Efficient Temporal Mean Shift for Activity Recognition in Video
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1. Introduction mean shift algorithm exploits the the temporal similarity

We propose an temporal mean shift algorithm that clugetween successive frames by initializing the search using
ters spatio-temporal regions in video by exploiting tHée modes found in the previous frame.
temporal nature of video. Extracting spatio-temporal re-We now describe how we can use standard mean shift
gions is often one of the first pre-processing steps in #nextract spatio-temporal regions. Then, we introduce an
activity recognition system [3, 6, 8]. Due to the high voltemporal mean shift algorithm that makes it possible to
ume of data present in video, higher level algorithms ade efficient clustering on long sequences of video. Mean
often unable to do inference directly at the pixel level. shift is an iterative algorithm that can be used to find the
spatio-temporal segmentation algorithm that extracts decal mode of a cluster of points [1]. Each pixeat lo-
herent regions in apperance and motion can reduce ¢agon(z;,y;) and timet has colorgr;, g;, b;). From this
amount of data that needs to be processed by higher Idoédrmation, we need to calculate the local appearance of
inference algorithms. Thus, it is essential to have an &te pixel and its motion path. The local appearance could
ficient segmentation algorithm that can quickly proceg¢ in the form of texture features, calculated using Ga-
large amounts of video data. In our previous work in abor filters, and its raw color values. The motion is calcu-
tivity recognition, we introduced a set of volumetric fedated using dense optical flow, for example using Lucas-
tures for efficiently classifying spatio-temporal regions Kanade. Each pixel is then transformed into a high di-
video [6]. One limitation of this work is that each actiofinensional feature vector that contains its appearance and
had to be manually segmented and labelled. A clusterif@tion information. Letf; be ad-dimensional point in a
algorithm that can automatically extract spatio-temporggt ofn feature pointsf; ... f,,. To cluster the points, we
regions will allow semi-supervised training of our classfind the mode neaf; using mean shift. We calculate
fier and allow us to recognize a wider range of actions.

We propose to use mean shift as a basis for our clustering Y = Ji 1)
algorithm. Despite all of the work in improving standard
mean shift, described below, it is still too slow for practi- DY Fig(|| 2=tk 2y )
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Mean shift was first used for image segmentation
by Comaniciuet al. [1]. Since then, mean shift hagvherej = 1,2,..., with kernelg, typically a Gaussian
gained wide-spread popularity as a general clusterikgfnel, and bandwidtih. The modey; is the limit of
and segmentation algorithm in the vision communitihe series, wherg; ; converges to a fixed point. Each
Georgesciet al. improves on standard mean shift by ugnode represents a spatio-temporal cluster that has similar
ing locality sensitive hashing [5] for the near-neighb@Ppearance and motion. The main difficulty in using stan-
search [4]. Wangt al. adapts the kernel used in meaflard mean shiftis that itis computationally intensive. The
shift to be anisotropic and achieves better results in séij2er loop of mean shift requires a range-search of neigh-
menting video [10]. Other efforts in segmenting regior¥rs fi neary; ;), which is particularly time-consuming

in video include [2,7,9, 11]. in high dimensions. Although there has been considerable
efforts in optimizing mean shift, a 643480 image could
2. Approach take up to a minute to segment [4] — and much longer to

Our key contribution is the insight that mean shift clusegment an entire video clip.
tering can exploit the fact that there is typically very lit- Now we sketch our proposed temporal mean shift algo-
tle change between successive video frames. Most of tliem. To optimize the inner loop of mean shift, one can
pixels, and therefore the clusters, shift only slightlynfro either speed up the nearest-neighbor search (as in [4]), or
frame to frame. Since mean shift is an iterative procedureduce the number of iterations required to converge to
fewer iterations are required for convergence if the ihitithe local mode (as in our approach). Figure 1 shows a
search is already close to the local optimum. Our tempoparson sitting down, captured at 30 frames per second.



Figure 1: Part of a video capturing a person sitting down.

Ignoring the static background, the difference between

successive frames is small because the video is captured at thirty frames a second. Therefore, the cluster centers
found in frame ¢ can be used to initialize the clustering process in frame ¢ + 1.
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Figure 2: Using the cluster center found in frame n to ini-
tialize the clustering in frame n + 1. Starting at upper left
point, it takes four iterations to converge to the mode at
point X at frame n. At frame n + 1, all of the features shift
to the right slightly, and we are able to find the new mode
in just two iterations by starting at the mode found in the
previous frame.

crease of nearly00%. The average distance in the cluster
centers between the original and our algorithm is anfy
pixels.

4. Conclusion

We introduced an temporal mean shift algorithm that is
optimized for extracting spatio-temporal regions in video
The key insight is that there is typically very little change
between successive video frames. By using the cluster lo-
cations found in the previous frame to initialize the mode
search for the next frame, we achieve a speedup of nearly
100% with a small error in clustering performance.
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