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When a video surveillance scene is observed over time, motion patterns can be learned and used to detect
abnormal activity. The primary challenges include fragmented object tracks, sparse training data, unbalanced
training data, and even temporal localization of a deviation. We present a novel approach to learning motion
behavior in video, and detecting abnormal behavior, using hierarchical clustering of Hidden Markov Models
(HMMs). A continuous stream of track data is used for online and on-demand structure learning and training of
HMMs, where tracks may be of highly variable length and scenes may be very complex with an unknown number of
motion patterns. We show how these HMMs can be used for on-line clustering of tracks that represent normal
behavior and for detection of deviant tracks. The track clustering algorithm uses a hierarchical agglomerative HMM
clustering technique that jointly determines all the HMM parameters (including the number of states) via an
Expectation Maximization (EM) algorithm and the Akaike Information Criteria [7].
Although there are a number of previous efforts in using HMM’s to cluster sequential data, none of them address
all of the challenges listed above. Smyth [4] and Li and Biswas [5] used offline hierarchical divisive clustering
techniques that required exhaustive iterations through the number of clusters and states, which is intractable for the
large data sets that are dealt with here. Others have used hierarchical agglomerative clustering techniques for
motion pattern learning in video [2][3]. To model a cluster of similar tracks, they calculate a mean trajectory along
with linearly connected boundaries that contain all tracks in the cluster. However, this method does not preserve
long range dependencies and as a consequence cannot detect anomalies in speed or direction, as long as the object is
within its normal positional envelop.
Our approach is to learn typical motion trajectories and velocities that overcome these difficulties through the use
of HMMs [1]. We use HMMs to learn normal behavior without strong prior assumptions, models, or labels and with
few tracks (minimum of two). Normal track behavior is modeled as it develops, while at the same time detecting
tracks that deviate from normalcy. This is accomplished by using an on-line, hierarchical, agglomerative HMM
clustering algorithm that combines similar tracks into HMM models, spawning new models and re-estimating
previous models as data is received. More precisely, our online algorithm compares each track’s position and
possibly velocity observation, as they are received, to existing HMM models (clusters of similar tracks) that are in
the positional proximity of the track being tested. If the new observation does not match any existing HMM then it
is considered deviant and possibly grouped with other similar deviant tracks to form a new HMM, in effect
discovering new motion patterns. The overall scene model evolves when HMMs are modified online by moving
tracks between them and by adjusting their parameters according to new track information. Fragmented tracks are
handled by permitting observations to start in any of the HMM’s hidden states and by an HMM extension algorithm.
There are a number of challenges that must be addressed when using HMMs for motion normalcy modeling. The
first is determining how many HMMs are required to adequately model the different groups of tracks. The second is
to compute the optimal number of states in each HMM. The third is to estimate the parameters of each HMM. These
steps are interdependent and must be performed jointly in some fashion to achieve reasonable performance on
complex data sets as described below.
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Figure 1: Evolution of HMM based normalcy modeling and deviant track detection for Highway Interchange video
Figure 1 shows four stages in motion pattern learning on a complex scene. The video is taken from a blimp while

circling the highway interchange. The video is stabilized, processed through moving object detection, a Kalman
based tracker, and then a track-linking algorithm [6]. The track-linking shrinks the original 518 tracklets to 224,
which has several errors and is still more than the 162 true vehicles that exist in the video.
The scene structure and HMMs are automatically learned as the tracks evolve, where each HMM corresponds to a
unique route. Figure 1 also reveals abnormal tracks, highlighted in red in Frame 114. Some of these occur because
no other tracks have been seen nearby, while others are unusual tracks that switch across roads (tracking-linking
errors). Still others are velocity aberrations such as speeding.
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Figure 2: Final frame of intersection video showing HMMs and normalcy state of each track. Abnormal tracks
are shown in red.
Another example, in Figure 2, shows an intersection in video also taken from a blimp. Taken at 6.5Hz, this clip
has 203 tracks in its 942 frames. The zoomed-in portion of Figure 2, right image, shows the HMMs as a sequence of
one-sigma ellipses. Each HMM and the tracks assigned to it have the same unique color. Deviant tracks are shown
in red along their entire length, although the algorithm precisely identifies intervals of abnormality. The figure
shows the detection of an apparent U-turn as an anomaly, although it is actually caused by a tracking error.
There are several aspects of our algorithm that can be improved. When training on position, some HMMs tend to
overlap due to varying origin and destination points of the vehicles. This can be overcome by creating a merging
algorithm that combines all or parts of common HMMs, although this can be computationally expensive. Also, by
default the HMM technique uses Gaussian distributions in each of the observation dimensions, which leads to
fluctuations in log-likelihoods when transitioning between hidden states. This can be mitigated by modeling the
observations with a piecewise uniform distribution in the direction of motion and a Gaussian distribution
perpendicular to the direction of motion.
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