
scale dependent.
Graphical models on the other hand provide a natu-

ral framework to represent state transitions in events and
also the spatio-temporal constraints between the actors and
events. Hidden Markov models (HMM) and their exten-
sions have been widely used in various domains success-
fully. [3] introduced the switching hidden semi-Markov
model (S-HSMM) to simultaneously model both the natural
hierarchical structure as well as durations of events. [11] in-
troduced ActionNets that uses keyposes of actions rendered
from multiple viewpoints for view-invariant action recogn-
tion. Discriminative models like conditional random fields
(CRF) are becoming increasingly popular due to their flex-
ibility and improved performance. [15] applied CRFs for
contextual motion recognition and showed encouraging re-
sults. [12] introduced a 2-layer extension (LDCRF) to the
basic CRF framework and applied it for continuous gesture
recognition. While each of these models provide a frame-
work for modeling different aspects of actions, there is a
large gap between most activity models and image data.
This gap is typically bridged by using fairly accurate tracks
from an intermediate module ([2, 3, 12]) or by extracting
features from clean silhouettes ([15, 11]).

1.2. Overview of our Approach

In our work, we combine ideas from the graphical model
and template based threads and demonstrate our approach
on videos with large variations in viewpoints and scale and
also in the presence of background clutter. Similar to [11]
we first render Mocap data of various events in multiple
viewpoints using Poser. We then embed these templates
into a 2 layer graph model similar to [12, 3]. The nodes
in the top layer correspond to events in each viewpoint and
the lower layer corresponds to each pose in the event. At
each frame we compute the observation probability based
on shape similarity using the scaled-Hausdroff distance and
the transition probability based on flow similarity using fea-
tures similar to [4]. We augment the similarity score with a
duration term to account for events taking place at different
speeds, and a spatial term that provides a Kalman filter like
framework for tracking the person. We recognize events us-
ing Viterbi search on the graphical model. Our approach for
simultaneously tracking and recognizing actions also builds
on the tracking-as-recognition approach in [19].

The rest of the paper is organized as follows - First we
give an overview of our setup to generate the multiview
templates and the high level constraints for representing ac-
tions, in section 3 we describe our graphical model for in-
ferring the event and pose sequence and in sections 4 we de-
scribe our shape and flow similarity measures respectively.
Finally we present results of our system in section 5 and
conclude in section 6.

Figure 1. Transition Constraints - a) Graph model for a single event
b) 2-layer model for a simple 2-event recognizer at the first two pan
angles (0o,30o)

2. Action Representation

Human actions involve both spatial (represented by the
pose) and temporal (corresponding to the evolution of body
pose over time) components in their representation. Further,
the actual appearance of the spatio-temporal volume varies
significantly with scale and viewpoint. In order to make our
representation invariant to viewpoint, we first render poses
of synthetic human figures from motion capture data (ob-
tained from [6]) of various actions in multiple viewpoints
using POSER 1. We cover 90o of camera tilt angle at 15o

intervals and 360o of pan at 30o intervals. We render our
poses with a large resolution (900×600 pixels) and use a
scale invariant distance measure to make our approach ro-
bust to variations in scale. Further, we include body poses
in all frames of the action template instead of just the key
poses as in [11]. This is because we use flow based mea-
sures besides shape, and hence using key poses with a large
pose difference would make the flow matching very inaccu-
rate.

We embed the poses in a 2-layer graphical model illus-
trated in Figure 1. Each node in the top layer corresponds
to an action in a particular viewpoint and the lower layer
corresponds to the individual poses. We restrict transitions
at the event layer based on the similarity between the low
level poses at the transition point. For example, we can
transition to the standup only after a sitdown event since
the final pose in sitdown is very similar to the start pose in

1POSER 5, Curious Labs (now e frontier Inc.)



Figure 3 illustrates the unrolled graphical structure of our
model with the temporal and spatial nodes. Each maximal
clique in figure 3 corresponds to a potential defined in equa-
tions (2)-(6).

With these potentials, the best state sequence can be in-
ferred by computing the maximum probability path-

p∗ = arg max
�

P(� |I) (7)

Equation (7) can be solved using Viterbi-like search. How-
ever, since we render ≈ 13000 poses and the track window
can potentially be at any location in the image (captured at
740 × 480 pixels resolution) the state space is huge mak-
ing the computation time impractical. But, given the transi-
tion and spatial constraints imposed by the graphical model,
only a very small number of these states have significant
probability. In our experiments we considered only the top
P = 10 [pt ,wt ] tuples for each et . Since we use templates
for 6 actions rendered in 12 possible pan angles, we need
to consider only 6*12*10=720 states at each frame to find
the best state sequence. Also, since we are only interested
in finding the best path through the SFD-CRF, we can ig-
nore the normalization factor Z(I) in equation 1 since it is
constant for a given video segment.

4. Shape and Flow Potentials

We now describe the two key potentials in the SFD-CRF.
Shape Matching: TheHausdorff measure[7] has been pop-
ular for matching images due to its simplicity and exten-
sions that are invariant to translation, scale and rotation. For
two sets of points A and B , the directed Hausdorff distance
from A to B is:

h(A, B ) = max
a�A

min
b�B

‖ a − b ‖ (8)

where ‖ . ‖ is any norm (L1 in our case). In order make
the distance robust to outliers, we typically take the partial
distance as in [7]-

h(A, B ) = K th max
a�A

min
b�B

‖ a − b ‖ (9)

where K th max refers to the K th largest value of ‖ a −
b ‖. Typically, we wish to match a set of template edge
points B to edges in image A at various image locations
and independent x and y scales. Let the quadruple t =
(tx , ty , sx , sy ) denote a model transformation t(B ). Then
[8] presents a scaled Hausdorff distance at t as-

h(A, t(B )) =
K th max

a�A
min
b�B

‖ a − (sx bx + tx , sy by + ty ) ‖ (10)

While, the Hausdroff score can be used to measure the sim-
ilarity of particular set of image points to the model, it does

not directly give a probability for the match between A and
B . In previous work, two probabilisic formulations have
been used. The first is the Hausdorff fraction which counts
the fraction of model points that are at a distance less than
a threshold:

hK (A, B ) ≤ � (11)

While this is a straight forward generalization of the partial
Hausdorff distance in equation (9), it is quite sensitive to the
threshold � . [13] presents an alternative formulation based
on the distance of each model point to the nearest image
point as follows-

P(A|t(B )) =
|B |�

i=1

p(Di ) (12)

where p(Di ) is a probability distribution function for the
distance of each model point to the nearest image point and
is defined as-

p(Di ) = ci +
1

�
√

2�
eŠD 2

i / 2� 2
(13)

This formulation was used in [5] to match shape templates
using the chamfer distance, for gesture recognition. In our
case, since we render the pose templates at a high resolu-
tion, the model typically has ≈ 1000 points. Hence the
RHS in equation (4) tends to zero even for well matched
templates. Instead we first compute the scaled Hausdorff
distance for the entire template using equation (10) and then
embed it in a normal distribution, to define our shape simi-
larity potential �([p t , wt ], I t ):

�([p t , wt ], I t ) = P(A|t(B )) =
1

�
√

2�
eŠh(A,t (B ))2 / 2� 2

(14)

In our experiments we set � = 15 though the results are
fairly robust to the actual value of � .

Flow Similarity: We measure flow similarity between
the event templates and the video based on pixel-wise opti-
cal flow, similar to [4]. However, our approach differs from
[4] in two crucial aspects - 1) [4] assumes that the actor
in the action is already tracked and stablized, while we ex-
plore a set of possible windows at each time step and thus
simultaneously do tracking and recognition 2) There is a
large difference in scale between the templates and the ac-
tor in the image. Hence we cannot precompute the template
flows. We will discuss how we address the first problem in
the next section. Here we will focus on computing a flow
similarity given two templates T1, T2 and two image win-
dows in consective frames I t Š1 , I t at frames t and t − 1.

In order to compute the optical flow between two tem-
plates, we first scale them based on the image windows and



Figure 4. Matching optical flow in image with template optical flow

then compute optical flow using the Lucas-Kanade [9] algo-
rithm. Then, similar to [4], we split the optical flow vector
field F into two scalar fields Fx and Fy corresponding the
x and y components, then half-wave rectify them into four
non-negative channels F +

x , F Š
x , F +

y , F Š
y and finally blur

and normalize them with a Gaussian to obtain the final set
of features ˆF b+

x , ˆF bŠ
x , ˆF b+

y , ˆF bŠ
y . We extract a similar set

of features from the image windows and compute the flow
similarity as-

� f low (T1, T2, I t Š1 , I t ) =
1
4

4�

c=1

�
x,y �I ac(x, y)bc(x, y)

|ac||bc|
(15)

where I refers to the spatial extent of the flow descriptor, the
bc’s refer to the features extracted from the templates and
the ac’s refer to the image features. Note that equation (15)
is normalized to be in the range [0,1]. Figure 4 illustrates
the computation of the flow similarity described.

5. Experiments

We tested our approach on videos of 6 actions - sit-on-
ground(SG), standup-from-ground(StG), sit-on-chair(SC),
standup-from-chair(StC), pickup(PK), point(P). We col-
lected instances of these actions around 4 different tilt an-
gles - 0o, 15o, 30o, 45o. We did not precisely calibrate the
camera at each tilt and typically had a tilt error of ≈ 5o. At
each tilt we collected instances of actions at 4 different pan
angles - typically, around 0o, 45o, 90o, 270o, 315o though
the actual pan was not measured precisely. We collected
one instance of each action for each [tilt,pan] combination
from four different actors for a total of 16 instances of each
action at each tilt. Further for tilt=0o, we collected videos
under 6 widely varying backgrounds including indoors in

office environments and outdoors in front of moving vehi-
cles for a total of 24 instances of each action at that tilt. In
all we had 400 instances of all actions across all tilts and
pans. We also varied the zoom of the camera and hence the
actual size of the person varied between ≈80-300 pixels in
740 × 480 resolution videos. The pose templates were ren-
dered so that the standing pose is ≈ 600 pixels tall. Figure
5 illustrates some of the conditions under which we tested
our approach.

To process the videos, we first apply a pedestrian detec-
tor similar to [18]. As the detector is trained only for the
standing pose, it fails when the pose of the actor changes
during an action. Thus the detections provide an approx-
imate segmentation of the event boundaries in the video
sequence. We tested our algorithm by running our recog-
nizer between two detections and then comparing the high-
est probability event sequence in the intervening frames to
the ground truth.

To measure the relative importance of shape features,
f low features and duration modeling we compare our sys-
tem (shape+ f low + duration ) with using only shape,
only f low and shape+ f low potentials in the CRF. Ta-
ble 1 summarizes the accuracy at different tilt angles. Note
that using only f low features is very similar to [4] except
that we don’t start with track windows that are centered and
scaled. All the speed numbers reported are for the entire
system including detection, tracking and recognition and
were obtained by running C++ Windows programs on a sin-
gle 2GHz Pentium IV CPU.

As can be seen, combining shape with f low features
produces a significant improvement over using either of
these alone. The result is further improved by modeling
event durations. Also note that including duration models





Figure 6. Sample recognition results - green boxes correspond to tracks under consideration, yellow is the best event,pose at that instant
and white corresponds to the best event,pose after Viterbi search

a multi-person scenario by detecting each person and then
running our recognizer on each detection window. Such an
extension would also require explicit occlusion analysis in
case of interacting people.
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