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Figure 1: Approach overview: given a sequence of images a) we construct
a graph b) connecting pixels in a neighborhood and also to their tempo-
ral correspondences. This is represented as a very large sparse matrix,
from which we select a random subset of columns (which correspond to
pixels) — only the randomly selected pixels are used for graph and matrix
construction. d) we employ spectral clustering segmentation based on ef-
ficient and accurate low rank factorization based on the Nystrom method
to approximate the graph Laplacian.

Spatio-temporal cues are powerful sources of information for segmen-
tation in videos. In this work we present an efficient and simple tech-
nique for spatio-temporal segmentation that is based on a low-rank spec-
tral clustering algorithm. The complexity of graph-based spatio-temporal
segmentation is dominated by the size of the graph, which is proportional
to the number of pixels in a video sequence. In contrast to other works,
we avoid oversegmenting the images into super-pixels and instead gener-
alize a simple graph based image segmentation. Our graph construction
encodes appearance and motion information with temporal links based on
optical flow. For large scale data sets naive graph construction is compu-
tationally and memory intensive, and has only been achieved previously
using a high power compute cluster. We make feasible for the first time
large scale graph-based spatio-temporal segmentation on a single core by
exploiting the sparsity structure of the problem and a low rank factoriza-
tion that has strong approximation guarantees.

The central contribution of this paper is to introduce a set of strategies
that enable us to compute a dense graph based segmentation using a single
processor and fitting in core memory. This is done primarily through two
innovations: (i) we exploit the sparsity structure of the spatio-temporal
graph, and (ii) we make use of an efficient and accurate low rank factor-
ization based on the Nystrém method to approximate the graph Laplacian
in a spectral clustering approach. Our results show that not all of the
pixels contain meaningful information about images, and just a subset of
pixels can be a good representation of the entire scene.

Given an image I, we create a graph G = (V,E,W), where the graph
nodes V are the pixels in the image and are connected by edge E if they

are within distance r from each other. W measures the similarity of pixels

—d(s;
connected by an edge. We define W as the following: W;; = exp %

where W;; = 0 for i =j, and s; denotes pixel color and d(s;,s;) is the
Euclidean distance. o is a local scaling parameter [3] which takes into
account the local statistics of the neighborhood around pixels i and j.
Local scaling parameter is defined by: 0; = d(s;,s;) where sy is the K’th
neighbor of pixel i. In order to extend this to video, we make use of optical
flow and add temporal motion information to the graph. We use optical
flow to compute the motion vectors between frames. Then we connect
pixel (x,y) in frame ¢ to its 9 neighbors along the backward flow (u,v) in
framet — 1, e.g. (x+u(x,y)+ 8,y +v(x,y) + &) for 6,8, € {—1,0,1}.

The similarity matrix for the video is a sparse symmetric block diago-
nal matrix of the size n = number of frames x number of pixels in one frame.

Next, we use a time and space efficient spectral clustering via column
sampling [1], that is similar to Nystrom method, but with a further rank-k
approximation of the normalized Laplacian using the sampled sub-matrix
of the similarity matrix. This algorithm has shown promising results,
since it reduces the time and space complexity of Nystrom method and
also it is able to recover all the degree information of the selected points.
The time complexity of the algorithm is O(nmk) and there is no need to
store large similarity matrix W or its sampled columns in the memory.
Also we are using the proposed inexpensive algorithm by [1] to orthogo-
nalized estimated eigenvectors.

After performing spectral clustering on the similarity graph and ob-
taining the clusters, we first quantize each cluster into 256 bins (16 bins
for each channel) and compute the RGB histogram. Then we merge ad-
jacent clusters repeatedly if their similarity is more than a threshold 7 to
achieve the final segmentation.

We compared our method against other dense and sparse methods
and achieved comparable performance while using just a subset of pixels
(30%-50%) to label all of the pixels. In conclusion, we have demonstrated
a novel method for spatio-temporal segmentation of dense pixel trajecto-
ries based on spectral clustering. We found that fully connecting pixels to
their spatial neighbors within a given radius is an effective strategy for im-
proving segmentation accuracy. Additionally, we use optical flow to more
accurately compute temporal connectivity than a simple method based on
an interpretation of the video sequence as a 3D volume. In contrast to
previous work, we do not resort to super-pixel segmentation to achieve
computational tractability and memory efficiency. Instead, we exploit the
natural sparsity structure of the graph, and employ a low rank approxi-
mation of the Laplacian closely related to the Nystrom method. We have
found that sampling 30-50% of the pixels to index columns of the low
rank approximation leads to comparable performance with a method that
uses 100% of the columns. This strategy results in a spectral clustering
method that can run on a single processor with the graph representation
fitting in core memory. We have demonstrated the effectiveness of the
approach on the Hopkins 155 data set, where we have achieved the best
reported results for dense segmentation using an order of magnitude less
computation than [2].
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