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Abstract

Most existing approaches for learning action models
work by extracting suitable low-level features and then
training appropriate classifiers. Such approaches require
large amounts of training data and do not generalize well
to variations in viewpoint, scale and across datasets. Some
work has been done recently to learn multi-view action
models from Mocap data, but obtaining such data is time
consuming and requires costly infrastructure. We present
a method that addresses both these issues by learning ac-
tion models from just a few video training samples. We
model each action as a sequence of primitive actions, rep-
resented as functions which transform the actor’s state. We
formulate model learning as a curve-fitting problem, and
present a novel algorithm for learning human actions by
lifting 2D annotations of a few keyposes to 3D and inter-
polating between them. Actions are inferred by sampling
the models and accumulating the feature weights learned
discriminatively using a latent state Perceptron algorithm.
We show results comparable to state-of-art on the standard
Weizmann dataset, with a much smaller train:test ratio, and
also in datasets for visual gesture recognition and cluttered
grocery store environments.

1. Introduction

Action recognition from videos has been a subject of
active research in recent years, since effective solutions
to this problem can have a wide range of applications in-
cluding human-computer interaction (HCI), visual surveil-
lance, search and retrieval among others. While several
approaches have been explored, at their core they involve
development of suitable modeling frameworks and low-
level features. The different modeling approaches consid-
ered in previous work include SVM[12], HMMs[17][4],
CRFs[18][15] and finite state machines[8]. In terms of fea-
ture extraction, shape based templates were used in [17],
while a combination of shape and flow based features were
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used in [10][16][5], and features around a sparse set of
spatio-temporal interest points (STIPs) were used in [12].
Foreground based features still continue to be popular (e.g.
[22][18][14]), but these approaches require fairly accurate
foreground extraction for good results.

A key limitation of a majority of these approaches is that
the models are learned from 2D features, and hence they
are not generalizable across datasets and are also typically
not robust to view and scale variations. This would either
require collecting a prohibitively large training set, or re-
training the models for each new dataset. Viewpoint vari-
ations are addressed in [14][16] by rendering 3D Motion
Capture (Mocap) data of actions from multiple viewpoints,
and matching these rendered models to the 2D features. [8]
on the other hand, first tracks limbs using a pose tracker,
and then lifts the tracks to 3D for matching with Mocap
models. However, collecting such Mocap data is time con-
suming and requires expensive equipment.

We address both these limitations by learning effective
3D action models from just a few video samples. We re-
duce training requirements by representing complex actions
as sequences of a small number of primitive actions rep-
resented by parametric functions. The parameters of the
functions are learned from lifting 2D pose annotations in
a few key frames in sample videos, to 3D and interpolat-
ing between them; this eliminates the need for Mocap data.
The event models are mapped to a Dynamic Bayesian Net-
work (DBN) which has associated potentials for transition
between the actions, and a set of feature functions that mea-
sure the similarity between the states and observations. The
relative weights of the different features are learned from
training data discriminatively, using a novel Latent State
Perceptron Algorithm, to train with only partially observed
states. This two-step training process which first learns
an action model, and then learns feature weights signifi-
cantly reduces training requirements. We also introduce a
novel inference algorithm to compute the action sequence
by sampling the action models and accumulating the fea-
ture weights.



Our approach uses projections of 3D action models like
[14][16], but we learn our models from 2D videos and hence
do not require Mocap data. Also, we track poses by sam-
pling from the action models in the continuous domain,
while [14] and [16] sample from a discrete set of poses for
each action. Our approach also differs from [8] since we lift
only a few key pose annotations to 3D during learning and
recognition is done by projecting the 2D models, while [8]
lifts 2D pose tracks during recognition. Also [3] presents an
approach for lifting and interpolating between keyposes us-
ing 3D kinematic constraints, similar to our model learning
approach. However, unlike [3] which requires manual pose
annotations for pose tracking, our tracking and recognition
is completely automated. A similar approach is considered
in [19], which first recognizes actions by keypose matching
and then tracks joints by point transfer from the representa-
tive key frames. We on the other hand use action dynamics,
which model temporal constraints on pose transitions, and
can also recognize more complex actions and viewpoints.
Thus our approach builds on several earlier works, but ex-
pands the capability possible with any of them.

‘We show results on three datasets: the Weizmann set [6]
that has been used by several other researchers, a gesture
dataset that we have constructed with a variety of arm ges-
tures common in HCI applications and finally actions in a
complex, real environment of a small grocery store. We ob-
tain good results in all cases as described later in the paper.

In the rest of the paper, we first discuss action represen-
tation, inference algorithm and features in section 2. Next,
we present the learning algorithm in section 3, followed by
the results in section 4 and conclusion in section 5.

2. Action Representation and Recognition

Our action representation is based on the concept that
a composite action can be decomposed into a sequence of
primitive actions. Each primitive action pe modifies the
state s of the actor to give a new state s’. This can be ex-
pressed in a functional form as f,.(s,s’, N), which maps
the current state s to the next state s’ given a set of parame-
ters N. This representation of actions is inspired by Tempo-
ral Logic of Actions (TLA)[11], which combines first-order
logic and temporal logic and represents actions with logical
predicates but doesn’t deal with uncertainty and errors.

We assume that there is a known finite set of possible
functions f to represent the primitives. This is common
in many domains of interest; in particular, in human motion
analysis, [ 7] shows that there are only 3 possible movements
for any limb - Rotate, Flex and Pause although there is infi-
nite variability in the possible rotation axes and angles. Fur-
ther, the Flex action can be represented as the simultaneous
rotation of two parts in opposite directions about the same
axis (like thigh and knee when flexing the leg, or lower and
upper arms when flexing the hand).

2.1. Graphical Model Representation

Given the action models in the form of parametric func-
tions f, we embed them into a Dynamic Bayesian Network
(DBN) which we call the Dynamic Bayesian Action Net-
work (DBAN) illustrated in Figure 1.
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Figure 1. Dynamic Bayesian Action Network

The nodes in the topmost layer in the DBAN correspond
to the composite actions like walk, pickup, etc. The mid-
dle layer corresponds to the primitives and the lowest layer
corresponds to the pose. In addition, we also include prim-
itive event durations in the model. Thus, the state s; of the
DBAN at time ¢ is denoted by the tuple (ce;, per, di, pe) -

The optimal state sequence SE:T] for an observation
sequence of length 7' is computed by maximizing the
weighted sum of potentials similar to [2].
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where, ¢;(s;_1, ¢, I;) are observation and transition poten-
tials and w; is the weight vector that models the relative im-
portance of the potential functions. Also note that we call
our model a DBN, since we generalize the HMM in [2] by
using a multi-variable state representation.

2.2. Pose Tracking and Recognition

During recognition, we first detect the person in the
video using a state-of-the-art pedestrian detector. We then
use a combined shape and foreground blob tracker to track
and localize the person in each frame, through changing
pose. The position and scale information available from the
tracker is then used to adjust the predicted 3D pose obtained
from the event model. The likelihood of the pose is then
computed by matching the adjusted pose with low-level im-
age features.

Since the pose p; in the state s; is continuous, an ex-
haustive search of the entire state space to recognize the
state sequence is not possible. Instead we use a sampling
based approach to recognize the best state sequence, by



storing the fop-K states s; at each frame ¢. This is simi-
lar to sampling from probability distributions in particle fil-
ters, except that the potential functions are un-normalized.
For each state s;, we first sample the Action Transition
Potential ¢q(s¢,cery1,perr1) to choose the next actions
(cery1,pei+1). Next, we sample from the Pose Transition
Potential ¢, (pt, peit1,Pe+1) to choose the next pose py41.
Here, ¢, (pi, pei+1, pit+1) represents a distribution over the
parameters N in the function fp.,., (p,p’, N) correspond-
ing to primitive pe, ;. Further, since the orientation of the
actor w.r.t the camera can change in actions like walk, we
scan a window within 10° of the previous orientation to
choose the current orientation. Next, we compute the ob-
servation potential @ops(St41,0¢+1), and recognize the best
state sequence by accumulating the weighted sum of poten-
tials. Algorithm 1 presents pseudocode for the algorithm.

Algorithm 1 Inference Algorithm

° Sample initial distribution ¢;,,;:(s) to get initial states
So= {<50 ,ao >|z 1.K}
fort =1toT do
fori =1to K do
Action Prediction:
e Sample <C€§J21’Pe§+)1> ~ Ga(St; Ceri1, pery1)
Pose Prediction:
e Sample p£21 ~ ¢p(Pt; Peis1, Pry1)

Weight Estimation

° Oé,§+)1 = Oét +wa¢f(8t> S¢41,0¢41)

end for
end for

The sum in the weight estimation step above, computes the
weighted sum of the transition and observation potentials.
This is similar to the inference used in CRF-Filters [13],
but differs in two crucial aspects - 1) We use a two-stage
prediction, first for actions and then for poses. 2) We ac-
cumulate the weights over time for each sample, instead of
resampling based on the instantaneous weights, so that our
recognition algorithm does not drift due to local errors.

The representation and inference framework described
so far is general and can be applied in many domains. Now,
we will describe the specific observation and transition po-
tentials we used in our implementation.

2.3. Transition Potential

In our implementation, we allow all possible transitions
between the composite events ce. We model the primitive
transitions by using the primitive event durations in the log

of signum function as follows:
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Here, u(pe;) and o (pe; ) are the mean and variance of primi-
tive event pe; durations learned from the training data. With
this definition, the probability of staying the same primitive
pe; decreases near the mean duration (pe;) and the proba-
bility of transition to a new primitive increases.
We model the pose transition potential with the log of
normal distribution as:
(Pt+1 — Pt —
Gp(Pts Pets1, Pre1) = — 202
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Here, (p;+1 — pi) denotes the amount by which pose p;41
has changed from p;. 0,cqn and 6,4, are the mean and
variance of the amount by which primitive pe;;; changes
the pose at each frame, and is also learned during training.

2.4. Observation Potential

We compute the observation potentials of a state
®obs(st,0¢) using features we extract from the video. For
robustness, we use multiple features to compute the likeli-
hood, such as foreground overlap, difference image match,
and a novel grid-of-centroids based approach to match fore-
ground distribution. Figure 2 illustrates the observation po-
tentials we extract.
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Figure 2. Computation of Observation Potentials

Foreground Overlap: The foreground overlap score of the
pose p is computed by accumulating the foreground pixels
overlapping with orthographic projection of pose p.

Pfq (p, Ifg) =

where, Proj(p, I') is the projection of pose p on image I and
14 is the foreground image.

Difference Image Matching: We use differences between
the frames [; and [;_; within the person detection win-
dow as an estimate of instantaneous changes in the observed

[Lrg 0 Proj(p, 1]



pose. The observation potential of s for change in pose is
modelled as the overlap between the difference image and
projection of moving body parts on the image.
Gaigr (8, It It—1) = | Diff (It, It —1) N Proj(pchange; 1)
where, Diff(I;,1;) is the difference image between the
frame 7 and frame j. This measures the similarity between
the instantaneous motion observed in the video, and the
pose change.

Foreground matching using Bag of centroids: In prac-
tice, extracted foreground blobs are often fairly noisy and
the foreground overlap measure is very sensitive to pose
misalignments. So in addition to the overlap measure, we
propose grid-of-centroids to match the foreground blob dis-
tribution with the pose. To compute the grid-of-centroids,
we place an m x n grid on the image / and compute the
centroids of the foreground pixels within each cell. We rep-
resent this grid-of-centroids by the set of the non-zero cen-
troids vy ,,_)(1), where n, is the number of non-zero cen-
troids. To compute the potential of pose p using the grid-of-
centroids, we compare the grid-of-centroids computed over
the foreground blobs within the person detection window,
and those computed from the projection of p on the image
Proj(p, I). We use Hausdorff measure to compute the sim-
ilarity score between the grid-of-centroids.

cen 7I = i i(Proj ,I —
Peent (D, Lsg) iénp?fc]jerﬁffc,]””( roj (p, I))

where, ||.|| is the euclidean norm.

Position change matching: In addition to the observation
potentials described, we also include a motion weight since
an event can be performed while the actor is either standing
or while he is in motion, say walking or running. We com-
pute this by matching expected change in position with the
position change observed using the person tracker. Given
the observed change in position d,,s, we define the poten-
tial function of a state s with primitive event pe as

(6 0s ’upgs 2
Ppos (85 Opos) = _pip) “4)

pe
20pos

where, (b8, ol are mean and variance of the change in
person position for the primitive event pe. For stationary

events, ubc. = 0.

3. Action Learning

Learning action models in our framework involves two
problems - (1) Learning the parameters N in the primitive
event definitions f,.(p, p’, N). (2) Learning the weights wy,
of the different potentials. We will now describe our algo-
rithms for learning these parameters in detail.
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Figure 3. Model Learning Illustration for Crouch action with 3
keyposes and 2 primitives

3.1. Model Learning

Since the functional form of f,. is known from prior
knowledge, learning NN involves curve-fitting from a set of
(p,p’) pairs. In particular, human limb motions involve ro-
tations of the form Rotate(part,axis,degree), where the pa-
rameter axis is the axis of rotation and degree is amount by
which the part is rotated. Now, if we know the center of ro-
tation, axis and degree can be computed from the start and
end locations of part using simple geometry. We take such
an approach as illustrated in Figure 3.

3.1.1 KeyPose Annotation and 3D Lifting

Given an action, we first choose a set of keyposes that best
represent the action. In our work, we do this manually but
we can choose them automatically from a sample video by
computing a motion energy function similar to [14]. Next
we annotate the 2D joint locations of the frames containing
the key poses in a sample action video. In addition, we
also annotate for the relative depth ordering between the
joints, the height H of the person in pixels, and also the
approximate pan and tilt of the camera. Our approach to lift
3D pose from 2D annotations is similar to [21].

Given the 2D (z,y) annotations, we lift the pose to 3D
(x,y, z) by comparing them to part lengths of an idealized
human model as follows:

2 2 2
\/ljl,jz — A5y o — AYj1 o
2 2 2 . .
_\/ljl,ﬂ = Azf o = Ay 22 <z O

O Zjl = ij

Zj2 > Zj1

Zj2 — Zj1 =

where,
— 71, 72 are possible adjacent joints.
= Azjr o = [x52 — xj1], Ayji e = |yj2 — yjl.
— ;1,52 is the length of part between joints j1, j2.
— zj1 < z;o indicates that joint j1 is in front of joint j2.
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Figure 4. Part lengths of ideal human model

The set of possible (51, j2) are (Shoulder,Elbow), (El-
bow,Wrist), (Hip,Knee), (Knee,Ankle) on both the left and
right sides, and (Center Hip,Neck). We set the part lengths
l;1,;2 as fractions of the person’s image height [ as illus-
trated in figure 4. Since Axj ;> and Ay ;o are known
from the annotations, we only need to compute the z; to
estimate the 3D joint positions. We then infer the relation-
ship between z;; and z; for every connected pair of joints
from the relative depth information. Given this informa-
tion, equation (5) forms a set of linear equations in z;. We
set 2center Hip=0 and solve for z; to get the 3D keyposes.
Next, we normalize the 3D poses to a standard height and
orientation and also let the hip center be at (0,0, 0), since
different videos of an action can be shot at different view-
points and scale.

3.1.2 Pose Interpolation and Model Learning

We now describe our approach to learning the model, from
the key pose annotations of a single action video. After we
have lifted the key pose annotations to 3D and normalized
them, we define the primitive actions to be the motions that
interpolate between each of the key poses.

Let pe denote the primitive event corresponding to the
transition from keypose kg to k.. Also, let ¢, and t. be the
frames in the action video when keypose ks and k. occur
respectively. Since the keyposes are normalized to the same
height, orientation and location we only need to compute
the transformations of the body parts between the keyposes.
We do this by computing the rotations of the torso, the left
and right upper arms, lower arms, upper legs and lower legs
in that order.

As we discussed earlier, all limb motions can be ex-
pressed in terms of rotations [7] as Rotate(part, axis, ),
where axis is the axis rotation and 6 is the angle of rota-
tion. Since Rotate has a fixed functional form, to learn the
primitive pe we need to compute axis and 0 from k, and k.
for every part. Let (j1, 72) denote the start and end joints of
part. For example if part=left upper arm, then jl=left shoul-
der, j2=left elbow. Also, let k(j,x) denote the z-coordinate
of joint j in keypose k. Also let:

Ak‘g,z = ks(]27$€) - ks(jlvm)7Ak51y = k5(]21y) - kS(ley)

Aks . = ks(j2,2) — ks(j1, 2), Ake,x = ke(j2,2) — ke(j1,2)
Akevy = ke(]27y) - ke(]‘l?y)vAkEyZ = kﬁ(j2az) - ke(jlaz)

and let,
Vi = (Aks,p, Aks,y, Aks,2), Ve = (Ake,z, Ake,y, Ake,)
Now, we compute axis and 6 as:
1 VaVe
cos (lvsHVel)

te —ts+1

VSXVE' .
Ve x Vo|"

axis = (6)
The approach described so far computes the model by lift-
ing 2D annotations of a few key poses to 3D and interpolat-
ing between them, from a single action video.

When we have annotations from multiple videos, we first
collect the annotations corresponding to each keypose. We
lift the annotations to 3D, normalize them, and then com-
pute the mean and variance of the joint locations. We then
compute the primitive action parameter axis from the mean
keyposes as in equation (6). We compute 6 for each action
sample, and then compute 0,,,¢,, and 0, as the mean and
variance of the 6’s. Further we also compute mean dura-
tion p(pe) and variance o (pe) from d = t. — t; + 1 for the
duration models.
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Figure 5. Primitive Learning by Pose Interpolation
3.2. Feature Weight Learning

We now describe our approach for training the feature
weights W = {wy} associated with the feature potentials
#(.). We define the likelihood of a state sequence sjy.,]
for a feature f in image sequence ;. as:

O (Iign)s Spm) = D 07 (his 1) (7
i=1

where, h; = (If1.,), Si—1,1). We formulate feature weight
estimation as minimization of the log likelihood error func-
tion £(w) over the entire training set 7. Thus, the log like-
lihood error function for the given set of weights w is:

> 6(cef #ced) > wy ((I’f(f[lm], §7iny) = @5 (I1om), Sflzn,]))
€T G
where, Sff:n] is the ground truth label sequence and 5[01: n]
is the estimated state sequence obtained using the inference
algorithm described in Algorithm 1.

Due to this log linear formulation of the likelihood er-
ror function, we can learn the weight vector using the Voted
Perceptron algorithm [2]. However, this uses completely la-
beled training data to estimate the model parameters, while



in our case the ground truth label sequence only contains
event annotations. Hence, we extend the Voted Perceptron
algorithm to deal with partially labeled data. In particular,
we add an additional step of estimating the latent variables
based on the current parameters and use it to compute the
training error.

Algorithm 2 Discriminative Feature Weight Learning

Randomly set the initial weight vector w
form =1to M do
for i =1to N do
eSetAy =0
e Use algorithm | to compute the most likely state
sequence sfl:ni] on the i training sequence Z* us-
ing the current weight vector .
. t
if cefy,,., # cef).,,,) then
e Given the labeled event sequence, estimate

the most likely state sequence using algorithm 1|
(without the action prediction step)

5[1:7”] = arg rré,%x Z wfq’f (Izv <cegt7p€gt7 dgt7p> [lzni])
f

e Collect the feature errors
Ap=Ap+P4(T" 51im,) — ©p(T57,,,1)
end if
end for
e Update the weight vector
Wi = wp + ot
S = T IA T A
end for

The training algorithm summarized in Algorithm 2,
takes N passes over the training set. For each training
sequence, the most likely state sequence with the current
weight vector is computed using algorithm 1. If the es-
timated composite event is not correct, ground truth state
sequence is estimated from the labeled event sequence us-
ing algorithm 1 without the action prediction step (since the
action is known). The feature errors between the observed
and the ground truth sequence are collected over the entire
training set and is used to update the weight vector. In our
experiments, we learnt multiple randomly initialized fea-
ture weights for each action model and use the weights that
achieve the highest training accuracy.

4. Experiments

We now present our results on three datasets.

Weizmann Dataset [6]: The Weizmann human action
recognition set contains 93 video sequences with nine dif-
ferent actors performing 10 different full body actions.
Each video contains multiple, consecutive instances of one
action. In our experiments, we automatically segment these
instances as part of the recognition process. However, we

do not allow transitions between different composite actions
since other approaches make a similar assumption. Figure
7 shows sample results obtained by our algorithm on this
dataset. We performed rigorous experiments with various
train:test ratios as illustrated in figure 6(a). Our method
achieved 97% accuracy from models obtained from just 1:8
train:test ratio, and 99.5% with a 3:6 train:test ratio. Tablel
presents a comparison of our results with other methods,
and shows that our method produces results similar to state-
of-art methods but with much smaller train:test ratio.

Error Rate (%)

05 i imrermomom i oo n)
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Train Test Ratio Train Test Ratio

(@ ()
Figure 6. Error rate vs train:test ratio (a) Weizmann Dataset; (b)
Gesture Dataset

[ “ Train:Test [ Recognition Accuracy ]

Jhuang et al [9] 6:3 98.8
Space-Time Shapes [6] 8:1 100
Fathi et al [5] 8:1 100
Sun et al [20] 3:6 87.3
Proposed Method 1:8 96.7

3:6 99.5

8:1 99.5

Table 1. Evaluation Results on the Weizmann Dataset

Next, we evaluate our approach on the Weizmann robust-
ness test dataset. This set includes 11 instances of walk ac-
tion in presence of background clutter and occlusions (ro-
bust deform), and 9 instances of walk action at different pan
angles from 0° to 81° (robust view). The recognition task
requires correctly detecting the walk action against remain-
ing 9 actions in the original dataset. Without any re-training,
our algorithm correctly recognizes the walk action on all 20
instances. For robust view set, we apply our algorithm to
search over different pan angles from 0 to 90 degrees. Fig-
ure 8 shows samples results obtained by our algorithm and
the corresponding foreground masks used as input to our
algorithm. [6] also correctly recognizes all the action in-
stances but requires accurate foreground extraction. [1] uses
clouds of spatio temporal features to correctly recognize 19
instances but fails on the video where there is background
motion around the body part salient to the action such as
walking with dog (see figure 8(b)). Use of explicit human
body model makes our algorithm robust to such background
distractions.

Gesture Dataset: We collected 5-6 instances of 12 actions
from 8 different actors in an indoor lab setting. The dataset
contains a total of about 500 action sequences across all ac-
tions. The videos are 852480 resolution, and the person’s
height is 200-250 pixels. Figure 9 shows sample results on
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Figure 8. Results on the Welzmann Robustness Dataset: walking w1th (a) swinging bag (b) dog (c) moonwalk (d) occluded feet (e)

Occlusion by pole. (f) and (g) with viewpoint variations

this dataset. Figure 6(b) illustrates error rate Vs train:test
curve. These results show that the models learnt even with
a few samples are sufficient to distinguish among actions
with relatively small differences.

Grocery Store Dataset: This dataset is collected in a more
cluttered setting of a grocery store. The camera is static
and has a downward tilt of ~ 20°. In each video, an ac-
tor enters the scene, picks up an item and leaves. The ac-
tion set includes 3 full body actions - walking, pickup from
shelf, crouch and pickup, with 16 videos from 8 different
actors and the observed size of the actor varies from 200
to 375 pixels in a 852 x 480 frame. The main challenges
here are poor foreground extraction, highly articulated and
ambiguous poses and large changes in the orientation and
scale of the actor. The poor foreground extraction is due
to the shadows, changes in lighting due to reflection from
outside traffic and color similarities between actor’s cloth-
ing and the background (see figure 10). Also, the actions
are not segmented a priori; temporal segmentation is part
of the recognition process. Sample results are shown in fig-
ure 10, which also shows the complexity of the environment
and pose articulations.

Dataset Train:Test | Recognition | 2D Tracking | Speed
ratio (% accuracy) | (% accuracy) | (fps)

Gesture 3:5 90.18 94.75 8

Grocery 1:7 100 85.80 1.6

Table 2. Performance on Gesture and Grocery Store dataset
Table 2 summarizes the quantitative results on gesture
and grocery store datasets, again illustrating the low train-
ing requirements of our approach. For the Grocery store
sequence, the recognition sequence labeling results are per-
fect with overlap between detected and annotated event in-
tervals being about 90%; note that it is difficult to mark
the boundaries between actions precisely to construct the
ground truth. The results on Grocery dataset are better
than those on Gesture dataset, in spite of the higher appar-
ent complexity and ambiguity in a single frame, because

of the smaller number of actions which are quite distinct
from each other and the temporal models embedded in the
DBAN.

We also evaluated the pose tracking errors. As we do
not have 3-D ground truth, we measure the accuracy of es-
timated 2D parts. A part estimate is considered correct if its
segments lies within 50% of the length of the ground-truth
segment. We only include the parts that are involved in the
action (e.g. only hands in the gesture sequence) and only
sequences where the correct action is recognized (in anal-
ogy with object detection where spatial accuracy of false
alarms is not measured). Third column of the Table 2 pro-
vides the results. Our pose tracking accuracy is sufficient
for inferring actions and their relationships to objects in the
surroundings but possibly not for motion capture, which is
not our objective.

The last column of Table 2 gives the computational
speeds on a 3 GHz Xeon CPU running Windows/C++ pro-
grams. The numbers are for the entire system including per-
son detection, foreground extraction and recognition. Most
of the computation arises from low-level feature extraction
and our inference algorithm itself runs close to real time
(20-30 fps).

5. Conclusion

To summarize, we have presented a general frame-
work for simultaneous tracking and action recognition using
probabilistic graphical models, that has minimal training re-
quirements. We have made several specific contributions in
feature extraction, learning and inference of actions. We
have demonstrated our learning and inference algorithms in
the standard Weizmann dataset [6], for hand gesture recog-
nition as well as for action recognition in realistic videos
collected in a grocery store. Our results indicate that we
can learn very effective action models with just a few train-
ing samples, and only partial state annotations.
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Figure 9. Results on the Gesture Dataset: inferred pose is overlaid on top of the image and illustrated by limb axes and joints

Figure 10. Results on the Grocery Store Dataset: The bounding box shows the actor’s position and the inferred pose is overlaid on top of
the image, illustrated by limb axes and joints. (a-b), (g-h) show extracted foreground blobs (within the detection window) used as input.
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