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Abstract

In this paper we consider the problem of describing the
action being performed by human gures in still images.
We will attack this problem using an unsupervised learning
approach, attempting to discover the set of action classes
present in a large collection of training images. These ac-
tion classes will then be used to label test images. Our ap-
proach uses the coarse shape of the human guresto match
pairs of images. The distance between a pair of imagesis
computed using alinear programming relaxation technique.
Thisisa computationally expensive process, and we employ
afast pruning method to enableits use on alarge collection
of images. Spectral clustering is then performed using the
resulting distances. e present clustering and image label-
ing results on a variety of datasets.

1. Introduction

Does a single image convey an action? Consider the
images in Figure 1. Even though only a single image is
available, an actionis conveyed. Motion isde nitely anim-
portant cue for action recognition, but even in still images
it is possible to discern actions. Moreover, many actions
(such as standing or sitting) are dened by a static body
pose, rather than a particular motion pattern. Hence, static
pose is an essential component of action recognition. In
this paper we will attempt to address this problem of action
recognition from still images.

The datasets which we use for our experiments are still
framesfrom gure skating video sequences, and collections
of sports news photographs (baseball and basketball) col-
lected from the Internet. We will assume that each image
contains human gure(s) performing some action. These
are certainly challenging datasets, particularly the sports
news photographs. A major challenge is that real-world
datasets of this variety contain a substantial amount of
noise, in the form of unrepeated or unusual actions. One

Figure 1. Examples of still images from our datasets. Even though
only asingle image is available, it is still possible to perceive an
action being performed.
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of the goals of this work is to try to discover what actions
are present in a particular dataset. To this end we will rst
phrase the problem of action recognition as an unsupervised
learning problem, attempting to summarize the actionsin a
dataset. We will do this by clustering images into groups
with peoplein similar body poses.

The main cue which we will try to exploit is the overall
shape of the human gure(s) present in an image. We will
represent shape as a collection of edges points, obtained via
Canny edge detection. We will use shape in order to have
a method which is less sensitive to the clothing worn by
different people.

At the heart of our method is a technique for deformable
matching of the edges of a pair of images, which will be
used to measure the distance between images. This method
is based upon a linear programming relaxation technique.
Eventhoughitiseffective, applyingit to large collections of
images is computationally intractable. As such, we employ
amethod for fast pruning which will quickly narrow down
the search to a shortlist of images which are likely to be
similar. The deformable matching is applied only to these
shortlisted images. Once we have obtained a sparse matrix
of distances between pairs of images, we will apply spectral
clustering to obtain our action classes.



Given these clusters of actions which can be discerned
using static body pose, we will manually assign them la-
bels. Prototypes from these clusters can then be used to
classify new images according to these labels. We perform
aquantitative evaluation of our method by measuring accu-
racy of this labeling relative to a control of random labels.
Promising results are shown on challenging datasets.

The structure of this paper is as follows. In Section 2
we review previous work. Section 3 gives an overview of
our approach. Sections 4, 5, and 6 describe the pruning, de-
formable matching, and clustering respectively. We show
clustering and image labeling resultsin Section 7, and con-
cludein Section 8.

2. Previous Work

The problem of activity recognition has received a large
amount of attention from the computer vision community.
Shah and Jain [15] provide a review of this body of work.
Much of thiswork isfocussed on analyzing patterns of mo-
tion. For example, Cutler and Davis [5], and Polana and
Nelson [13] detect and classify periodic motions. Little and
Boyd [10] perform gait recognition by analyzing the peri-
odic structure of optical ow patterns. Rao et a. [14] de-
scribe a view-invariant representation for 2D trajectories of
tracked skin blobs. An incremental learning procedure is
used to automatically build a vocabulary of actions. Moore
et a. [11] use context provided by object detection to aid in
activity recognition.

Bobick and Davis[3] develop arepresentation known as
Temporal Templates that captures both motion and shape,
represented as evolving silhouettes. However, the extraction
of these silhouettes is based on background subtraction and
would not be applicable for this problem.

Our method considers the shape of the human gure,
represented as a collection of edges. Other similar work
includes Gavrilaand Philomin [7], who consider pedestrian
images, and compare them by Chamfer matching on edge
maps. They present a method for automatically construct-
ing a hierarchy of pedestrian shapes, for the end goal of ef-

cient detection. Sullivan and Carlsson [18] perform actio n
recognition by matching test imagesto labelled keyframes,
using order structure to compare the shape of extracted
edges.

The idea of attempting to discover the set of action
classesfrom alarge collection of imagesis motivated by the
work of Sivicet al. [17] and Fergus et al. [6] who attempt to
discover object classes from collections of images.

For action recognition, in addition to the af orementioned
work of Rao et a. [14], Hoey [8] presents a method for un-
supervised learning of HMMs of facial expressions. Zhong
et al. [20] cluster segmentsof long video sequences by |ook-
ing at co-occurrences of patterns of motion and appear-
ance. Xiang and Gong [19] automatically discover activ-

ity classes from video sequences, modelled using a variant
of HMMs. Boiman and Irani [4] explain a video sequence
using patches from a database, declare non-matching com-
ponents to be unusual.

This work is also motivated by that of Berg et a. [2],
who detect facesin alarge collection of news photographs,
and learn a mapping of names to faces, based on the names
contained in the associated captions. Some of our datasets
are aso collections of news photographs. One might hy-
pothesize that the action verb contained in the caption cor-
responds to the action of the person in the image. Unfor-
tunately, we found this not to be the case. The caption fre-
quently refers to events at a coarser level of detail. For ex-
ample, a caption of The New York Yankees beat the Los
Angeles Dodgers, does not indicate the presence of any
beating occurring in the actual image.

3. Approach

We will attempt to take a large collection of still im-
ages and form clusters corresponding to people in similar
body poses. Spectral clustering [16] will be used to com-
pute these clusters. In spectral clustering, with n images an
n-by-n af nity matrix W is constructed, where Wj; stores
the af nity, or similarity betweenimages i and j.

We desire a measure of af nity which will place a high
value on images of peoplein similar poses, and alow value
on those in dissimilar poses. As such, we will dene adis-
tance measure based on a deformable template matching
cost between a pair of images. We will then turn this dis-
tanceinto an af nity in the usual fashion, passing it throug h
an exponential.

The deformabl e template matching algorithm we use ex-
tracts a set of sample points from the edges in the images,
and triesto nd an optimal assignment between these sam-
ple points in the two images. The distance for matching
one image to another is de ned as a sum of two terms. The
rst measures similarity between matched landmarks, and
the second measures relative spatial deformation between
pairs of landmarks. This matching problem is an instance
of an Integer Linear Programming (ILP) problem, whichwe
solve via relaxation to Linear Programming (LP) and iter-
atively making convex the original nonconvex rst term of
the cost function within the current trust region, as done by
Jang et al. [9].

This LP relaxation technique is very ef cient, and our
implementation solves for the matching between a pair of
images in approximately 2-3 seconds. However, if we need
to build a 4000-by-4000 af nity matrix, it is intractable to
run thistechniqueto compare every pair of images. Instead,
for each of our n images, we will run afast pruning method
to reduce the set of candidate matches down to a shortlist of
managesble size.

The fast pruning method we use is the representative
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Figure 3. Example shortlists. Column (a) shows query imagkimns (b-i) columns show shortlist of candidate matches frepresen-
tative shape context pruning. For baseball images, thestharrst 8 entries of the shortlist. In the gure skating iges, every second
shortlist image is shown since there is much redundancy atemporal structure. In our experiments a shortlist of teri) is kept for
each image. Human gures in poses similar to that in the girapge are retrieved, along with some incorrect images. pkesrsuch as
row 4 are common, and illustrate the dif culties in our dagess

In this optimization problemfs is the matched pointin  followed the convexi cation scheme of Jiang et al. [9] and
the target image for feature poisibn a template; The cost relax the problem into linear programming. To linearize the
of matching feature poirgwith target feature poirft, is de- rst term, the following scheme is applied. A basls is se-
noted a<(s; fs). The second term in the objective function lected for the targets for each sgeThen the points can be
is a regularity term, used to smooth the matching vectors forrepresq{,]ted as a linear combination of the target poinsbasi

neighbor feature points.,q are coef cients to control the  asfs = 128, st U where ¢.; are real-valued weighting
weight of the smoothness term. The nojjmjj is thel coef cients. The matching cost df can then be approx-
norm. imated by the Iin%r combination o|£the cost of the basis

In our experiments, we rst convertthe binary edge maps labeling cost(s; ,5. st t) ' o, st C(Sit).
into gray-scale images by distance transformatiqs; fs) We also further set constraintg; 0 and 28, si =1

is measured by taking a sma&ll 9 patch of pixels around  for each sites. Apparently, if s;; are constrained to be 1 or
each feature point, and calculating the normalized sum of0, and the basis contains all the target points, the above rep
absolute value distance between two patches. resentation becomes exact. To linearize the regularityger

The connectivity pattern among template sample points,in the nonlinear formulation we can represent a variable in
N , is the set of edges in the Delaunay triangulation of thesethe absolute value term by the difference of two nonnegative
sample points. The weighting parametgry is xed at 0.8 auxiliary variables and introduce the summation of the aux-
for all pairs. iliary variables into the objective function. If the probie

The energy optimization problem in Eq. 2 is nonlinear is properly formulated, when the linear programming prob-
and usually non-convex, which makes it dif cult to solve in lem is optimized the summation will approach the absolute
this original form without a good initialization processew  Value of the free variable.



