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Abstract

In this paper a new approach to video event detection is
presented, combining visual concept detection scores with
a new dimensionality reduction technique. Specifically, a
video is first decomposed to a sequence of shots, and trained
visual concept detectors are used to represent video content
with model vector sequences. Subsequently, an improved
subclass discriminant analysis method is used to derive a
concept subspace for detecting and recognizing high-level
events. In this space, the median Hausdorff distance is used
to implicitly align and compare event videos of different
lengths, and the nearest neighbor rule is used for recognizing the event depicted in the video. Evaluation results
obtained by our participation in the Multimedia Event Detection Task of the TRECVID 2010 competition verify the
effectiveness of the proposed approach for event detection
and recognition in large scale video collections.

1. Introduction
The event-based indexing of video is a research direction that has started to receive particular attention, following
studies in neuroscience which showed that humans remember real life using past experience structured in events [6].
During the past few years significant research has been
devoted to the detection and recognition of events in several application areas. In [15], a Bag-of-Words (BoW) algorithm is combined with a multilevel sub-clip pyramid
method to represent a video clip in the temporal domain;
the earth mover’s distance (EMD) is then applied for recognizing events defined in the TRECVID 2005 challenge
dataset. In [14] motion relativity and visual relatedness
is exploited and relative motion histograms of BoWs are
computed to represent video clips and, similarly to [15],
the EMD and Support Vector Machines (SVMs) are used
to recognize video events in the TRECVID 2005 challenge
dataset. In [3], knowledge embedded into ontologies and
concept detectors based on SVMs are used for recogniz-

ing events in the domains of broadcast news and surveillance. In [16], three types of features, namely, spatiotemporal interest points, SIFT features, and a bag of MFCC
audio words, are used to train SVM-based classifiers for
recognizing the three events of the TRECVID 2010 Multimedia Event Detection Task (TRECVID 2010 MED). In
[7], a wide range of static and dynamic features are extracted, such as SIFT and GIST features, 13 different visual
descriptors on 8 granularities, histograms of gradients and
flow, MFCC audio features, and other. These features are
used for training 272 SVM-based semantic detectors and,
thus, represent videos with model vector sequences. Subsequently, hierarchical HMMs are applied to recognize the
TRECVID 2010 MED events.
In this paper, we detect and recognize an event by
the temporal evolution of specific visual concept patterns.
Specifically, we propose the use of a model vector-based
approach, where visual concept detectors are used to automatically describe a video sequence in a concept space.
The use of concept detectors trained on pre-existing datasets
(e.g., MediaMill [12], TRECVID Semantic Indexing (SIN)
Task [10]) for forming the model vectors can significantly
reduce the training time, as no additional time is introduced
for training event and/or concept detectors specifically for
the dataset of interest. Additionally, a novel discriminant
analysis (DA) technique is invoked for identifying the semantic concepts that best describe the event, thus defining a
discriminant concept subspace for each event. This method
extends the recently proposed subclass discriminant analysis (SDA) [18], to further improve recognition accuracy
and degree of dimensionality reduction. In the resulting
discriminant subspace, the nearest neighbor classifier (NN)
along with the median Hausdorff distance are used to recognize an event. The proposed approach has been evaluated using the dataset provided by the TRECVID 2010
MED competition for recognizing three high-level events,
namely, “batting a run in”, “making a cake” and “assembling a shelter”. The obtained results demonstrate the validity of this approach for representing and recognizing events
in a large-scale video corpus.
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The rest of the paper is structured as follows: In section
2 the event detection method is described in detail, while
the experiments and results on the TRECVID 2010 MED
dataset are presented in section 3. Finally, conclusions are
drawn in section 4.

In this work, one of the three DA methods described in the
next paragraphs is used for computing the transformation
matrix W and thus for deriving the low-dimensional representations of the video sequences.
2.2.1. Linear discriminant analysis

2. Proposed method
Let X = {(Xp , yp ), p = 1, . . . , L} be an annotated
database of L video sequences belonging to one of C − 1
different event classes {X1 , . . . , XC−1 } or to XC , which denotes the “rest of the world” class. Xp is the p-th video in
the database and yp ∈ [1, C] is its event class label. Using
this formulation, the task of event detection in video can be
stated as follows: given the training database X , compute
a decision function f (X) that takes as input an unlabelled
video X and assigns it to one of the classes {X1 , . . . , XC }.

2.1. Video representation

LDA seeks directions efficient for class separation by maximizing the following objective function [4]
Jlda (W) =

tr(WT Sb W)
,
tr(WT Sw W)

(2)

where Sb and Sw are the between- and within-class scatter
matrices respectively
Sb

=

C


πi (µi − µ)(µi − µ)T ,

(3)

i=1

Sw

=

C
1  
(xp,q − µi )(xp,q − µi )T , (4)
N i=1
xp,q ∈Xi

At the video preprocessing stage, automatic analysis
techniques [13] are applied to each video for segmenting it to shots, and trained concept detectors are used for
associating each shot with a model vector [9, 11]. Let
this set of trained concept detectors be denoted as G =
{(dκ (), hκ ), κ = 1, . . . , F }, where dκ () is the κ-th concept detector functional and hκ is the respective concept label. Then, the q-th shot of the p-th video is associated with
the model vector xp,q = [xp,q,1 , . . . , xp,q,K ]T , xp,q ∈ RF ,
where xp,q,κ , computed using the response of concept detector dκ (), is a number in the range [0, 1] expressing the degree of confidence (DoC) that the κ-th concept is depicted in
the respective shot. Therefore, the p-th video in the database
is expressed as Xp = [xp,1 , . . . , xp,lp ], Xp ∈ RF ×lp , where
lp is its length (in terms of shots), and consequently, the total number of model vectors
L (or equivalently shots) in the
database will be N = p=1 lp .

where Λ is the diagonal matrix containing the generalized
eigenvalues. In case that the number of the training model
vectors N is adequately larger than their dimensionality F ,
the optimal transformation matrix W is formed by the generalized eigenvectors that correspond to the largest eigenvalues of S−1
w Sb . The rank of Sb is at most C − 1, therefore
the C − 1 eigenvectors can be used to formulate the optimal
matrix W .

2.2. Discriminant analysis

2.2.2. Subclass discriminant analysis

A large number of concepts may not be relevant with
certain events in the database. Hence, the high dimensional
model vector video representation is both noisy and expensive to use for event recognition. Instead of using it directly,
we adopt a DA method [4] to derive from it a lower dimensional subspace; this process identifies the concepts that are
implicitly relevant to each event, and, thus, facilitates event
recognition. This is achieved using the set of the N labelled
model vectors {(xp,q , yp ), p = 1, . . . , L, q = 1, . . . , lp } to
learn a transformation matrix W ∈ RF ×D , where D <<
F , that projects a model vector xp,q to a lower-dimensional
representation zp,q ∈ RD

A fundamental assumption of LDA is that class distributions are homoscedastic, which is rarely true in practice. A more realistic strategy is to assume that there
exists a subclass homoscedastic partition of the data,
{X1,1 , . . . , XC,HC }, where Xi,j denotes the j-th subclass
of the i-th class, Hi is the number of subclasses in the ith
Cclass, and H is the total number of subclasses (H =
i=1 Hi ). Upon this assumption, subclass discriminant
analysis (SDA) [18] exploits a clustering algorithm to derive a subclass partition of the data and form the following
objective function

zp,q = WT xp,q .

(1)



µ = N1 xp,q ∈X xp,q is the total sample mean, and πi =

Ni
1
xp,q ∈Xi xp,q , Ni , are the prior, sample
N , µi = Ni
mean and the number of model vectors of the i-th class respectively. This criterion is equivalent to the following generalized eigenvalue problem
Sb W = Sw WΛ ,

Jsda (W) =

tr(WT Sbsb W)
,
tr(WT Σx W)

(5)

(6)
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where Σx is the sample covariance matrix and Sbsb is the
between-subclass scatter matrix measuring the scatter between subclasses of different classes
Σx

=

C
1  
(xp,q − µ)(xp,q − µ)T , (7)
N i=1
xp,q ∈X

Sbsb

=

Hi
C−1


Hk
C



πi,j πk,l (µi,j − µk,l )

i=1 j=1 k=i+1 l=1

·(µi,j − µk,l )T ,

(8)

and πi,j , µi,j are the prior and sample mean of the Xi,j
subclass, respectively. The optimization of (6) is done
using an iterative procedure, where at the r-th iteration
a nearest neighbor based (NN-based) clustering algorithm
is used to provide a new subclass partition of the data
(r)
(r)
{X1,1 , . . . , XC,HC }. At each iteration the number of the
subclasses referring to the i-th class is increased by one,
(r)
(r−1)
Hi = Hi
+ 1, and, therefore, the total number of
C
(r)
=
subclasses is increased by C, i.e., H (r) =
i=1 Hi
(r−1)
+ C. Each subclass partition is evaluated usH
ing either a leave-one-out-cross-validation based (LOOCVbased) criterion, or the DA stability criterion described in
[18]. Finally, the best subclass partition is chosen as the
one that optimizes the respective criterion.
2.2.3. Improved subclass discriminant analysis
One drawback of SDA is that at each iteration of the algorithm the number of total subclasses is increased by C. Here
we propose an improved SDA (ISDA) algorithm, where at
each iteration only one additional subclass is introduced,
i.e., H (r) = H (r−1) + 1. In every iteration, the repartitioning of the classes is done using an effective peak pickingbased algorithm so that the efficiency of the algorithm is not
sacrificed. Peak picking has been often used in several areas of digital signal processing such as radar target detection
[17] and other.
A NN-based algorithm is used to sort the model vectors
corresponding to the training set X and provide a strucC
ture in the form {x11 , . . . , x1N1 , . . . , xiν , . . . , xC
1 , . . . , xNC },
where xiν denotes the model vector placed in the ν-th position of the array regarding the i-th class. Next, the distance
between neighboring vectors is taken to provide an array of
distances
C
T
d = [d11 , . . . , d1N1 , . . . , diν , . . . , dC
1 , . . . , dNC −1 ] ,

(9)

where, diν = xiν − xiν+1 2 is the Euclidean distance between the model vectors at the ν-th and (ν + 1)-th position
of the array regarding the i-th class. Conceiving this last array as an one dimensional finite discrete signal, a peak picking algorithm g(d, h) can be used to first mark all the local

maxima in the signal and then return the positions of the h
largest peaks in the array, {r1 , . . . , rh } = g(d, h), where
r1 , . . . , rh are the positions of the largest local maxima in
the array. In this work, we applied a very simple peak picking algorithm using the Matlab function findpeaks [1].
The positions of these maxima are used as landmarks for
partitioning the classes to subclasses. The advantage of using this procedure is that sorting and distance computation
is done only once, prior to the optimization stage. Therefore, the repartitioning of the classes at each iteration of the
optimization can be performed very efficiently, resulting in
a fast training procedure, as opposed to using a clustering
method for each optimization step.

2.3. Event detection
Usually, instances of the same high level events differ significantly in their visual representation, duration and
temporal shifts. We use a variant of the median Hausdorff distance that can successfully handle such changes between videos corresponding to instances of the same event.
The oriented Hausdorff distance between two videos represented as model vector sequences Zp and Zt in the discriminant concept subspace is given by
DH (Zt , Zp ) = median(min  zt,s − zp,q ) .
q

s

(10)

To provide a symmetric measure the following distance
measure is used
dH (Zt , Zp ) = DH (Zt , Zp ) + DH (Zp , Zt ) .

(11)

Finally, this measure is combined with the nearest neighbor
rule to classify an unlabelled video Zt
f (Zt ) = argmin ( dH (Zt , Zp ) ) ,

(12)

p∈[1,...,L]

where L is the number of video sequences in training set X .

3. Experiments
3.1. Dataset and evaluation
Experimentation with the presented approach was performed as part of our participation in the TRECVID 2010
MED competition. In this competition, a collection of Internet video clips is provided, containing three target events,
namely, “batting a run in” (BR), “making a cake” (MC),
“assembling a shelter” (AS) and a very large number of
clips depicting other uninteresting events. In the training
portion of the dataset, the clips depicting other uninteresting events are further subdivided to “negative instances” of
each target event (i.e., a few clips that appear in the surface
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Table 1. TRECVID 2010 MED video collection.

Train. set
Eval. set

Target events
BR MC AS
50
48
48
47
46
47

Uninteresting events
NBR NMC NAS
OT
4
12
3
1581
1602

were provided in advance by the TRECVID organizers.
Given these parameters, NDC essentially expresses the degree to which the considered event detection method approximates the desired compromise between missed detections and false alarms.

3.2. Experimental setup
to be related to one of the target events, but fail to meet the
exact event definition - denoted here as “negative instances
of batting a run in” (NBR), “negative instances of making a
cake” (NMC) and “negative instances of assembling a shelter” (NAS)), and other clips (OT). The latter are clips that do
not belong to one of the target events (BR, MC, AS) and for
which additionally there is no information on whether they
appear in the surface to be related to one of them (as for
NBR, NMC, NAS) or not. Three indicative shot keyframes,
one for each of the three defined target events, are shown in
Figure 1.

(a)

(b)

(c)

Figure 1. Example shot keyframes for the
three target events: (a) Assembling a shelter,
(b) Batting a run in, (c) Making a cake.
The video collection is divided into two data sets, an annotated training dataset consisting of 1746 clips (∼ 56 hours
of total duration), and an evaluation set consisting of 1742
clips (∼ 59 hours). The contents of the training and evaluation datasets regarding the number of video clips for each
event are shown in Table 1.
The primary evaluation metric of the TRECVID 2010
MED competition is the actual normalized detection cost
(NDC). Moreover, the evaluation of each system is performed for each event independently. NDC is defined as
the weighted linear combination of the missed detection
(MD) and false alarm (FA) probabilities of the detection algorithm. The NDC for the i-th event is computed by
i
i
i
i
i
i
NDCi = CM
D PM D PT + CF A PF A (1 − PT ) ,
i
where, PM
D =

i
NM
D
NTi

PTi

, PFi A =

i
NF
A
NTi

(13)

are the MD and

is the a priori rate of event instances,
FA probabilities,
i
i
,
C
are
the
costs
of MD and FA respectively, and
CM
D
FA
i
i
,
N
are
the
numbers of video clips, missed
NTi , NM
D
FA
detections and false alarms regarding the i-th event, respeci
i
tively. The values of the parameters PTi , CM
D and CF A

Seven different implementations (runs) of our event detection approach were experimentally evaluated. A common feature extraction procedure for all runs was selected
to provide comparable results between them. In particular, the algorithm described in [13] is used for the temporal segmentation of the video clips to shots and a SIFTbased Bag-of-Words (BoW) procedure described in [5, 2]
is applied for training one SVM classifier dκ () for each
concept hκ . From our TRECVID 2008 experiments it has
been shown that the employed concept detection method [5]
ranks close to the median, hence, it generates moderately
accurate concept detectors compared to the current state-ofthe-art. The 101 MediaMill Challenge [12] concepts and
the 130 TRECVID 2010 SIN Task concepts, along with the
respective annotated datasets, were used for training the 231
concept detectors. That is, the dataset used for training the
231 visual concept detectors is completely different from
the TRECVID 2010 MED one, on which the event detection method was evaluated. As described in section 2.1,
each shot whose relation to the defined events needs to be
examined can then be represented with a model vector comprising the responses of the 231 trained concept detectors,
and subsequently the sequence of model vectors is used for
representing the entire corresponding video.
The model vector sequences derived for the TRECVID
2010 MED training dataset that are described above were
used for optimizing the parameters of the employed DA algorithm (e.g., computation of the projection matrix, etc.),
setting the number of classes C equal to 7 (i.e., treating the
“negative instance” classes NBR, NMC, NAS, as well as
OT, as separate events for the purpose of training). The optimization process was guided by NDC (section 3.1); that
is, the NDC was the quantity to be minimized during the
training procedure.
During testing, the same procedure is followed to represent each video clip with the respective model vector sequence. These sequences are further projected in the discriminant subspace using the corresponding optimized subspace algorithm, and are classified in this space using the
nearest neighbor classifier (NN) along with a variant of the
median Hausdorff distance, depending on the run. Clips
assigned during testing to one of the “negative instance”
classes are considered to belong to class OT, for the purpose of evaluation.
The seven runs submitted to TRECVID 2010 MED are
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briefly described in the following: 1) IN: This is the baseline run, the Hausdorff distance and the NN rule are directly
used in the 231-dimensional space for comparing the model
vector sequences. 2) LDA: This run additionally exploits
LDA (section 2.2.1) to project the model vectors in a discriminant subspace. 3) SDA: In this run the original SDA
algorithm is used (section 2.2.2), instead of LDA. 4) ISDA1:
This run uses the method described in section 2.2.3 in place
of LDA or SDA, used in the previous two runs. 5) ISDA2:
In this run, ISDA is firstly used to produce a confidence
score for each event and for each video in the training set,
and these scores are subsequently used to build a Gaussian
distribution confidence score model for each event. During testing, the confidence scores produced using ISDA are
weighted with the probability that these scores belong to
the respective event (using the event probability models),
and the maximum score is considered to indicate the underlying event. 6) ISDA3: This run is similar to run 4,
however, here, the detection of an event in the discriminant subspace is done using a windowing version of the
Hausdorff distance, as we explain in the following. The
similarity of the test video Zt with the p-th video in the
database Zp is evaluated, using a sliding window of length
min{lt , lp } to produce mp = |lt − lp | + 1 Hausdorff disi
tance values denoted as dpp , ip = 1, . . . , mp . This is done
with all the videos in the database and the test video receives the label of the video in the database that yields
i
the smaller distance dpp , i.e., the following rule is applied
i
argmin (dpp ), p = 1, . . . , L, ip = 1, . . . , mp . 7) ISDA4:
This run combines the procedures followed in runs 5 and 6.
That is, model vectors are projected using ISDA, the windowing version of the Hausdorff distance is used to produce
a confidence value for each event, and confidence values are
weighted with weights resulting from the probability event
models constructed during training.

3.3. Experimental results
The evaluation results for the detection of the three target
events are presented in Table 2, and the respective detection
error tradeoff (DET) curve [8] regarding the event “batting
a run in” is shown in Figure 2. The results are given in terms
of the True Positives (TP), False Alarms (FA), actual NDC,
and dimensionality of the model vectors in the discriminant
subspace (D). Best detection results are indicated by lower
values of the actual NDC for each event separately.
From the analysis of the obtained results and the comparison with the results submitted to TRECVID 2010 MED by
other institutions (including [16], which had the best performance for each of the 3 events), we conclude the following: a) Using the proposed approach very good recognition results are achieved for the event “batting a run in”
(N DC = 0.6213) and moderately good results for the other

Figure 2. DET curves for “batting a run in”.
two events. In particular, for the event “batting a run in”
the achieved performance is the best among all submissions
that use only visual information (as opposed to submissions
that exploit a combination of visual and audio information).
The good performance regarding the event “batting a run
in” can be explained by the fact that several of our concept
detectors correspond to concepts that are relevant to this
event, such as “grass”, “running”, etc. On the other hand,
for the other two events, although our set of trained concept detectors does not include directly relevant concepts,
a moderately good performance is still achieved. b) ISDA
methods provided better detection rates than SDA for the
two of the three events, i.e., for the events “batting a run in”
(N DC = 0.6213) and “making a cake” (N DC = 0.9840).
In addition, ISDA provided a better degree of dimensionality reduction (DISDA = 42 while DSDA = 90). Consequently, we can say that ISDA, compared to SDA, indeed
contributes to better performance both in recognition accuracy (NDC) and system speedup. c) The SDA and the different ISDA methods performed in most cases better than
the conventional LDA as well as than the method that directly classifies the test model vector sequences in the input
space (IN).

4. Conclusions
In this paper an efficient model vector-based approach
for high-level event detection and recognition is presented,
that exploits a set of pre-trained concept detectors to de-
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Table 2. Evaluation results for the three target events of TRECVID 2010 MED.
Batting a run in
Method
IN
LDA
SDA
ISDA1
ISDA2
ISDA3
ISDA4

TP
32
21
27
29
29
28
29

FA
48
30
36
35
37
31
32

NDC
0.6766
0.7766
0.6936
0.6436
0.6584
0.6351
0.6213

Assembling a shelter
D
231
6
90
42
42
42
42

TP
13
6
11
9
10
11
11

scribe an event in terms of its related event concepts. In
this way, the use of an elaborate and computationally-costly
training method for learning the events from an eventannotated dataset is avoided. Moreover, a novel dimensionality reduction algorithm is used to extract the concepts
that best discriminate events. Experimental results on the
TRECVID 2010 MED competition dataset have demonstrated the effectiveness of this approach.
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