
Audio Visual Cues for Video Indexing and
Retrieval

Paisarn Muneesawang1, Tahir Amin2, and Ling Guan2

1 Dept. of Electrical and Computer Engineering,
Naresuan University, Thailand

2 Dept. of Electrical and Computer Engineering,
Ryerson University, Toronto, Canada

{pmuneesa, tamin, lguan}@ee.ryerson.ca

Abstract. This paper studies content-based video retrieval using the
combination of audio and visual features. The visual feature is extracted
by an adaptive video indexing technique that places a strong emphasis
on accurate characterization of spatio-temporal information within video
clips. Audio feature is extracted by a statistical time-frequency analysis
method that applies Laplacian mixture models to wavelet coefficients.
The proposed joint audio-visual retrieval framework is highly flexible
and scalable, and can be effectively applied to various types of video
databases.

1 Introduction

There are many challenges involved in content analysis and summary of video
documents. Compared to a still image, the spatio-temporal information of video
files contains a fusion of multimodality signal of the visual frame, music, caption
text, and spoken words that can be deciphered from the audio track. When they
are all used together, these modality signals are the most powerful features for
an analysis of video content to convey meanings and semantic information as
compared to any single modality. In a sport video, audiovisual joint analysis is
effective to detect key episodes, such as a goal event scene, a touchdown sequence
[1], and racket hits in a tennis game [2]. In television broadcasting, multimodal-
ity signals can be used to classify video into certain types of scenes such as a
dialogue, story, and action [3]; weather forecasts, and commercials [4]. The multi-
modality also plays an important role in combining content and context features
for multimedia understanding. This understanding includes multimedia object
detection and organization [5][6], which aims at supporting a better interface of
high-level-concept queries.

In this paper, we present a work on joining visual and audio descriptors
for effective video content indexing and retrieval. Unlike the previous works
discussed, the proposed method retains its scalability and flexibility properties.
Firstly, the scalability demonstrates that the current technique can be applied
to a wide range of applications. As compared to the techniques in [1][2][3], the
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proposed method does not restrict itself either to specific video domains or pre-
defined event and scene classes. Secondly, the proposed technique is flexible in
that it can be applied to a longer portion of video clip, beyond the shot or
key frames. We proposed to adopt an adaptive video indexing (AVI) technique
demonstrated in [7] to characterize visual contents. AVI puts a strong emphasis
on capturing spatio-temporal information, so that it can be effectively applied
to video clips at various levels, such as shot, scene, and story [7].

As well as the visual domain, the proposed method for the characterization of
audio content is flexible enough to apply to an audio clip that contains several
applications of music, speech, or noise. We apply a statistical time-frequency
analysis method to characterize an audio clip, where the method is independent
of the pre-defined audio segments. The audio is regarded as a non-stationary
signal, in which the signal characteristic can be changed dramatically within a
given portion of audio clip. Unlike the audio classification techniques proposed
by Wold [10] and Saunders [11], which emphasize a few pre-defined audio classes
such as speech and music, the current method can attain features that address
a high degree of flexibility in characterizing the comprehensive characteristics of
the audio content.

Our main objective in this paper is to demonstrate the analytic techniques of
visual and audio contents, and how these visual and audio features can be joined
in an effective manner for video indexing and retrieval. Our simulation results
show that the proposed audiovisual analytic techniques can be generalized and
effectively applied for retrieval of various video types, including movie, music
video, and commercial from a database of 6,000 video clips.

In the following discussion, Section 2 describes visual characterization, and
Section 3 describes audio content characterization. Section 4 presents the combi-
nation of audio and visual descriptors, and Section 5 presents the experimental
results.

2 Visual Modeling by Adaptive Video Indexing (AVI)
Technique

Our motivation for using visual content characterization is based on the fact that
video data is a sequence of images. Videos which have similar contents usually
contained similar images. The degree of similarity between videos may depend
on the degree of “overlapping”, describing how often the videos refer to a similar
set of images. Let DIx be a primary content descriptor for video interval Ix. In
general, DIx can be defined by:

DIx = {(Xi, fi) | Xi ∈ IRp, i = 1, 2, ..., N} (1)

where fi denotes the i-th video frame within Ix; Xi is its feature vector, and N
is the total number of frames. It is noted that the video interval Ix can be of
any levels as defined by shot, scene, and story clips.
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With the AVI model, a descriptor is defined by the probability of finding a
frame model (or template) Mt in the input video, which is given simply by:

P (Mt) = (N × N1)
−1

N×N1∑

j=1

I(�j = �Mt
) (2)

where �Mt is the label of the model vector Mt, and N × N1 is the total number
of labels used to index the input video (described in Eq. (3)). The function I (·)
is equal to 1 if the argument is true, and 0 otherwise.

Let M be the set of models, M = [M1,, ...,Mt, ...,MT ], Mt ∈ IRp, where
T is the total number of models. These models are generated and optimized
from the training vectors Xj , j = 1, ..., J , which are obtained from the primary
descriptors of the entire videos in the database. Here, we shall assume that the
number of model vectors is significantly smaller than the number of training
vectors, i.e., T << J . In this work, the optimization process is attained by
the application of the competitive learning algorithm [8] to the training set
Xj , j = 1, ..., J . In addition, the space of X is characterized by a color histogram
feature, using HSV color space and 48 bins.

To obtain video indexing, a secondary descriptor is generated to characterize
spatio-temporal information. We generate a set of labels via a multiple-label-
mapping function F (X) : IR48 → IRN1 , where each Xi, i ∈ {1, ..., N} is mapped
onto a Voronoi Space through:

Xi ⇒
〈
t∗,RN1

t∗

〉
⇒ ρ(Xi), t∗ = arg min

t∈{1,...,T}
(‖Xi − Mt‖) , RN1

t∗ = ∪N1
j=1Mt∗,j

(3)
where RN1

t∗ is a region containing the wining node Mt∗ and other N1−1 Voronoi
cells neighboring to the node Mt∗ . The set of labels, ρ(Xi) = �Xi

t∗,1, �
Xi
t∗,2, ..., �

Xi

t∗,N1
,

contains the associated labels of the Voronoi cells in RN1
t∗ . In other words, all

labels, �Xi
t∗,j , j = 1, .., N1, represent the top N1 best match models which are

most similar to the input vector Xi. This multiple-label mapping process allows
the interpretation of the correlation information among the winning node and
its neighbors. It also addresses the correlation information between video frames
for better analysis, since these frames are usually highly correlated in the input
video.

The mapping of all video frames results in the sets of labels, ρ(Xi), i =
1, 2, .., N , which are then concatenated into a single feature vector WIx = [w1, ...,
wt, ...wT ]. According to Eq. (2), each wt is obtained by:

wt = P (Mt) = (N × N1)
−1

N∑

i=1

N1∑

j=1

I(�Xi
j = �Mt). (4)

It is noted that only a few of wt have a nonzero value since T >> N . Therefore,
the resulting vector WIx is very sparse, which allows for efficient storage space
and fast vector matching. This sparse vector can be formally defined as:

ŴIx =
[(

t̂, wt̂

)]
, t̂ ∈ X , X ⊂ {1, 2, ..., T}, (5)
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where X is a set of indexes t associated with the nonzero component wt. By
this way, the similarity matching between two video intervals, Ix and Iy can be
computed by:

S(v)
xy = 1 − ŴIx

· ŴIy

/(
||ŴIx

|| × ||ŴIy
||
)

(6)

where S
(v)
xy denote the similarity score between Ix and Iy, and the second term

in Eq. (6) is defined by the popular cosine measure.

3 Feature Extraction from Embedded Audio

In the previous section, visual information is used for video indexing. However,
the users of the video data are often interested in certain action sequences that
are easier to identify in the audio domain. While visual information may not
yield useful indexes in this scenario, the audio information often reflects what
is happening in the scenes. The existing techniques to classify audio or the
embedded audio may not be very useful for application to video retrieval. In
this type of application, music, speech, noise and crowd voices may be found
together in the same video clip. Therefore, we need features that represent the
global similarity of the audio content. A statistical approach based on wavelet
transformation and Laplacian mixture models has been adopted here to analyze
the audio data and extract the features for video indexing.

Wavelet coefficient distributions are very peaky in nature due to their energy
packing property. This type of peaky distribution is non-Gaussian in nature.
We can model any arbitrary shaped distribution using a finite mixture model
[9]. Here we use a mixture of only two Laplacians for modeling the shape of
the distribution. The model parameters of this mixture are used as features for
indexing the video clips based on the audio information only.

3.1 Feature Extraction Algorithm

The proposed indexing scheme does not depend on the segmentation method.
The video may be firstly segmented into clips using any existing algorithm. Audio
is then separated from the video clips and the signals are re-sampled to a uniform
sampling rate. Each audio segment is decomposed using a one-dimensional Dis-
crete wavelet transformation (DWT). One-dimensional DWT decomposes the
audio signals into 2 sub-bands at each wavelet scale; a low frequency sub-band
and a high frequency sub-band. The wavelet decomposition scheme matches the
models of sound octave-division for perceptual scales. Wavelet transformation
also provides a multi-scale representation of sound information, so that we can
build indexing structures based on this scale property. Moreover, audio signals
are non-stationary signals whose frequency contents evolve with time. Wavelet
transform provides both frequency and time information simultaneously. These
properties of wavelet transformation for sound signal decomposition is the foun-
dation of the proposed audio based video indexing and retrieval system.
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An increase in the level of wavelet decomposition increases the number of
features extracted for indexing. This improves the retrieval performance at the
expense of more computational overhead. We now model the distribution of
the wavelet coefficients in the high frequency sub-bands using a mixture of two
Laplacians centered at 0. The parameters of this mixture model are used as
features for indexing the audio content. It has been observed that the resulting
features possess high discriminatory power for audio classification with the low
dimensionality.

The model can be represented as:

p (wi) = α1p1 (wi|b1) + α2p2 (wi|b2) , α1 + α2 = 1 (7)

where α1 and α2 are the mixing probabilities of the two components p1 and p2;
wi are the wavelet coefficients; b1 and b2 are the parameters of the Laplacian dis-
tribution p1 and p2, respectively .The Laplacian component in Eg.(7) is defined
as:

p1 (wi|b1) =
1

2b1
exp (−|wi|/b1) (8)

The shape of the Laplacian distribution is determined by the single parameter
b. We apply EM algorithm [12] to estimate the parameters of the model.

E-Step: For the n-th iterative cycle, the E-step computes two probabilities
for each wavelet coefficient:

p1i(n) =
α1 (n) p (wi|b1 (n))

α1 (n) p (wi|b1 (n)) + α2 (n) p (wi|b2 (n))
, (9)

p2i(n) =
α2 (n) p (wi|b2 (n))

α1 (n) p (wi|b1 (n)) + α2 (n) p (wi|b2 (n))
(10)

M-Step: In the M-step, the parameters [b1, b2] and a priori probabilities
[α1, α2] are updated.

α1 (n + 1) =
1
K

K∑

i=1

p1i (n), α2 (n + 1) =
1
K

K∑

i=1

p2i (n), (11)

b1 (n + 1) =

K∑
i=1

|wi|p1i (n)

Kα1 (n + 1)
, b2 (n + 1) =

K∑
i=1

|wi|p2i (n)

Kα2 (n + 1)
(12)

where K is the number of wavelet coefficients in the current subband.
The following components form the feature vector used for indexing the audio

clips: (1) Mean and standard deviation of the wavelet coefficients in the Low
frequency subband; (2) Model parameters [α1, b1, b2] calculated for each of the
high frequency subband.

For N -level decompositions, the above algorithm gives (N × 3) + 2 feature
components for characterized audio content in the input video clip.
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The similarity function used for matching audio feature vectors is described
by the Euclidean distance:

S(a)
xy =

√√√√
P∑

i=1

(Fx[i] − Fy[i])2, (13)

where Fx and Fy are the audio feature vectors of the video clips Ix and Iy,
respectively.

4 Audio and Visual Score Ranking

The audio and visual features may not be directly combined because they are
different in both physical structure as well as their dimensions. Thus, the video
ranking is obtained separately between audio and visual feature databases. These
ranking results are then combined to obtain the final similarity ranking decision.
Using the visual feature database, the similarity scores between the query in-
terval Iq and other video intervals in the database are generated by Eq. (6).
This results in S

(v)
qi , i = 1, ..., M , where M denotes the total number of video

files in the database. These scores are sorted in increasing order, so that an
video interval Ii can be associated with its ranking index, Rank

(v)
Ii

. This way,

Rank
(v)
Ii

< Rank
(v)
Ij

if S
(v)
qi < S

(v)
qj , ∀j �= i. Similarly, the ranking of audio fea-

ture database produces the similarity scores, S
(a)
qi , i = 1, ..., M , which are used

to obtain ranking indexes, Rank
(a)
Ii

, i = 1, ..., M . For the i-th video interval Ii,

the resulting Rank
(v)
Ii

and Rank
(a)
Ii

are then combined to obtain a new similarity
score as:

S
(v,a)
qi = Rank

(v)
Ii

+ ξ × Rank
(a)
Ii

, (14)

where ξ is the scaling factor, which is set to 0 ≤ ξ ≤ 1, so as to control the
impact of audio-feature ranking outcomes. This combination produces a new set
of similarity scores, S

(v,a)
qi , i = 1, ..., M which are arranged to obtain the retrieval

set. It is noted that the audio content may have less number of class than visual
content, so that the parameter ξ can be used to weight audio feature to improve
retrieval. In the current application, the value of ξ is determined experimentally.

5 Experimental Results

For our video database, we used 3 Hollywood movies, 15 music videos, and 6
commercial videos. These videos were segmented into 6,000 video clips, each of
which contained one to three shots, and has length of approximately 30 seconds.
For visual descriptor, we chosen a model set length of T = 2000, which was used
to index video and obtain nonzero feature vector ŴIi

, i = 1, ..., 6000. The feature
length of Ŵ was in a range between 5 and 159, with mean value ≈ 29. The system
took approximately 6 seconds for indexing a single video clip. The audio feature
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extraction discussed in Section 3 was applied to the video database. The wavelet
decomposition was taken up to 9 levels. Since the components of the feature
vector represent different physical quantities and have different dynamic ranges,
Gaussian normalization procedure discussed in [13] was employed to convert the
dynamic range of the component feature to [−1, 1].

Twenty five queries were generated from different high-level query concepts
that include “fighting”, “ship crashing”, “love scene”, “music video”, and “danc-
ing party”. We used five queries for each concept, and measured retrieval preci-
sions from the top 16 best matches. Figure 1 compares precision results obtained
by using audio description, visual description, and audiovisual description. The
results in this figure were obtained by averaging the precisions within the query
concepts, as well as within the overall queries. This figure clearly reveals the ben-
efits of combined audiovisual descriptions. Using the visual and audio features
together yielded the highest retrieval accuracy at 94.8% of precision. Depending
on the characteristic of the query, the retrieval results obtained by audio descrip-
tor can be higher or lower than that of visual descriptor. In comparison, these
results show that the benefits gained from the audio and visual cues are substan-
tially insensitive to the query’s characteristic. The audiovisual descriptor takes
advantage of the dominant feature in each query concept, thereby exploring the
benefit of multimodality approach.

Fig. 1. Average Precision Rate (% ) obtained by using audio, visual, and audiovisual
descriptors, measured from five high-level query categories.

6 Conclusion

We have presented a framework on joining the audio and visual information for
effective video retrieval. Since video data involves both audio and visual signals
to convey semantic meanings, the application of audio-visual cues provides the
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most accurate tools for content analysis, compared to the method using either
visual or audio feature alone. The adaptive video indexing technique, together
with the statistic time-frequency analysis of audio contents, effectively address
the spatio-temporal content information from video clips. This is confirmed by
our simulation studies, where the proposed system successfully attained high
retrieval precision from various types of video databases.
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