Closed-Loop Tracking and Change Detection in Multi-Activity Sequences
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Abstract 1.1. Overview of Proposed Method

Our framework for tracking of human activities consists

We present a novel framework for tracking of a long se- ¢ the following steps which take place in a loop: (i) model-

activities. Unlike some other approaches that can track”':}g the appearance and motion of single activity sequences

sequence of activities, we do not need to know the transitigfy tracking them, (i) detecting a change from one se-
probabilities between the activities, which can b&difit 0 q,ence to the next, and (iii) automatically reinitializing after

estimate in many application scenarios. We demonstrate 4@ change and starting tracking. A diagram explaining our
effectiveness of the method on multiple indoor and outdogya 4| approach is shown in Fig. 1.

real-life videos and analyze its performance.
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1. Introduction

Video sequences often have people performing multiple
activities one after another. For example, Fig. 1 shows some
frames from an educational Yoga video where the instructor
transits continuously between different postures. In multi-
camera environments spanning a large geographical area, it
is common for people to do different activities which we
need to continuously track. A recent review [8] suggested
that tracking long sequences of activities is still a challeng-
ing problem. This motivates us to design methods that can
track a long multi-activity sequence including the time in-
stances of change from one activity to the next, using a
closed-loop, non-linear dynamical feedback system.

The authors at UCR were partially supported by NSF Grants 0551741
and 0622176.

TE/ELL + Features









determined as in Section 4.3. After this initialization, the
algorithm now proceeds as follows.

Track Based on the detected region and the chosen dy-
namical model, the particle Plter is used to track the activity.
Measures for determining the accuracy of the tracking algo-
rithm (TE or ELL) are computed for each frame.

Change DetectionWhen the TE or ELL exceeds a
threshold for a few consecutive frames, a change is detected.

Model Switching The procedure in Sec. 4.3 is used to
automatically reinitialize and go back to track.

5. Experimental Results

We have performed extensive experiments and analysis
of our algorithm. First, we show results on controlled data,
and analyze the performance of the proposed method. Next,
we show results on different activities in an outdoor envi-
ronment, including signiPcant occlusions, changing back-
ground and multiple interacting people.

5.1. Performance Analysis on Controlled Data
5.1.1 Tracking with Piecewise Stationary Model

We show few examples of PSSA models and the perfor-
mance of our closed-loop tracking. The training and testing
sequences were captured separately on different days. The
binarized silhouette denoting the contour of the person in
every frame of the training sequence is obtained using back-
ground subtraction. We extracted the landmarks from this
binary image by uniformly sampling on the edge of the sil-
houette. Once the landmarks are obtained, the shape is ex-
tracted using the procedure described in Section 2.1. Using
the training data, the parameters of the dynamical models
for each activity were learnt using these shape sequences
and as explained in Section 2.2. In the testing sequence,
the silhouette is pre-computed only in the Prst frame if the
background information is available; otherwise we use mo-
tion segmentation over a few initial frames to obtain the sil-
houette. Thereafter it is obtained as the output of the track-
ing algorithm.

Figure 3. Tracking results on video data with the PSSA model.

Fig. 3 shows the tracking results for two activities with
piecewise stationary models composed of three and two sta-
tionary sub-models (i.e., mean shapes), respectively. The
number of frames that are used to reinitialize to a new an
activity is called the “delay” due to model switching. There
is a long delay in the case of slowly changing activities, be-
cause the tracking error increases slowly, while for quick
changes, the delays are very short. We have explored the
use of ELL for slow changes, since it has the potential for
reducing the delay. For switching between different sub-
activities of “bending across”, we show the plots for TE
and ELL in Fig. 4, where it can be seen that ELL has lesser
delay.
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Figure 4. Plot of (a) TE and (b) ELL for Actl. The dotted lines
show the switching time instants, and the horizontal lines in (b)
show the threshold for ELL. The threshold is set as the rank of
2y (see equation 11). ELL detects faster because it is a gradual
transition that is tracked by the particle Plter.

5.1.2 Comparative Analysis

In order to compare with the open-loop approaches that
assume a known transition probability [13, 2, 4, 12, 23],
we use our shape-dynamical representation, but incorpo-
rate the transition matrix in an open-loop system, instead of
the switching module in the feedback path. We discuss the
comparison in three cases on a video consisting of several
Yoga postures with continuous changes from one posture to
another.

€ Case 1: Incorrect Transition Probabilities

This is a trivial case where the open-loop approach will lose
track. Since the closed-loop approach does not need any
such transition probabilities, it will be able to track as long
as the new activity model is detected correctly (Sec. 4.3).

€ Case 2: Uniform Transition Probabilities

When the accurate transition matrix is unknown, it is rea-
sonable to assume uniform transition probability between
activity models. Using the particle Pltering framework with
a small number of particles, our proposed approach can
track through large changes in body posture without know-
ing the transition probabilities, while an approach like [13]
using the same number of particles needs much more time
to regain track. Fig. 5 shows the tracking errors with both
these approaches. In the open-loop framework, the parti-
cles are uniformly distributed within several states. When



