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Abstract

This paper describes the FIU-UM group TRECVID 2008 highlltaegture extraction task submission.
We have used a correlation based video semantic conceptidetsystem for this task submission. This
system first extracts shot based low-level audiovisualifeatirom the raw data source (audio and video
files). The resulting numerical feature set is then diszegti Multiple correspondence analysis (MCA)
is then used to explore the correlation between items, waietthe feature-value pairs generated by
the discretization process, and the different concepts filocess generates both positive and negative
rules. During the classification process each instance tjsisotested against each rule. The score
for each instance determines the final classification. Wee ltanducted two runs using two different
predetermined values as the score threshold for classiicat

e A _FIU-UM-FEL 1: train on partial TRECVID2008 development data (all TREDY007 devel-
opment data + partial TRECVID2007 test data) using as the instance score for final classifi-
cation

e A_FIU-UM-FE2.2: train on partial TRECVID2008 development data (all TREDZ007 devel-
opment data + partial TRECVID2007 test data) using O as tlstaince score for final classifica-
tion (simple majority)



We observed a slight improvement in tAeFIU-UM-FE2 2 run over theA_FIU-UM-FEL.1 run.
Initially it appeared from the training data that using a semf —2 could potentially provide a better
performance, however; in order to test a true majority vgtaoncept we have conducted the second run
(A_FIU-UM-FE2_2) using 0 as our threshold. Based on the submitted result®andesults produced in
some of our previous work [6] we believe that the MCA processhe capability to learn the correlation
between low-level features such as color, volume, textizre and high level features (concepts) and
by that help narrow the semantic gap. One of the biggest ehgéls of this year’s high level feature
extraction task was the fact that the target high-leveldeatist has been changed. This year we have
used the same low-level features that we used in 2007. Wevbdhat this low level feature set might
have not been the best candidate to represent new high learlré list. Therefore, We believe that
extracting additional audio-visual features which aretildéi more relevant to the new concept list would
have improved our observed performance. Finally we obsktivat the problem of imbalanced data is
still a major challenge that our system is having difficudtie address. In this paper we will provide
more details regarding our system, discuss our observatiand provide some thoughts regarding the
future to which this system is heading.

1 Introduction

The high level feature extraction task in the TRECVID projE®] addresses one of the greatest
challenges in the area of multimedia content-based amalydie goal is to automatically detect high
level features (concepts) such as hand, mountain, harbgscape and more, using raw data extracted
from video, audio, and text. Many researchers refer to ttublem as the semantic gap, and still consider
bridging this gap as a great and of high priority challenge/[111]

In [1] Ayache et al. claimed that the correlation between-level features and high-level concepts
is too week to be recovered by a single classifier. As a saiuhie authors proposed a system where
several features were extracted for 260 overlapped patél32sx< 32 pixels, and an image level concept
confidence was computed using topologic context based arotifelence of all the different patches.

In [7], Mylonas et al. suggested to narrow this so called sgmgap by utilizing mid level features.
A region thesaurus was constructed by applying hierartlicatering to a small training set. This
thesaurus contained all the region types that have beerueteared in the training data set, and was
considered as the mid-level information. A model vector feaned for each image based on the region
thesaurus. This model vector semantically described thealicontent of the image. Finally, a neural
network-based classifier was trained for each concept.nGhemodel vector as an input, the classifier
provided the confidence of the existence of the concept mitie investigated image.

In [12], Zha et al. discovered an effective way to facilita@mantic video concept detection by us-
ing ontology. The presented ontology was built comprehehgin three steps, i.e., concept selection,
property selection, and relation selection. First, thecepis were organized into six categories, namely
programs, locations, people, objects, activities, anglgcs. Second, the property was described as
the weights of different modalities obtained by either edi@en approaches or manually. Last, the se-
mantic linkages among concepts were captured by using igaicerrelation (e.g., the relation between
the concepts “road” and “car”) and hierarchical relatiory(ethe hierarchical structure from concepts
“outdoor” to “building” and to “office”). The authors adoptea propagation strategy for the pairwise
relation and a Bayesian hierarchical combination strategthe hierarchical relation.



In our previous work we have been able to demonstrate thete#aess of MCA in learning the cor-
relation between low-level features and high-level cotedp [6] we have proposed an effective feature
space reduction algorithm which improved the accuracy ofes#ic concept detection. The proposed
system utilized MCA to discover the correlation between-lewel features and high level-concepts. We
used data and concepts from TRECVID2007 to demonstrateffinetieeness of the proposed system.
Finally we compared the performance of our algorithm witmsawell known feature selection algo-
rithms and were able to demonstrate the superiority of copgsed algorithm especially in the case of
imbalanced data sets. In [5] We used MCA to learn the corogldietween items (feature-value pairs)
and classes in order to generate classification rules féerdift high level concepts. TRECVID2007
data was used to evaluate this proposed system as well, apéittormance was compared to some well
known classification algorithms. Our results were prongsind demonstrated superior performance in
some cases of imbalanced data sets.

We used our work described in [5], with several modificatjasproduce the results submitted to
the TRECVID2008 high level feature extraction task. We wékcribe the framework and the different
modifications later on in this paper.

This paper is organized as follows. In Section 2, we predenptoposed framework and provide
detailed discussions on its different components. Se@&idiscusses our experiments as well as our
observations. This paper is concluded in Section 4.

2 TheProposed Video Semantic Concept Detection Framewor k

The multimedia content based concept detection system asktogproduce the results submitted to
the TRECVID2008 high level feature extraction task is bagedur previous work presented in [5].
This framework consists of stages namely, feature extraction and normalizationretigation, MCA
based rules generation, and classification. The MCA baseg ste used here is slightly different than
the one we described in [5]. More details regarding thedereices will be given in the following
sections. Before we jump into a detailed discussion of taméwork we used, we will provide a short
discussion regarding MCA and introduce some important eptscrelated to it.

2.1 Multiple Correspondence Analysis (MCA)

Correspondence Analysis (CA) refers to a technique whiaeg&gned to analyze simple two-way
and multi-way tables which contain some measure of corredgace between the rows and columns.
Multiple correspondence analysis (MCA) is an extensionhef $standard correspondence analysis to
more than two variables [9]. MCA analyzes set of observataescribed by a set of nominal (categori-
cal) variables. Each of these variables comprises sew@llsl which are coded by MCA. Each level is
coded to a binary column. For each nominal variable, onlyadiike columns (levels) can get a value of
1. MCA analyzes the product of such coded matrix, which resunlthe generation of the Burt matrix.
The functionality of MCA motivated us to explore its utilizan to analyze labeled instances described
by a set of low-level features to capture the correspondbatweeen items (feature-value pairs) and the
investigated concepts (classes).

Assuming that we have a nominal feature sekofeatures (including the classes) that characterizes
I data instances in a multimedia database. Each featuré,heesns (feature-value pairs), and the total
number of items (i.e., the sum of al}.) is equal toJ. We can denote thé x J indicator matrix by



X and theJ x J Burt matrix byY = X7 X We then, let the grand total of the Burt matrix beand
the probability matrix beZ = Y/N. The vector of the column totals ¢f is al x J mass matrix\/,
andD = diag(M). MCA will then produce the principle components from thddaling singular value
decomposition (SVD) taken from [5]:

D %(Z — MM™)(DT)"z = PAQT, (1)

whereA is the diagonal matrix of the singular values, ahd= A? is the matrix of the eigenvalues.
P contains columns which are the left singular vectors (gemdficient vectors), an@’ contains row
which are the right singular vectors (expression levelaejtin the SVD theorem.

This allows us to project our multimedia data set into a neacspby using the first and second
principle components in the 2-d space. The similarity ofrgveems and every concept (class) can be
represented by the inner product of each item and class vidicéiculated by the cosine of the angle
between each item and class. The relationship could beideddry saying that the smaller the angle
is, the more correlated the item and the concept are.
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Figure 1. The Proposed Framework.

2.2 Framework Architecture

The concept detection framework we have used is shown inr&iguDuring the first stage 28 shot
based low level audiovisual features are extracted fronvitteo corpus. 15 of the audio features and 5
of the video features were introduced in [2]. The rest of #adres were added in [4, 6]. The low level
audio features were used to extract information such asgeenergy, dominant frequencies, dynamic
range, and zero crossing rate. The visual features weretasedract information such as dominant
color, motion estimation and more. The result of the firsgjstia a shot based numerical feature set. In



order to use MCA the feature set had to be discretized. Thisdwae using the method described in [3],
using the information gain for the disparity measure. Theing set was discretized first, and then the
partitions generated by this process were used to diserteztesting set. In this work we refer to these
partitions astems The result of the second stage is that each feature wouklldereral possible items,
and each data instance (shot) in the training data set wawiel tne item per each feature.

The goal of the the third stage of our framework is to genenaes for classification. As observed in
[6], the correlation between an item and a class appearezldadntified by the measured angle between
the projection of the item and the respective class. Thezefo this stage we are looking for the items
that have the highest correlation (smallest angel) withetkistence or non existence of the concept in
the shot. The next example taken from [5] illustrates théesid

We use the concept face (labeled 19 in the TRECVID 2007 da as an example. One of the
extracted features namednter to corner ratipis discretized int® partitions which are labled0241,
10242, and10243, respectively. The projection generated by MCA of thatdeatind its corresponding
items is shown in Figure 2 also taken from[5]. The absoluteesof the angles between each item and
the face concept (high level feature) ag$.59, 24.12, and122.34 degrees, respectively. As can be seen
from Figure 2 the second item (10242) appears to bettersepte¢he positive/face concept (19), and the
others (10241 and 10243) could be used as good represastiiiahe negative/non-face class (0).
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Figure 2. The projection on the first two dimensions in MCA tak en from [5]

Next we had to realize the proper angle threshold value tesbd in order to decide whether an item
is ‘close’ enough to the class in order to justify the genieradf a classification rule. In [5] we sorted the
angles calculated by MCA and used the average of the firstdpdrgthe angel value before 90-degrees.
During our current experiments we have observed that thiimdedoes not always provide us with
the best classification results (of the training data). R teason we have decided to sort the angles
and iteratively use each value (starting with the highegteaonder 90-degrees) to generate rules and
classify the training set. Finally for each concept we del@the angel that generated the best precision
and recall values, using the training set, as a threshold tsbd to generate the final classification rules.

Finally, we used the selected item-class pairs as the eneritle for classification as follows:



e Each testing instance is checked to see if it includes tleeted items.

e Per each item in the instance that matches a rule we give d@ra st1 if it matches a positive rule
and—1 if it matches a negative rule.

e Once no more items are found for the investigated testingmee the score for this instance is
calculated by summing the scores provided in the second step

e A class label (concept / high level feature) is given to ananse based on the score based on
some threshold value. For example for simple majority \gthre threshold is set to 0. Meaning,
if an instance matches more positive rules than negative, dien it is declared positive.

3 Experimentsand Results

Our concept detection framework was trained using the ntgjof the TRECVID2007 development
video and some of the TRECVID2007 test videos. The runs we salimitted were produced using part
of the TRECVID2008 test data. Our system has been trainedested as follows. We have used the
shot boundary information provided by [8]. Based on thi®infation we have extracted 28 low-level
features from the majority of the video corpus. We have patedl the resulting feature sets along with
the proper ground truth information provided by TRECVID wotseparate databases labeled training
and testing respectively. The training database includatufe and class labeling information for the
majority of the TRECVID2007 development data and part of iIRECVID2007 test data. The testing
database included a portion of the TRECVID2008 test data.

Due to the fact that some concepts had a very low number ofigmsistances we had to sample the
data in order to properly train our system. For each condegh(evel feature) we chose all the positive
instances we had from the training database, (e.g 128 y®sitatnd randomly chose equal number
of negative instances (128 negative) from the same datablasgases where the number of positive
instances was too small, e.g. 50, we duplicated the positstances to 100, and randonly chose 100
negative instances. Based on some previous studies we lele me have learned that if the ratio of
positive to negative instances is smaller thath, MCA would always produce angles arouttldegree
(very low correlation). So this sampling method would makeeghat MCA produces some small values
of angles for both the positive and negative classes. Tha prablem of this sampling method is that
the sampling size is very small and probably does not reptélse entire data set well enough.

Next the data is discretized as mentioned above, and pasgsbd tule generation stage where we
use MCA to generate the classification rules. For each caoneefirst use the sample training set to
generate the proper angles using MCA. We then sort thesesagld generate rules based on each
angle. Next, we use the generated rules by each of the angisssify the entire training set (complete
training database) and calculate precision, recall, andrt€hsure values for each such classification.
The classification is done based on simple majority voting thén take the angle that generates the
best results using the training data and use the rules drbgtihis angle as the final classification rules.
Next, we tested the final classification rule set on the efri@iaing data again this time using different
score summation thresholds namelg, —1, 0, 1, and2. We have observed that for each concepts the
best results on the entire training data was obtained bygus?) and0, and therefore we have decided
to use—2 as the threshold for the first ruAFIU-UM-FE1_1) and0 (simple majority voiting) for the
second runA_FIU-UM-FE1_2). Finally, for each run we sorted the classified shots byr themmed



score from highest to lowest and submitted the top 2000 dbotsach of the runs. The TRECVID
evaluations for our runs can be seen in Figure 3 and Figurspeaotively.

14
0E =
04 —-
4 =

02—

Inferred average precision®®

-
i< w-@- -~ @ 8°W ] »
1 2 3 4 9 10 11 12 12 14 15 16 17 I8 19 20
Fatume number

Figure 3. Run score (dot) versus median (- - -) versus best (bo  x) by feature for A_FIU-UM-FE1_1
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Figure 4. Run score (dot) versus median (- - -) versus best (bo  x) by feature for A_FIU-UM-FE1_2

Based on the evaluation information returned to us from TRIBQur second ru_FIU-UM-FE1 2
performed slightly better than the first one. ForZillconcepts, out of 4670 positive sh&ts~1U-UM-
FE1.2 returned 267 positive shots, whik FIU-UM-FE1_1 returned 144 positive shots. The mean
inferred precision was 0.004 féx FIU-UM-FE1_2 and 0.001 forA_FIU-UM-FE1_1. finally it can be
seen from Figure 3 and Figure 4 that for almbd&t; of the concepts we achieved an overall inferred
average precision equal to the median and in the rest ougraystis below the median. In once case
(concept 11 oA_FIU-UM-FE1_2) we achieved a result slightly higher than the median.



4 Conclusion and Future Work

In this paper we introduced the system we have used to gernthiatruns we have submitted to the
TRECVID2008 high level feature extraction task. The evatraresults of our system are provided and
discussed in the previous section. The main challenge daiswas the fact that a new concept (high level
features) list was created and this made some of the prdyiosisd low level features irrelevant. Due to
restriction in time and resources we were not able to us@éelptovided data for development and this
resulted in some concepts (high level features) having Mty positive examples in our development
data set. This made it very difficult to train a reasonable @hedth the entire data set and forced us
to sample the training set. We believe that the sampling was good representation of the data and
therefore affected the overall performance of our systeaseB on good results in our previous studies
and some reasonable results obtained for some of the canegpg the training data set we still believe
that MCA can be highly useful in the process of high leveldeaiextraction.

As we conclude this year's TRECVID task we have identifiedvadeeas where improvement can be
achieved. First, we intend to identify and extract more lewel audiovisual features that will generate a
better representation of the new high level feature listewihcomes to low level feature extraction, the
ultimate goal would be to find features that could be as géasrpossible and will be able to represent
as many concepts as possible. Second, we plan to improvedhad extraction process so that this
stage would consume less time and this way we could finishegsdag the entire data provided for the
task (both development and test sets). Third, we are planiaggempt including other sources, such as
YouTube, to our development set to improve the training efghistem, especially in the case of those
concepts that have a low number of positive examples in theldement data. Fourth, we are planing
to keep improving our classification algorithms, and finaklg are planing to improve our final ranking
mechanism. We believe that all the aforementioned will helprove the efficiency of our concept
detection system.
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