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Abstract—This paper presents a probabilistic framework for dis-
covering objects in video. The video can switch between different
shots, the unknown objects can leave or enter the scene at mul-
tiple times, and the background can be cluttered. The framework
consists of an appearance model and a motion model. The appear-
ance model exploits the consistency of object parts in appearance
across frames. We use maximally stable extremal regions as obser-
vations in the model and hence provide robustness to object varia-
tions in scale, lighting and viewpoint. The appearance model pro-
vides location and scale estimates of the unknown objects through
a compact probabilistic representation. The compact representa-
tion contains knowledge of the scene at the object level, thus al-
lowing us to augment it with motion information using a motion
model. This framework can be applied to a wide range of different
videos and object types, and provides a basis for higher level video
content analysis tasks. We present applications of video object dis-
covery to video content analysis problems such as video segmen-
tation and threading, and demonstrate superior performance to
methods that exploit global image statistics and frequent itemset
data mining techniques.

Index Terms—Multimedia data mining, unsupervised learning,
video object discovery, video segmentation.

I. INTRODUCTION

VIDEO object discovery is the task of extracting unknown
objects from video. Given a video, we want to ask what

is the object of interest in this sequence, without providing the
system any examples. This is very different from object detec-
tion in the computer vision literature, see for example [1], where
the characteristics of the object of interest are learned from la-
beled data. Object detection not only involves a lot of human
labor for labeling the images by putting bounding boxes on the
object of interest, but also has the difficulty of scaling to mul-
tiple objects. Since the object of interest in a sequence can be
any type of object, it is very difficult to train a comprehensive
object detector that covers all types of objects. The state of the
art multiclass object detector has a recognition rate only around
55%–60% for recognizing 101 predefined object categories [2]
and requires over 3000 human labeled images.

Our approach to object discovery is unsupervised in nature.
No labeled images are needed for training the system, and no
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examples are used for specifying the object of interest. A high-
level intuition of how this can be achieved is as follows. In a
video, if there is a car appearing in multiple frames, we might
be able to figure out that the wheels or the windows are smaller
parts of a larger entity that repeats over and over again in dif-
ferent images. In this scenario, the concept of a larger entity
that is composed of smaller parts emerges. The smaller parts
that constitute the larger entity can be generic, and do not need
to have semantic meanings such as wheels or windows in this
example.

Our approach works well on small objects in low resolution
video. The object of interest sometimes has as few as a single
feature point out of over fifty background feature points. The
system is designed for videos where only a single object of in-
terest will be extracted. We consider this less of a limitation but
more of an advantage. In many videos, even though there are
multiple objects, there is only one object that is of main interest.
Our proposed method is intended to discover this major object
of interest.

DISCovering Objects in Video (DISCOV) involves two pro-
cesses.

1) At the image level, extracting salient patches that are ro-
bust to pose, scale and lighting variations, and are generic
enough for dealing with different types of objects. These
salient patches serve as candidate parts that constitute
larger entities.

2) At the video level, constructing appearance and motion
models of larger entities by exploiting their consistency
across multiple frames.

II. RELATED WORK

One approach to video object discovery is to observe the same
scene over a long time and build a color distribution model
for each pixel [3]–[5]. Unusual objects can then be identified
if some pixels observe substantial deviation from their long-
term color distribution models. These kind of background mod-
eling approaches are suitable for video surveillance with a static
camera, but if an image sequence is obtained from a moving
camera, then a pixel does not correspond to a fixed scene posi-
tion; unless we can accurately register the image sequence, we
cannot build a color distribution for each pixel.

Some methods exploit optical flow to discover objects. Op-
tical flow is the apparent motion between a pair of images. The
problem is difficult because of a lack of constraints (the aperture
problem) and insufficient sampling near occlusion boundaries
[6]. Since optical flow computes local image gradients, it is best
suited to successive pairs of frames, not to low frame rates with
large motions [6]. Using such short duration flow field, in [7],
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the optical flow of each frame is clustered, providing initial es-
timates of object positions in each frame. In [8], frame to frame
optical flow fields are concatenated to obtain longer range cor-
respondences, providing information to determine if a motion is
consistent in direction over time. This consistency is useful in
rejecting distracting motions such as the scintillation of specu-
larities on water, and the oscillation of vegetation in wind. Using
such long range optical flow field, however, one must refine the
field at each step to avoid drifting, as mentioned by [6].

While optical flow provides a dense but short range motion
field, feature tracking using distinctive textured patches pro-
vides long range but sparse motion field. In [9], the correspon-
dence of distinctive feature patches are found across successive
frames and grouped according to their co-occurrences. Our ap-
proach also uses distinctive textured patches, but we do not ex-
plicitly compute the correspondences across frames, which can
be computationally expensive.

Our work also differs from layer extraction methods [10], [11]
in which the frames in a video are partitioned into a number of
regions, in each of which pixels share the same apparent motion
model. In contrast, our approach allows for a very low frame
rate, in which case methods relying on image registration (as
in [10]) cannot register the background across frames. Our ap-
proach does not compute affine transformation between patches
as in [11], which would have the same problem at low frame
rates.

In [12], [13], multiple object detectors of airplanes, buildings,
people, etc. provide as input to the Data Mining algorithm a
feature vector describing the presence and absence of each
of these objects. However, as mentioned in Section I, the
state-of-the-art 101-class object detectors has a recognition rate
only around 55%–60% [2] and requires huge amount of training
data, and hence these type of object recognition approaches
have inherent difficulties. Some systems build specialized video
object detectors by using labeled data to train an object detector
and then track its trajectory or exploit prior knowledge of the
color distribution of the target, such as the human skin color
distribution [14], [15]. Some require track initialization (initial
position of the target) and target appearance initialization [16],
[17]. These approaches are not intended for object discovery,
since they require prior knowledge of the appearance or position
of objects.

As mentioned earlier, our approach works well on small
objects in low resolution video, where the object of interest
sometimes has as few as a single feature point out of over
fifty background feature points. This is in contrast to methods
that exploit a rich set of textures of the foreground object
[18]–[20].

In [21], a spatial scan statistic is applied to detect clusters in
epidemiological and brain imaging data. In [22], the challenge
is to find sets of points that conform to a given underlying
model from within a dense, noisy set of observations. As in
many spatial data mining methods [23], these methods focus
on point patterns where the ’density’ of the points conveys
information. In our data, different appearance features are
extracted from different image patches, and hence not only
the density but also the identity of each atomic unit plays
a role in object discovery.

Recently, topic models [24] have been applied to unsuper-
vised object discovery in images [25]–[28] and videos [29],
[30]. We follow the approach of [29] and present applications in-
cluding video segmentation and threading. In the image domain,
we have an appearance model and a spatial model of patches.
In the temporal domain, we use a motion and data association
model that is tightly coupled with the appearance and spatial
model. This framework yields a principled and efficient object
discovery method where appearance is learnt simultaneously
with motion in a completely unsupervised manner. The appear-
ance model accounts for appearance variations and background
clutter; the motion and data association model accounts for the
randomness in the presence/absence of features due to appear-
ance measurement noise. The features we use are simple spatial
features demonstrating the generality of our system; more so-
phisticated spatial-temporal features [31], [32] could certainly
be used as well.

In Section III, we will introduce the DISCOV framework.
We will start from the image representation, which uses generic
region detectors and descriptors. We then introduce the ap-
pearance and motion models, which provide an unsupervised
method for discovering the object of interest in video sequences.
In Section IV, we present experimental results and also present
applications of video object discovery for video segmentation
and threading.

III. THE DISCOV FRAMEWORK

A. Representation of Images

Visual words, or textons, are used as atomic units in our image
representation. They were used in various applications, such as
photometric stereo [36], object recognition [37], image retrieval
[26], etc. Next we will discuss in detail how to generate visual
words.

First, we find a number of patches to generate the visual words
from. In this paper, these patches are determined by running the
maximally stable extremal regions (MSER) operator [38]. Ex-
amples are shown in Fig. 1. MSERs are the parts of an image
where local contrast is high. This operator is general enough
to work on a wide range of different scenes and objects and is
commonly used in stereo matching, object recognition, image
retrieval, etc. as mentioned earlier. Other operators could also
be used; see [39] for a collection. Features are then extracted
from these MSERs by scale-invariant feature transform (SIFT)
[40], yielding a 128-dimensional local feature descriptor for
each MSER. Whether or not to use color information is largely
application dependent. If the data mining task is to discover all
instances of a specific object category, such as all cars in a video,
then color information should not be used because the color can
be different across different instances of the same category. On
the other hand, if the data mining task is to discover a single
object instance, then color information provides good discrimi-
nation against other objects in the video. Color information can
also be useful when shape and grayscale texture are not discrim-
inative enough. In this work, we extract MSERs and SIFT de-
scriptors from grayscale images; patches and features extracted
from color images [41] can easily be used instead.
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The 128–dimensional SIFT descriptors are collected from all
images and vector quantized using -means clustering [42]. The
resulting cluster centers (we use ) form the dictionary
of visual words, . Each MSER can then be repre-
sented by its closest visual word. MSERs are now represented
by discrete visual words instead of continuous SIFT descriptors.
Note that acquisition of visual words does not require any la-
beled data, which shows the unsupervised nature of this system.

B. Appearance and Spatial Modeling

Denote the image frames by and define hidden
variables indicating if the th MSER in frame origi-
nates from the object of interest or otherwise. We will refer to
the MSERs that do not belong to the object of interest as back-
ground (bg) clutter. are hidden variables; it is our goal
to infer their values. Define the conditional probabilities
and for each MSER as follows:
indicates in frame how likely a MSER originates from the
object of interest; is defined likewise.

indicates how likely a MSER originated
from the object of interest has appearance corresponding to vi-
sual word ; is defined likewise.

Denote the position of the th MSER in frame as ,
and its hidden variable as , . The index
are sometimes dropped to avoid cluttering equations. Define
an image-word-position co-occurrence table , with

denoting the number of occurrences of word
at position in frame , where denotes the number

of words in frame . In other words,
if in frame there is a word at position , and

otherwise.
We introduce the spatial distributions and

. They describe how the object of interest and the
background clutter are spatially distributed in the image. The
dependence of position on frame allows the object to
have different locations and scales in every frame. Allowing
different locations and scales in different frames is desirable, as
it provides the basis for translation and scale invariance. This
concept has been used by the Semantic-Shift algorithm in [28].
However, in Section IV we will constrain the object position to
follow a motion model. Another important distinction with [28]
a foreground topic identification step is required to correctly
identify the hidden variable that corresponds to the object of
interest, we found this step unnecessary. The foreground, i.e.,
the object of interest, can be automatically identified due to
the un-symmetric nature of the distributions and

.
Assume the object of interest is located at image coordinate

with horizontal and vertical scale and . These estimates
are related to the motion model to be detailed in the next section.
The spatial distribution of the object of interest is defined as

(1)

where is a diagonal matrix with elements and which
are related to the scale of the object. The values of and

are unknown and yet to be estimated. Before we detail the pa-
rameter estimation procedure in Section III-C, it is worth men-
tioning that the parameters of the appearance, spatial, and mo-
tion model are estimated in an iterative manner, and it does not
matter which of the models is initialized first. The use of the reg-
ularization constant (we use ) avoids numerical issues
when approaches zero. The spatial distri-
bution is a probability mass function and the constant is used
to ensure its mass adds up to one. This is achieved by summing
up over all MSERs in frame .

The spatial distribution of the background clutter is simply
defined as a uniform distribution. We found empirically our
distributions perform better than those in [28], one reason being
that their background spatial distribution requires parameter
tuning, which is often difficult and data dependent.

Our probabilistic model that combines appearance, location,
scale, and motion information is expressed by this joint proba-
bility distribution

(2)

and it postulates the conditional independence of and given
, and hence provides a compact representation of the joint

probability. It also provides a basis for efficiently finding the
maximum likelihood estimates of the unknown appearance
models , , and , which we will detail later
in Section III-C.

C. Motion Modeling

Motion modeling provides the location and scale estimates ,
and used in the spatial distribution in (1). Define the state

as the unknown position and velocity of the object to be
discovered, where is the video frame index. We assume a con-
stant velocity motion model in the plane and the state evolves
according to , where is the state
matrix and the process noise sequence is white Gaussian
with mean zero and constant covariance matrix [33].

Suppose at time there are a number of observations.
Each observation is the position of an MSER. If an ob-
servation originates from the foreground object, then it
can be expressed as , where is the
output matrix [33], and the observation noise sequence
is assumed white Gaussian with mean zero and constant covari-
ance matrix. We do not build a motion model for the background
clutter.

We want to establish the relationship between the observa-
tions and the states. Since we do not know beforehand if an
observation is originated from the object of interest or from
the background clutter, we have a data association problem
[33]. The probabilistic data association (PDA) filter [33] solves
the data association problem by assigning each observation an
association probability, which specifies by how much the ob-
servation deviates from the model’s prediction. In the original
PDA filter, the association probabilities are calculated based on
deviation of observations from the predicted states, where the
states consists of only position and velocity, and appearance
is not utilized. Here instead, we use the posterior probability
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Fig. 1. Maximally Stable Extremal Regions (MSERs). Left: position of MSERs. Middle: coverage of MSERs. Right: Output of DISCOV, showing the discovered
object regions.

as association probability. The posterior proba-
bility can be calculated as follows:

(3)

It naturally includes location information (through )
and appearance information (through ). Then, the
state estimate can be written as

(4)

where is the updated state estimate conditioned on the
event that is originated from the foreground object. This
is given by the Kalman Filter [33] as follows:

(5)

where is the innovation, is
the observation prediction, and is the Kalman gain [33].
The state estimation equations are the same as in the PDA filter
[33].

We estimate and as the interquartile range [34] of all
MSERs, weighted by their posterior probability. In implemen-
tation, we duplicate points in the image space according to the
posterior probability, and then compute the interquartile range
of these points. The interquartile range provides a more robust
scale estimate [34] than the weighted standard deviation used in
[28] and [29].

D. Maximum Likelihood Parameter Estimation

The distributions , , and of the appear-
ance model are estimated using the Expectation-Maximization
(EM) algorithm [35], which maximizes the log-likelihood

(6)
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TABLE I
VIDEO SEGMENTATION PERFORMANCE. NUMBERS IN PARENTHESIS INDICATE THE NUMBER OF

FRAMES CONTAINING THE OBJECT OF INTEREST (DETAILED IN SECTION IV-B)

The EM algorithm consists of two steps: the E-step computes
the posterior probabilities for the hidden variables; the M-step
maximizes the expected complete data likelihood

(7)

(8)

(9)

(10)

(11)

where , and are normaliza-
tion constants which have values so that all functions are valid
probability mass functions.

We see that the spatial distribution is up-
dated within each EM-iteration, which means that the temporal
information enters the EM-iteration and influences the appear-
ance estimation.

E. Initialization

To handle the case where the object may disappear from the
scene and re-enter the scene, we re-initialize the motion model
when the position of the object is estimated to go out the scene,
or when the color histogram of the whole scene changes be-
yond a certain threshold. This implementation is particularly
important for video sequences which are post-edited, so that the
camera view changes between the object of interest and other
objects.

The distributions , , and are all ini-
tialized randomly. The spatial distribution parameters are ini-
tialized at the center of the frame with scale equal to half the
size of the frame. The state estimate is initialized to the center
of the frame and with zero velocity.

IV. EMPIRICAL STUDY

The experiments are conducted on several real-world
data sets to validate our framework. Seven video se-
quences were downloaded from YouTube.com with reso-
lution 320 240 and are sampled at one frame per second.
These videos are available at the author’s homepage at
http://amp.ece.cmu.edu/people/David/. Practical internet video
analysis systems are expected to handle such low frame rate
videos in order to keep up to speed with the vast amount of
available online videos nowadays. We have tried downsampling
the original videos into various frame rates and found that one
frame per second is good enough to retain the content while
providing good computational efficiency. Such low frame rate
poses higher difficulty to the system, as object motion could be
large and appearance changes could be significant. The duration
of these videos range from 67 to 711 s, as shown in Table I. In
the video segmentation experiment (Section IV-B), the fraction
of frames containing the object of interest ranges from 0.16 to
0.85, hence the videos represent a variety of different shooting
styles. The average duration of a shot ranges from three to
five frames in all videos except in BIKE. These videos hence
contain a large number of shot transitions, posing difficulty
to methods based on motion. In the localization experiments
(Section IV-D), we included two extra videos that contain no
shot transitions to demonstrate that our method works equally
well in such situation.

In summary, these video sequences pose the following chal-
lenges: the object of interest can have wild changes in appear-
ances, including scale, pose, and lighting variations; the back-
ground can be highly cluttered and nonstationary; the object can
leave and re-enter the scene multiple times, which may occur
due to large camera motion or post-editing of the video se-
quence.

A. Baseline Methods

Here, we briefly describe the baseline methods.
1) Baseline-NM: This is the Semantic-Shift algorithm in

[28]. It is an object discovery method developed for image
collections. When we apply it on our video sequences, we treat
each video as a collection of images. Motion information is not
used, hence we call it Baseline-No Motion.

2) Baseline-NL: This is the Probabilistic Latent Semantic
Analysis algorithm in [24], [25]. Similar to Baseline-NM, it is an
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Fig. 2. Samples of two video sequences from YouTube.com. Top two rows are 14 out of 711 samples of the BENZ sequence. Bottom two rows are 14 out of 181
samples of the PEPSI sequence. Images are displayed from left to right.

object discovery method for still images. Since only appearance
information is used but not the location of the image patches, we
call it Baseline-No Location.

3) Baseline-FREQ: Frequent Closed Itemset Mining: In the
data mining literature, an itemset refers to a set of items, which
in our application refers to a candidate set of regions that could
represent an object of interest. A frequent itemset is an itemset
that occurs at least a certain number of times, and hence more
likely corresponds to an object of interest. A recent data mining
algorithm “ ” [43] discovers frequent closed itemset,
such that for each discovered frequent itemset there exists no
superset of equal frequency. This helps in reducing the final
number of itemsets to be considered. The algorithm
requires the minimum itemset frequency as an input parameter.
Setting the minimum frequency too small will result in too many
frequent closed itemsets, and many of them might not corre-
spond to the object of interest. Hence, we start from the largest
possible minimum frequency, which is equal to the number of
frames, and gradually decrease it until frequent closed item-
sets are found. We found to give the best results.

4) Baseline-KM1: -Means Clustering on Image-Word
Co-Occurrence Matrix: This approach assigns a feature vector
to each frame, where the feature vector is the histogram of
visual words. In [25], it was reported to perform worse than
Baseline-NL. The Euclidean distance is used for computing the
distance between feature vectors.

5) Baseline-KM2: -Means Clustering on Color His-
togram: This approach assigns a feature vector to each frame,
where the feature vector is the RGB color histogram of all
pixels within the frame. We use regular bins for each color
channel and concatenate the three histograms. The Chi-Square
distance is used [44]. We found to give the best results.

B. Object-Oriented Video Segmentation

Consider a video in which the camera is switching among
a number of scenes. For example, in the test drive scene in
Fig. 2, the camera switches between the driver, the frontal view

of the car, the side view, and so on. We would like to cluster the
frames into semantically meaningful groups. In classical tem-
poral segmentation methods, the similarity between two frames
is assessed using global image characteristics. For example, all
pixels are used to build a color histogram for each frame, and
a distance measure such as the Chi-Square distance is used to
measure the similarity between two histograms [44]. -means
clustering or spectral clustering methods can then be employed.
This method is suitable for shot boundary detection [44], be-
cause when the camera switches between shots, color informa-
tion provides a good indicator of scene transition.

However, using color information alone cannot provide
object-level segmentation. This is because the object of interest
often occupies only a small part of the scene, and the global
color statistics are often dominated by background clutter.
Also, using color alone cannot provide the knowledge of
“what” makes the frames separated into different groups.

Our DISCOV framework provides a natural way for object-
oriented clustering, and is also able to point out “what” is ex-
actly the factor that separates the frames. In Table I, we compare
DISCOV to five baseline methods. Each video sequence has a
natural object of interest, e.g., the PEPSI and PEUGEOT1 se-
quences are commercial advertisements where the object of in-
terests are the Pepsi logo and the Peugeot vehicle respectively,
and the BENZ and PEUGEOT2 sequences are test drive videos
featuring a car, hence the object of interests in each video are
naturally well defined. The BIKE2 and HORSE sequences used
later in the localization experiment are not used here because
they did not contain transitions from one object to another. The
frame rate is one frame per second and the motion of both the ob-
ject of interest and the background are fast, making it nontrivial
to apply optical flow or layer extraction methods for discovering
objects. In addition, all sequences frequently transition between
different shots. The average duration of a shot ranges from three
to five frames, which is relatively short compared to the video
length. This also demonstrates the difficulty of using optical
flow based methods. The ground-truth data labels the presence
or absence of the object of interest in each frame. We evaluate
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Fig. 3. Results of object-oriented threading (Section IV-C). Each frame in the top row contains the black Mercedes vehicle; in the bottom row, each frame contains
the PEPSI logo. This provides an object-oriented overview of the whole video sequence in a different way than traditional keyframe extraction.

the object discovery performance as a detection problem. The
classification rates are shown in Table I.

DISCOV ranks the images according to for all
frames ; same for Baseline-NM. This has the interpretation
of ranking the images according to how likely it contains the
object of interest. Since a ranking is obtained, we report the
classification rate at the point where the false alarm rate equals
the false reject rate. Baseline-NL, Baseline-KM1, and Base-
line-KM2 are clustering methods and do not have knowledge
of which cluster corresponds to background clutter and which
cluster corresponds to the object of interest. We compute the
classification rate for both clusters in turn and report the result
with the higher classification rate. Baseline-FREQ assigns dif-
ferent number of frequent closed itemsets to each frame, and we
rank the frames according to how many frequent closed itemsets
it contains inside.

Baseline-KM1 performs slightly worse than Baseline-NL.
This is consistent with the report in [25]. Baseline-NM has
similar performance as Baseline-NL. We also see that global
color information provides little discriminative ability (Base-
line-KM2) and performs the next to the worst. This is due
to the large color variations in the background clutter, which
dominates over the object of interest. Baseline-FREQ has
the lowest classification rate. This shows that the number of
frequent closed itemsets in a frame is not a good indicator of
the presence of the object of interest. DISCOV outperforms all
the others in four out of five experiments. In the PEUGEOT1
sequence, the result of DISCOV is worse than Baseline-NM
and Baseline-NL because of the shooting style; the object of
interest appears at random locations with fast shot transitions,
hence the baseline methods that do not model the motion
perform better. Overall, DISCOV has the leading performance
in weighted average classification rate, where the weighting
comes from the number of frames.

C. Object-Oriented Threading

The capability of object-oriented video segmentation sug-
gests an application called “threading”, where all occurrences
of an object are linked together. Threading is different from
keyframe(s) extraction [45]. The aim of keyframe extraction is
to obtain a set of frames that covers all aspects of a video se-
quence, yet these frames need not contain the object of interest.
Our aim of object-oriented threading is to obtain a set of frames

that includes the object of interest, hence being different from
keyframe extraction. Whether threading or keyframe extraction
is more useful is application dependent; it is better to under-
stand them as different video summarization techniques. Both
methods attempt to cover the temporal domain while threading
focuses more on the object of interest.

Our approach to threading is object-oriented. First, we rank
the images according to how likely they contain the object of
interest (using , as in Section IV-B). We put the top
20 frames with the highest values into a candidate set. Since
many among these 20 frames are visually similar and hence re-
dundant, we apply -means clustering (with ) using their
RGB color histograms as features and pick from each cluster
the one with the highest value of , resulting in the five
frames as shown in Fig. 3. Even though the Pepsi logo appears in
only 87 out of 181 frames, each of the five candidate keyframes
contains the Pepsi logo. Likewise, the Mercedes-Benz appears
in only 278 out of 711 frames. The five candidate keyframes
correspond to the 435th, 468th–690th, 694th, and 704th frame
in the BENZ video and the 30th, 42nd, 55th, 146th, and 179th
frame in the PEPSI video, showing very little temporal redun-
dancy (frames are sampled at one frame per second).

D. Object of Interest Localization

In order to see if the discovered objects truly correspond to the
object of interest, here we evaluate the localization performance.
The ground-truth data provides a bounding box around the ob-
ject of interest in each frame, and the frames that do not contain
the object of interest are not evaluated. Each object discovery
algorithm assigns to each MSER an “object” or “background”
label. Each MSER has a center position. The average position
and covariance of all “object” MSERs provides a rough estimate
of the object position, scale and shape. A hit is made if the es-
timated position and scale matches well with the ground-truth
bounding box within a certain threshold. The reported numbers
shown in percentage are the hit rates averaged over each video
sequence. It should be noted that since occasionally some back-
ground clutter are assigned an “object” label, these outliers can
move the average position of all “object” MSERs outside the
bounding box, hence showing lower hit rates.

Results are shown in Table II. The trivial solution is a naive
algorithm: always return the center of the frame as the position
estimate of the object of interest. Since larger objects are more
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TABLE II
LOCALIZATION PERFORMANCE (DETAILED IN SECTION IV-D)

likely covering the center position, the trivial solution provides a
sense of the difficulty of each video sequence. The numbers next
to the percentages are ratios between the hit rate of the algorithm
and the trivial solution. The larger the better. It can be seen that
DISCOV clearly outperforms Baseline-NM and Baseline-NL.

E. Computation Speed

The computation time for DISCOV on a 100-frame video se-
quence is around 30 s for MSER extraction and 80 s for running
the EM algorithm. The EM algorithm is written in MATLAB
and not intentionally optimized for speed.

V. CONCLUSIONS AND FUTURE WORK

The video data mining and “object-oriented” nature of our
approach provides promising new directions for video content
analysis. At present, DISCOV only provides a rough position
estimate of the object of interest. For keyframe extraction or
video segmentation this might suffice, but in some other areas
such as high quality editing it might be of interest to obtain a
clearer contour segmentation of the image pixels. This might re-
quire sophisticated feature detectors in addition to MSERs. We
are also investigating applications in spatial data mining tasks
where traditionally only the density of feature points were con-
sidered, whereas DISCOV is able to handle atomic units with
different appearances and thus different identities.
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