounding shots” might profitably be de-
fined as “shots in the same scene as the shot of interest”, but there

High dim vector
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'Figure 2: Combining Information From Multiple Intermediate
Concepts using Support Vector Machines

is no scene detection in the current system. Use of left and right 6. EXPERIMENTAL RESULTS
2|tis closely related to the speech vs. non-speech segmentation schem(--:-l_-he foIIc_)Wing results demonst_rate th_e feasibility of our “seman-
of IBMSpine2, see Saon et al., ICASSP02 tic labeling framework for a single high-level concept: “rocket

3N-best lists can be generated in multiple ways. We specifically used launch”. All labeling (or retrieval) is applied at the level of camera
the scheme suggested in Zweig and Padmanabhan, ICSLP 2000. shots.



6.1. Corpus and Shot Segmentation

— Implicit
- -+ Explicit

Our experiments use subsets of the NIST Video TREC 2001 cor-
pus [8], which comprises production videos derived from sources ,
such as NASA, and OpenVideo consortium. Shot segmentation *
was performed using th@M CueVideaoolkit [9, 10]. The cor- i
pus supplies evidence to support our hypothesis that integration of
cues from multiple modalities is necessary to achieve good label-
ing or retrieval performance. Of the 78 manually annotated rocket (@) (b)

launch shots, only 51 contain speech and only a subset of those

contain rocket-launch related words. (The subset when errorful Figure 3: (a) Effect of Duration Modeling and (b) Implicit vs Ex-
ASR is in use is potentially even smaller.) For the same 78 rocket- plicit Fusion

Ia_lunch shots,_ the gnost perthent audio cues are music_ and eXplo's.ame system. Prior to generating the ASR, the audio data was
slons, fqund in 84% _and B(M) of manually labeled audio Samples preprocessed using an automatic speech/non-speech sedmenter
respectively. In the visual side, the rocket shots are from a variety

of poses and in many cases the rocket exhaust completel occludeThe frame-level accuracy of the segmenter is 779 (speech 88%,
P . y . . pietely ﬁon-speech 59%). Very short segments are then merged. The ASR
the rocket object. Therefore, it seems unlikely that any single au-

dio, speech or visual cue could retrieve all relevant examples error rate over the manually transgribed 13 video retrieva_l s_ubset
! ' is currently47.6%. Documents derived from these transcriptions

comprise words corresponding to single shots or to shots plus their

6.2. Audio-only Retrieval Results left and right neighbors.

Two query term sets) pertinent to rocket launches were used:

the firsttraining-set based querycomprises query terms selected

Precision
Precision

Recall Recall

The current set of audio-based intermediate-level semantic con-

cepts comprises six events including explosion, music, speeCh’from amongst words frequent in rocket launch shetsy{nes, flight

noise, silence, and nonsense. Examples of these events have beeﬁlﬂ off, NASA, five, four, three, two, one, shuttle, sp the
manually annotated in the sound-track of 13 video clips from TREC selcon(’dhumar{-kno;/vledée basled qhery’s’ obtainéd by asking

2091' 'Slnce datfa labeled with these'events IS I_|m|ted, a CroSS- <ars unfamiliar with the TREC corpus for words expected to be
validation or leaving-one-out strategy is adopted in these experi-

ments: models are trained on all-but-one video and tested on thepertinent for the rocket launch everNASA, ariane, rocket, launch,
o space, agency, nasda, satellite, spacecraft, space, shuttle, mis-

held-out video. The results presented are the average over all suclgion)

comb!natlons. Th? |nterm$d|ate-level Ialaels thus g_enerated areFigure 4 shows the performance of the text-based retrieval for the

combined for the high-level “rocket launch” event retrieval.

. - . rocket launch query. It is clear that improving the ASR can im-
Xvsegsseyitzeﬁglrgg/lgtﬁg\?vtjli?/?l/ fi Zﬁfrtézl C'ggzﬁ'rzgti‘;%mbn;o;gg prove th_e retrieval perfor_mance. Howev_er, clearly more work is
authors include centroid frequency, pitch etc [1, 11, 12, 13]. heeded in query formulation and expansion.

In the first experiment, we study the effect of using a HMM for
duration modeling of a single intermediate concept (Explosion).
In the second experiment, we look at the effect of different audio-
only fusion strategies. We note here that Scheme 3 in section 3 can
be viewed asmplicit fusion where the score for a concept is now
based on all other concept scores in a shot. For explicit fusion, we
take the scores (from Scheme 2) of explosion, music, speech and
speech-music and combine them using a Bayesian Network. Inim-
plicit fusion, we rank the shots based on the normalized (Scheme
3) score of the explosion cue. @ (®)
Figure 3, part (a), compares the retrieval of the intermediate-level
explosion concept with HMM and GMM scores, respectively. No-
tice that the HMM model has significantly higher precision for all
recall values compared to the GMM model. Figure 3, part (b),
compares rocket-launch concept retrieval when using the implicit
a_nd explicit schemes to _combine mL_JItipI_e_inter_mediate-level au- g 4 Fusion of Multiple Modalities for Retrieval

dio concept scores. Notice that the implicit fusion scheme has a

significantly higher precision for all recall values. For fusion using Support Vector Machines, we used 10 interme-
diate and high-level models (Audio: explosion, music, speech,
speech-music; Video: rocket, outdoors, sky, face, fire-smoke; Text:
rocket launch) with a radial basis function (RBF) kefndlhe re-

The speech-only retrieval experiments use a subset of 13 videosults are reported using leave-one-video-out cross validation.
clips from TREC 2001. Two retrieval scenarios are investigated: Figure 5 illustrates the performance of retrieval using audio model,
retrieval using ground-truth transcriptions and retrieval using tran- video model and the joint SVM fusion model. For audio, we used
scriptions produced using ASR. The ground truth transcriptions the implicit fusion model. For video, we used the rocket object
comprise manually-produced transcriptions; words were time aligned
to shots using the IBM HUB4 (Broadcast News) ASR system [14].  4Using a scheme similar to IBMSpine2 system
The speech recognition transcriptions were produced using the Susing SVMLight http://svmlight.joachims.org/

—— Ground Truth, Shot
Ground Truth, 100 word

-~ ASR, Shot
- - ASR. 100 wrd

PRECISION
PRECISION

RECALL : " Recall

Figure 4: (a) Results: Training-set based Query. (b) Results:
Human-knowledge based Query

6.3. Speech-only Retrieval Results




Technique

Retrieval FOM

Best uni-modal (audio)
Best visual

Joint (audio+text+visual)

Text (human-knowledge base(r) 0.14

0.56
0.39

0.63

Table 1: Summary of retrieval experiments using individual

modalities and the joint SVM model

SVM model [4F. The text-only model is not shown in the plot
because of its poor performance. To enable a quick comparison of
the precision-recall figures, we calculate an overall figure-of-merit

which are related to higher-level semantic concepts.
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