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Abstract

Learning dominant motion patterns or activities
from a video is an important surveillance problem, es-
pecially in crowded environments like markets, subways
etc., where tracking of individual objects is hard if not
impossible. In this paper, we propose an algorithm that
uses instantaneous motion field of the video instead of
long-term motion tracks for learning the motion pat-
terns. The motion field is a collection of independent
flow vectors detected in each frame of the video where
each flow is vector is associated with a spatial location.
A motion pattern is then defined as a group of flow vec-
tors that are part of the same physical process or motion
pattern. Algorithmically, this is accomplished by first
detecting the representative modes (sinks) of the mo-
tion patterns, followed by construction of super tracks,
which are the collective representation of the discovered
motion patterns. We also use the super tracks for event-
based video matching. The efficacy of the approach is
demonstrated on challenging real-world sequences.

1. Introduction

The traditional approach for activity analysis in a
video sequence consists of following steps: i) detec-
tion of all the moving objects that are present in the
scene; ii) tracking of the detected object; and, iii) anal-
ysis of the tracks for event/activity detection. This stan-
dard processing pipeline works well in a low density
scene where reliable trajectories of moving objects can
be obtained which eventually facilitates the detection
of typical motion patterns as well. However, in real-
world situation the assumption of low density does not
always hold. For instance, videos depicting events such
as marathons, political rallies, city center etc., usually
contain hundreds of objects. Over the years, little atten-
tion has been paid to analyze videos of these situations
especially in terms of learning the activity models and
motion patterns hidden in these crowded scenes.

To deal with videos of these challenging settings, we
propose a new method to learn the typical motion pat-
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terns using only the global motion flow field, instead of
long-term trajectories of moving objects. Here, the mo-
tion flow field is a set of independent flow vectors repre-
senting the instantaneous motion present in a frame of a
video. Such instantaneous motion information is read-
ily available in any situation as it is not effected by the
density of objects. The motion flow field is obtained by
first using the existing optical flow methods to compute
the optical flow vectors in each frame, and then com-
bining the optical flow vectors from all frames of the
video into a single global motion field. This global mo-
tion field does not contain any temporal information as
the flow vectors from all the frames are merged into a
single field without maintaining the information about
the video frames they came from. Next, from the global
motion flow field, we extract the representative modes,
which are called the sinks, for each motion pattern. The
process of detecting the sinks is referred to as the sink
seeking process. After extracting the sinks and sink
paths, they are grouped into several clusters, each cor-
responding to a motion pattern present in the video. To
collectively represent the motion pattern, a single super
track is generated from the sink paths.

Related Work: Learning of motion paths or patterns
by clustering trajectories of moving objects has been at-
tempted before in the literature. For instance, Grimson
et al. [12] used the trajectories of moving objects to
learn the motion patterns which are then used for ab-
normal event detection. Johnson et al. [5] used neu-
ral networks to model motion paths from trajectories.
While in [3], trajectories were iteratively merged into a
path. Similarly, Wang et al. [9] used a trajectory simi-
larity measure to cluster trajectories where each clusters
was representing a specific dominant activity. Porikli et
al. [1] represented the trajectories in the HMM parame-
ter space for activity analysis. Vaswani et al. [10] mod-
eled the motion of all the moving objects performing the
same activity by analyzing the temporal deformation of
the “shape” which was constructed by joining the lo-
cations of the objects in each frame. These above men-
tioned methods are based on long-term tracks of moving
objects and therefore are only applicable to low density









Figure 3. Generating super tracks for
crowd videos. Left Col: Extracted flow
vectors (yellow arrows). Center Col: The
motion flow field. Right Col: Detected su-
per tracks.

Super Track Matching: Each super track may
represent motions of several different objects (people,
cars etc), since they are generated using global flow
field of the whole video. Therefore, super tracks are
different form the traditional object tracks representing
the locations of a single object in different frames.
Super track can be used in video matching since they
can effectively reduce the problem of multi-object
multi-event video matching to the problem of matching
two sets of super tracks. Consider two videos X and
Y, and assume X and Y respectively have n and m
super tracks {x;}i=12.. n and {y;}j=12,  .m. We
first define the similarity between two super tracks
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where d(x;,y;) is the shape distance computed by
performing the dynamic time warping of the directional
vectors of x; and y; (see [7] for details), and wj is the
reliability weight associated to each track z;, which
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best matching between two groups: {x;}i=12.. .
and {y;}j=1,2,.. m, We use maximum bipartite graph
matching to achieve where each super track is a node in
the bipartite graph. The weight of an edge between two
nodes is given by the above equation. Given a bipartite
graph G = (V, E), a matching M is a subset of F
such that for any two different members e, e’ € M,
e N e’ = @. The maximum weight matching is the one
that maximizes the sum of the weights.

4. Experiments

Two classes of videos are considered for the experi-
ments which are i) Crowd, and ii) Aerial videos. These
videos contain groups of people and vehicles moving
mostly in an unconstrained setting in the presence of
shadows and severe occlusions.
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Figure 4. Super tracks in aerial video. (a)
Top: Initial tracking results where 6 cars
generated 16 broken tracklets. Middle:
Trajectories superimposed on the video
mosaic. Bottom: Correctly generated sin-
gle super track. (b) Left: Flow vectors su-
perimposed on the mosaic. Right: Three
super tracks. (c¢) Top: Flow vectors. Bot-
tom: Five super tracks.

Crowd Videos: Fig. 1 shows a crowded scene
of a supermarket where crowds of people go up and
down through three escalators. Here, we used KLT
to extract initial flow vectors, and correctly generated
three super-tracks corresponding to the motion patterns
of three escalators. Fig. 3 shows results on two other
challenging sequence containing dense crowd. In
Fig. 3(top-row), the crowd of pilgrims is moving in
two opposite directions. The pilgrims are wearing
clothes of similar color and are occluded by each other,
which makes it very hard to detect and track individual
persons. By processing this video through our proposed
method, we generated two super tracks which correctly
correspond to the two motion patterns: pilgrims going
up and pilgrims going down. Fig. 3(bottom-row)
demonstrates the strength of our method on a sequence
of an outdoor scene containing crowd and shadows. In
this case several super tracks were extracted from the
motion flow field. Again they correctly correspond to
the running routes and the direction of motion.

Aerial Videos: The aerial videos were taken from
DARPA’s VIVID data set. Here, the main challenge is



to resolve the issue of broken trajectories resulting from
the limited field of view and occlusion of objects due to
terrain features. Initial tracklets were generated using
mean-shift tracker in motion compensated imagery.
The point flows are then extracted from these tracklets.
The first result is shown in Fig. 4(a) where super track
is extracted from the video showing a group of cars
making a U-turn. In this video, six vehicles move on
a highway in a convoy form, but only three or four of
them are captured by the camera at any time. Some cars
disappear for more than 100 frames and then reappear
which results in trajectories which are broken into
many tracklets. It is very difficult for a tracking based
approaches to detect the motion pattern from these
broken trajectories. In contrast, our method obtains
the flow vectors from these tracklets and does not use
the labels of objects, and, therefore, does not require
a complete trajectory. By applying our algorithm,
we are able to generate one super track representing
the motion patterns hidden in the 16 tracklets of this
sequence. Two more results are shown in Fig. 4(b) and
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Super Track Matching: We also tested the pro-
posed method for super track based video matching us-
ing the VIVID data set consisting of 21 videos. Given a
query video, the super tracks were generated using the
proposed method. The super tracks of the query video
were then compared with the super-track of each video
in the database. Fig. 5 illustrates the video matching
results for the sequence shown at the top which is an
IR video. In this video, there was a group of cars mak-
ing “S-turns” (see first row in Fig. 5). Fig. 5 shows
the three videos with the greatest similarity to the query
video. Note that even though there are multiple groups
of objects in these three videos and only one group in
the query video, all of them contain the same motion
pattern i.e. the S-turn. Despite the imperfect tracking
and the variability in path shapes, our method success-
fully matched the videos with the query video.

5. Conclusions

We have proposed a new method based on instan-
taneous motion information, to detect typical motion
patterns for dense crowded scenes. This is achieved by
proposing a new construct called ‘super track’.
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