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TRACKING BIMANUAL MOVEMENTS

TECHNICAL FIELD
This invention relates to data processing.
RELATED APPLICATION

The present application claims priority from U.S. provisional application No.
60/562,326, filed April 15, 2004, and titled “Real-Time Handtracking During
Bimanual Movements,” the entire contents of which are incorporated herein by

reference.
BACKGROUND

Interacting with computers is not limited to mouse and keyboard. Sensing the
movement of a person to recognize his/her gesture is the subject of a wide spectrum of
research in Human Computer Interaction and Computer Vision. Recognizing human
hand gestures in particular provides computers with a natural method of
communication. Applications from medical to surveillance and security may use the
technology described herein. Learning and recognizing hand movements are
significant components of such technologies.

Bimanual movements in general form a large subset of hand movements in
which both hands move simultaneously in order to do a task or imply a meaning.
Clapping, opening a bottle, typing on a keyboard and drumming are some common
bimanual movements. Sign Languages also use bimanual movements to accommodate
sets of gestures for communication.

Typically, a prerequisite to recognition of hand movements is tracking. Objects
may be tracked using stereo imaging.

Two common techniques used in tracking are Kalman filtering and Particle
filtering. Particle filtering may be used for tracking and resolving occlusion problems.
Other tracking algorithms may use techniques such as, for example, Bayesian
Networks, object model matching based on probabilistic tracking functions,
minimization of cost functions, and analytic model matching. Several tracking

algorithms include non-linear optimizations.
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SUMMARY

One or more described implementations allow two hands to be tracked before
an occlusion, the occlusion to be identified as such, and the separate hands to be
reacquired and tracked after the occlusion. The tracking is independent of camera
view, of hand shape, and of a changing hand shape such as occurs, for example, when
fingers are moving. Additionally, a gesture being performed by the hands may be

recognized, including portions of the gesture being performed before, during, and after

the occlusion.

One or more tracking algorithms are able to deal with occlusions in real-time,
to track non-rigid objects such as human hands, and are tolerant of changes caused by
moving the position of a camera. In particular, when a hand is occluded by another
hand, one or more described systems is able to reacquire the hands when occlusion
ends, and can do so without requiring the hands to be wearing different color gloves.

One or more disclosed systems handles the variability of an object’s shape due
to the object’s non-rigid nature. Such a system does not necessarily lose its tracking
clue when the shape of the object changes quickly.

One or more disclosed systems use a tracking algorithm that is independent of
the camera view direction. Therefore, a change in the view direction may be tolerated
by the algorithm. An interesting application of this is tracking hands while the camera
moves. Dynamic changes in camera position are often inevitable in active vision
applications such as mobile robots.

After tracking the hands in a sequence of images various disclosed systems
recognize the gesture. Neural Networks are used for recognition in one or more
systems, as are Bayesian Networks and in particular Hidden Markov Models (HMM).

One or more disclosed implementations uses a recognition technique that
tolerates hand-hand occlusion. During a bimanual movement one hand may cover the
other hand partially or completely.

One or more disclosed implementations uses a recognition technique that
tolerates a hand temporarily moving out of the region of interest. In such a case, two
hands are not present over the whole period of a bimanual gesture. A disclosed
recognition technique also tolerates a hand being completely occluded by some other

object like the body of person.
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One or more implementations was a recognition technique that recognizes
continuous (concatenated) periodic bimanual movements. A periodic bimanual
movement like clapping typically includes a short cycle of movement of two hands
repeated several times. In many Virtual Reality applications, a few bimanual
movements are concatenated in order to interact with the virtual environment, and
these movements should be recognized and movement transitions should be detected.

In one or more implementations, a Cognitive System for tracking the hands of a
person, resolving left hand and right hand in the presence of occlusion, and recognizing
bimanual movements is presented. In a digitally presented scene, the two hands of a
person are tracked by a novel tracking algorithm based on one or more neuroscience
phenomena. Then a gesture recognition algorithm reco gnizes the movement of each

hand and combines the results in order to recognize the performed bimanual

‘movement. The system may be useful in tracking and recognizing hand movements

for interacting with computers, helping deaf people to communicate with others, and
security applications.

According to a general aspect, movement is tracked of two occluded hands
during an occlusion period, and the two occluded hands are tracked as a unit. A type of
synchronization is determined that characterizes the two occluded hands during the
occlusion period. The type of synchronization is based, at least in part, on the tracked
movement of the two occluded hands. Based at least in part on the determined type of
synchronization, it is determined whether directions of travel for each of the two
occluded hands change during the occlusion period.

Implementations may include one or more of the following features. For
example, determining whether directions change may be further based on the tracked
movement of the two occluded hands. Determining whetﬁer directions change may
include determining whether the two hands pass each other during the occlusion
period, pause during the occlusion period, or collide with eéch other during the
occlusion period.

Determining whether directions change may include determining whether each
of the two hands go, after the occlusion period, to directions from which they came, or
to directions opposite from which they came. The directions may include one or more

of a vertical direction, a horizontal direction, and a diagonal direction.
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Determining a type of synchronization may include determining whether the
two hands are positively or negatively synchronized, and determining whether
directions change may be further based on whether the two hands are negatively
synchronized. Determining a type of synchronization may include determining a
measure of the occluded hands’ velocities. The measure may include a standard
deviation of a difference of velocities of parallel sides of a rectangle formed to
surround the occluded hands.

Tracking movement of the two occluded hands may include tracking movement
of a rectangle formed to surround the occluded hands, and determining whether
directions change may include determining a measure of the occluded hands’ velocities
based on velocities of one or more sides of the rectangle. Determining whether
directions change may be based on whether the measure goes below a threshold. The
measure may be a function of a square root of a sum of squares of velocities of parallel
sides of the rectangle.

Determining whether directions change may be based on one or more
probability distributions of the measure. The measure may be a function of a
difference of velocities of parallel sides of the rectangle. The one or more probability
distributions may include a first set of distributions associated with a first velocity
pattern and a second set of distributions associated with a second velocity pattern. The
first velocity pattern may be indicative of the two hands passing each other during the
occlusion period, and the second velocity pattern may be indicative of the two hands
not passing each other during the occlusion period.

Determining whether directioris change may further include determining a first
and a second probability, and comparing the first probability with the second
probability. The first probability may be based on the first set of distributions, and be
the probability that the first velocity pattern produced the measure of the occluded
hands’ velocities. The second probability may be based on the second set of
distributions, and be the probability that the second velocity pattern produced the
measure of the occluded hands’ velocities. Based on a result obtained during the
comparing, it may be determined whether the two occluded hands passed each other
during the occlusion period.

According to another general aspect, it is determined that a first hand and a

second hand are occluded, the first hand having come from a first direction and the
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second hand having come from a second direction. The movement of the occluded
hands is tracked as a unit. A type of synchronization is determined that characterizes
the occluded hands. The type of synchronization is determined, at least in part, based
on the tracked movement of the occluded hands. It is determined that the first hand
and the second hand are no longer occluded and, after this determination, the first hand
is distinguished from the second hand based at least in part on the determined type of
synchronization.

The aspects, features, and implementations may be implemented as, for
example, a method, a device including instructions for carrying out a method, a device
otherwise configured to carry out a method, and a system including any of such
devices. The details of one or more implementations are set forth in the accompanying
drawings and the description below. Other features will be apparent from the

description and drawings, and from the claims.
DESCRIPTION OF DRAWINGS

FIGS. 1(a)-(b) shows three main components of a particular system and a
hierarchy for recognizing bimanual movements.

FIG. 2 shows a rectangle around each of two hands.

FIG. 3 shows the rectangles of FIG. 2 overlapping with no hand-hand
occlusion. |

FIG. 4 shows a progression of movement of the rectangles of FIG. 2 creating a
hand-hand occlusion.

FIG. 5 shows the rectangles of FIG. 2 modeled by their sides.

FIG. 6 illustrates a prediction of the intersection of two rectangles.

FIG. 7 illustrates a scenario in which two hands may be labeled interchangeably
in two consecutive images.

FIGS. 8(a)-8(n) illustrate 14 models of bimanual movements. H1 and H2
represent hand number one and hand number two. The thick ellipses represent the
occlusion areas (a, ¢, 4, e, f; h, i, j, and n), and the solid small rectangles represent
collision (b, g, k, and [).

FIG. 9 illustrates an occlusion-rectangle formed around the big blob of hands.

FIG. 10 shows a progression of images in which the vertical sides of the
occlusion-rectangle are pushed back because hands pass each other and push the

vertical sides in opposite directions.
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FIGS. 11(a)-(b) illustrate the velocity changes for movements in which hands
(a) pause/collide and return, or (b) pass each other.

FIGS. 12(a)-(b) illustrate sequences of Gaussian distributions to model an
occlusion-rectangle sides’ velocities during the two categories of (a) hand-pause, and
(b) hand-pass.

FIG. 13 illustrates hand movements being separated and projected into blank
sequences of images.

FIG. 14 shows an image frame divided into 8 equal regions to represent
direction of movement.

FIG. 15 includes a series of images illustrating hand movement and an
extracted vector for the movement.

FIG. 16 illustrates the segmentation of a bimanual movement over a period of
time. The separate lines at segments A, C, and D show the separated hands. In
segments B the overlaped lines show hand-hand occlusion.

FIG. 17 shows a Bayesian network for fusing Hidden Markov Models for the
recognition of bimanual movements.

FIG. 18 shows an abstracted Bayesian network, based on FIG. 17, for the
recognition of bimanual movements.

FIG. 19 shows a 2-state left-to-right Hidden Markov Model assigned to partial
gestures.

FIG. 20(a) graphs the local belief of the root node for three concatenated
bimanual movements. FIGS. 20(b)-(e) isolate various graphs from FIG. 20(a)
associated with particular gestures.

FIG. 21 graphs the local belief of the root node with limited memory for the
three concatenated bimanual movements of FIG. 20.

FIG. 22 shows a hardware implementation.

FIG. 23 illustrates a process for recognizing a bimanual gesture.
DETAILED DESCRIPTION

Referring to FIG. 1(a), one or more disclosed implementations includes a
cognitive system 100 for learning and understanding bimanual movements that entails
three fundamental components: low-level processing 110 to deal with sensory data,
intelligent hand tracking 120 to recognize the left hand from the right hand, and

bimanual movement recognition 130 for recognizing the movements.
6
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At the low-level image processing 110, the hands are to be extracted from the
images. Using, for example, skin color detection in color images or grey-level
detection in high contrast black and white images, the hands are extracted from the
background.

The second component 120 includes hand tracking, which may be complicated
by hand-hand occlusion. When one hand covers the other hand partially or completely,
the two hands should be reacquired correctly at the end of occlusion. Various
disclosed implementations exploit one or more neuroscience phenomena for the
reacquiring process.

Particular studies in neuroscience show that the two hands are temporally and
spatially coordinated in bimanual movements. In addition, the components of a hand
also are temporally coordinated. This temporal and/or spatial coordination can form
the basis of an algorithm for tracking and reacquiring hands when hand-hand occlusion
occurs. In general, the coordination causes the two hands to start, pause, and end their
movements simultaneously. Also, hand velocities during a bimanual movement are
often highly synchronized. This velocity coordination, for example, may be a source
of difficulty for beginners learning to play the piano with two hands.

An implementation uses a Kalman filtering based technique to monitor hands’
velocities, to detect pauses and to recognize synchronization between the hands. By
detecting the synchronization and pauses, particularly during a hand-hand occlusion
period, the tracking algorithm of an implementation recognizes the right hand from the
left hand when occlusion ends.

The tracking algorithm of one implementation is also used for segmenting a
bimanual movement. By segmentation, each part of the movement receives a label that
indicates whether the part is an occlusion or non-occlusion segment. A non—oc‘:clusion
category may include three different segments, namely beginning, middle, and ending
segments. Therefore, the tracking algorithm of the implementation divides a bimanual
movement into up to four different segments depending on the nature of the
movement.

In one implementation, the tracking algorithm takes a general view of the
tracking problem. For example, from a pure pattern recognition point of view, a
movement can be recognized differently when it is seen from different viewing

directions. A general set of movement models that are generally independent of view
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direction are defined so that a model can be found for a bimanual movement when it is
seen from different viewing angles.

The use of bimanual synchronization may also make the tracking algorithm of
one or more described implementations independent of the hand shapes. Independence
of hand shape and view direction may make a tracking algorithm useful in mobile
vision applications (e.g., Active Vision in Robotics).

The tracking algorithm of one implementation contains a model that is
independent of the actual positions and velocities of the hands. Consequently, this
tracking algorithm can be used in applications where the visual system moves or turns.
For instance, assuming that a camera is installed on a mobile robot, the tracker can
track the hands of a subject while the robot moves.

The third component 130 includes gesture recognition, and, referring to FIG.
1(b), may be represented by a hierarchical cognitive system 140. System 140 analyzes
hand shapes at a bottom level 150, which may use image analysis and pattern
recognition for hand shape extraction and detection. System 140 learns the individual
partial movement of each hand at an intermediate level 160, using, for example, spatio-
temporal single-hand gesture recognition. System 140 combines the partial
movements at a top level 170 to recognize the whole movement.

Statistical and spatio-temporal pattern recognition methods such as Principal |
Component Analysis and Hidden Markov Models may be used in the bottom 150 and
intermediate 160 levels of the system 140. A Bayesian inference network at the top
level may perceive the movements as a combination of a set of recognized partial hand
movements. A bimanual movement may be divided into individual movements of the
two hands. Given that the hands may partially or completely occlude each other or a
hand can disappear due to occlusion by another object, the fusion network at the
bottom level may be designed to be able to deal with these cases. The occlusion and
non-occlusion parts of a movement, which are treated as different segments, may be
recognized separately. Individual Hidden Markov Models at the intermediate level
may be assigned to the segments of the gestures of the hands. Using these HMMs,
partial movements are recognized at the intermediate level. In order to recognize the
partial movements, in one implementation, the hand shapes and the movement of each

hand in each frame of a given image sequence are recognized and labeled. The
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recognition and labeling may be done at the bottom level of the hierarchy using
Principal Component Analysis and motion vector analysis.

In one implementation, system 140 has been developed so that it learns single
movements and recognizes both single and continuous (concatenated) periodic
bimanual movements. As mentioned earlier, recognizing continuous movements may
be particularly useful in interacting with a virtual environment through virtual reality
and immersive technologies.

Recognition of hand gestures may be more realistic when both hands are
tracked and any overlapping is taken into account. In bimanual movements the
gestures of both hands together typically make a single gesture. Movement of one
hand in front of the other is one source of occlusion in bimanual movements. Also, for
the bimanual movements where there is no occlusion in the essence of the movement,
changing the view direction of the camera can cause one hand to be occluded by the
other occasionally.

By using pixel grey-level detection, hands from a dark background may be
extracted. In an extracted image, only the pixels with a non-zero value can belong to
the hands. The Grassfire algorithm may be used in order to extract the hands.
Grassfire may be described as a region-labelling or blob-analysis algorithm, and the
Grassfire algorithm may scan an image from left to right, top to bottom to find the
pixels of connected regions with values belonging to the range of the hands’ grey-level.
For the first pixel found in that range the algorithm turns around the pixel to find other
pixels. The algorithm attempts to find all the connected regions and label them.

In order to track hands, we detect occlusion. Two types of occlusion are
considered here. First, the case where one hand occludes the other, which we call
hand-hand occlusion. Second, the case in which something else occludes a hand or the
hand hides behind another object, e.g., the body, partially or completely. When one
hand occludes the other, we detect the beginning point of occlusion, and are able to
separate the hand-hand occlusion from the other type of occlusion. For this we
introduce the following model. ‘

Referring to FIG. 2, a rectangle 210, 220 is constructed around each hand in an
image. The sides of a rectangle represent the top, bottom, left, and right edges of the
corresponding hand’s blob. Therefore, by moving a hand its rectangle moves in the

same way. By tracking these rectangles we detect the start and end points of a hand-
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hand occlusion. To detect the beginning point we look at the movement of the
rectangles. If at some stage there is any intersection between the rectangles it could be
recognized as occlusion. However, referring to FIG. 3, in some cases there might be
an intersection of the rectangles with no occlusion. Also, referring to FIG. 4, if we
suppose that at time # in a window 410 there is no intersection of the rectangles 210
and 220, and at time #+1 in a window 420 occlusion happens, there is only one big
blob and one rectangle 430 is constructed around the one blob. It happens because the
hand shapes are connected together and the Grassfire algorithm extracts the connected
region of the hands as a single blob. Hand-hand occlusion, versus other occlusion, is
not necessarily distinguishable because hand-hand occlusion can be similar to a hand’s
movement out of a region of interest or hiding behind a part of a body. To address this
problem, we use a model to predict the future movement of each hand.

We use a dynamic model based on Kinematics equations of motion and
Kalman filtering to track the movements and predict the future position of the
rectangles. By this, we may be able to predict a possible intersection of the rectangles
a few steps in advance, and provide an alarm of a probable hand-band occlusion.

A general Kalman filter can be explained, in part, by the following equations,

X =0, x, +W, 4]
z, =H,x, +v, @
where

x, : the state vector of process at time £,

@, : a matrix relating x,to x,,,

w, : a white noise sequence with known covariance structure

z, : measurement vector at time 7,

H, : matrix giving the noiseless connection between the measurement
and the state vector at time #,

v, : measurement error — assumed to be a white noise sequence with

known covariance structure.

We model every tracked rectangle in an image by this equation,

X =OX, +W, 3)

10
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where x, is the state vector representing the rectangle at time k, @ is the
matrix relating the two consecutive positions of a rectangle, and w, is zero-mean
Gaussian white system noise .

Referring to FIG. 5, rectangle 220 includes two vertical sides x, and x, , and
two horizontal sides y! and y}. Similarly, rectangle 210 includes two vertical sides
x2 and x2, and two horizontal sides y and y;. The movement of a rectangle can be

modelled by the movement of its sides (see Figure 5). Therefore, Equation 3 is

expanded to,

t
XL+l X1k
i i
x x ,
2,k41 2,k .
; =®| 7 [+w,, i=12 4
i i k
Vikst Yik
i i
Yaken Yo

where x;,, x3,, yi, and y;, are the sides of the rectangle 7 at time , that is,
x,, xi,, yi, and yj, describe the positions of the sides of the rectangle  at time .

Let x, denote the trajectory of the movement of a side of one of those

rectangles where ¢ is the time variable. This function is discretized by sampling with

f= ll’ > 0 where fis the sampling rate, and / is the sample interval. Therefore,
7

X =Xy k=0L....
X, is assumed to have continuous first and second order derivatives. Where
x,, is position, the first and second derivatives of x, are the velocity and acceleration

respectively. For small values of / the position, velocity, and acceleration vectors are

calculated by,
Xpyy = X +hx, +%h25c'k (5)
Xy = X, + 5, (6)
where

%, : velocity — the first derivative
¥, : acceleration — the second derivative

% = F k=0,1,...

11
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Using this dynamic model, our model of Equation 4 is expanded to Equation 7

for =1, 2.

r o -
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Vren
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5 O

O O =
(= e

=
N

— |

+ W

— ww|§1,
L
Eod

where x, x%, y!, y, are assumed to have continuous first and second order

derivatives denoted by one-dot and double-dot variables, and >0 is the sampling

time.

10 In the observation equation 2 only the position of a rectangle is observed and

the velocity and acceleration are calculated. Therefore, we define the matrix H as

following,

H=[l 0 0]

15

®)

where H gives the noiseless connection between the measured vector z} and the

state vector X, in,
zi =Hx! +v,, i=12

where

12
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X =[x X X Ko Ko Xax Ve Ve Ve Yar Y Yok

and v, is the zero-mean Gaussian white measurement noise. Then the Kalman

filtering model takes on the following stochastic description for =1, 2,

xi,, =®x, +W,
{z;; “Hx, +V, (10
In this model the prediction of the future is performed by projecting the current
state ahead, Equation 11.
g, =®x, (11)
Equation 11 predicts the next state of vector x one step in advance. In other
words, equation 11 predicts the position of the rectangle  one step in advance. The
prediction can also be performed for more than one step by increasing the power of @.
Referring to FIG. 6, we set an occlusion alarm if the algorithm predicts an
intersection between the rectangles 210 and 220 from a window 610 showing position
of the rectangles 210 and 220 at time “t;” to a window 620 showing position of the
rectangles 210 and 220 at subsequent time “t+1.” The prediction may be for the next
step or multiple steps in the future. Having the occlusion alarm set, as soon as the hand
shapes join together we detect the occlusion. Therefore, we are able to capture the
hand-hand occlusion and distinguish it from the other type of occlusion.

The occlusion detection algorithm of one implementafion is summarized as

follows,

ALGORITHM 1:

1. By using Grassfire the hand blobs are extracted and the rectangles are
constructed

2. The dynamic model is applied to each rectangle and the future positions
are predicted

3. If the predicted rectangles have any intersection the occlusion alarm is
set

4. In the next captured image if only one hand is detected by Grassfire and

the occlusion alarm is already set the hand-hand occlusion is assumed to have

happened. Otherwise, if we see one hand in the image and the occlusion alarm is not
13



WO 2005/104010 PCT/US2005/013033

10

15

20

25

30

set, the other type of occlusion (e.g., occlusion by a part of body or leaving the scene)
is assumed to have happened. One or more variables may be set to indicate that
occlusion of a particular type has been detected

5. Image capturing is continued

6. In any subsequent step afier detecting only one-hand, if two hands are
detected in an image while the hand-hand occlusion variable is set (from the previous
captured image), then the end of occlusion is detected

Using this algorithm, we detect the beginning and end of occlusions.

Now that we have a solution for detecting occlusions we should track the hands
and reacquire them at the end of every occlusion period.

In the hand extraction algorithm (Grassfire), the first shape found in an image is
labelled as the first hand. Referring to FIG. 7, and assuming a left to right, top to
bottom search, a window at time “t” shows a hand 720 labeled “1” because the search
finds hand 720 first, and a hand 730 labeled “2” because the search finds hand 730
second. A window 740 shows that at time “t+1,” hand 720 has moved down slightly,
and hand 730 has moved up slightly, such that the left to right, top to bottom search
finds hand 730 first and hand 720 second — as indicated by labeling hand 730 with
“1” and labeling hand 720 with “2.” Such re-labeling of hands 720 and 730 may cause
confusion, but may be avoided if hands 720 and 730 are tracked.

Another implementation uses the centroid of the hands to track them ina
sequence of images. The centroid-based algorithm finds the centroids of the hands and
compares them in two consecutive frames. By using this technique we are able to track
the hands correctly even when something else occludes them. For example, if one of
the hands is occluded or get totally hidden by the body for some moments and then
reappears, it can be tracked correctly by keeping records of its last position before
occlusion and the position of the other hand. This is expected because when a hand
moves behind another object like the body or moves out of the image frame it most
probably appears in an area close to the last position before the occlusion. We also
have the other hand tracked over the occlusion period. Therefore, if at some point
there is only one hand in the image the algorithm may keep tracking the hands properly
without any confusion. Other implementations may track the hands using an indicator

other than the centroid.
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In a bimanual movement, when one hand, completely or partially, covers the
other hand the hand extraction algorithm detects one big blob in the images. In this
case, many applications require distinguishing the hands accurately at the end of
occlusion so as to know which hand in the image is the right hand and which one is the
left. In order to track the hands we classify the bimanual movements based on the path
of each hand’s movement. Referring to FIG. 8, the movements are classified as
follows,

Class 1. The hands move toward each other, one occludes the other for some
moments and passes over it. Models of g, ¢, d, and % presented in FIGS. 8 (a), (¢), (d),
and (h).

Class 2. The hands move toward each other, they collide and return in the
opposite directions. Models of b, g, k and / shown in FIGS. 8 (b), (g), (k), and .

Class 3. The hands move, at some point one occludes the other with no
collision and they return to their previous sides. Movements of models ¢, £, i, and j
shown in FIGS. 8 (e), (f), (i), and (j).

Class 4. The hands move with no hand-hand occlusion. Occasionally one of
the hands may be occluded by something else either partially or completely.
Movements of models 7 and n shown in FIGS. 8 (m) and (n).

In the first class the hands continue their smooth movements without any
collision. In the second class they collide and change their path. In the third class they
do not collide but change their path. And in the fourth class there is no hand-hand
occlusion. In one implementation, a tracking system recognizes these classes and
identifies the hands correctly at the end of occlusion.

For example, clapping can be represented by model g, tying a knot by model j,
etc. We aim to reacquire the hands at the end of occlusion period. Therefore, in one
implementation, we find the class that a movement belongs to in order to understand
the behavior of the hands during a hand-hand occlusion period.

In one implementation, we approach the problem from a neuroscience point of
view, because in this way we may be able to understand the behavior of the hands
during the occlusion periods.

Neuroscience studies show that in bimanual movements the hands tend to be
synchronized effortlessly. This synchronization appears in both temporal and spatial
forms. Temporally, when the two hands reach for different goals they start and end
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their movements simultaneously. For example, when people tap with both hands, the
taps are highly synchronized. Spatially, we are almost not able to draw a circle with
one hand while simultaneously drawing a rectangle with the other.

Temporal coordination implies that the hands’ velocities are synchronized in
bimanual movements. Also, the hands’ pauses happen simultaneously. We may
exploit the hands’ temporal coordination to track the hands in the presence of

occlusion.

In order to detect the pauses we monitor the hands’ velocities. A well-known
experiment called circle drawing shows that the two hand velocities are highly
synchronized in bimanual movements. We introduce a tracking technique based on the
dynamic model introduced earlier and the bimanual coordination phenomenon just
described.

Referring to FIG. 9, as before, a rectangle is constructed around each hand. As
soon as the occlusion is detected by the occlusion-detection algorithm a rectangle 910
around the big blob is formed. We call rectangle 910 the occlusion-rectangle.

We use the dynamic model to model the occlusion-rectangle. Therefore, for

every side of the rectangle the position X, velocity X, and acceleration X, are
involved in the model. The horizontal movement of the hands are modelled by the
vertical sides, ¢ and d in FIG. 9, and the vertical movement by the horizontal sides, a

and b. For simplicity we define the following auxiliary variables,
v, =X, :velocity of side a
Vv, =X, :velocity of side b
V,=X, :velocity of side ¢
v, =X, :velocity of side d
Then the following hand-pause model is defined to model the “velocities” of

the hands in the vertical and horizontal directions,

_ [ 2
Vok = A Var TV

_ [2 2 (12)
Vir =AVer TV

where the subscript k indicates the discrete time index, and the defined terms

are referred to as “velocities.”
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In the movements where the hands either collide or pause (for example, classes
2 and 3), the hands return to the same sides that the hands were on prior to the
occlusion period. In these movements the parallel sides of the rectangle in either
horizontal or vertical directions pause when the hands pause or collide. For example,
in the models of e, fand / the hands horizontally pause and return to their previous
sides. In the models g and j they pause and return in both horizontal and vertical
directions. The horizontal pauses of the hands are captured by the pauses of the
vertical sides of the occlusion-rectangle, and the vertical pauses of the hands are
captured by the pauses of the horizontal sides. Due to bimanual coordination, the
pauses of the parallel sides are typically simultaneous. In other words, when the hands
pause either horizontally or vertically the parallel sides associated with the horizontal
and vertical movements of hands typically pause simultaneously. For example, in the
models i and % the horizontal sides of the occlusion-rectangle typically pause

simultaneously when the hands pause or collide vertically during occlusion. In this

" case the velocities of the horizontal sides of the occlusion-rectangle reach zero. This is

captured by V,, ;. in the hand-pause model. In fact, a small threshold & >0 can provide
a safe margin because we are working in discrete time and our images are captured at
discrete points in time. If V;, ¢ or V; . falls below the threshold we conclude that the

hands have paused vertically or horizontally. By detecting the pauses in the horizontal
or vertical direction we may conclude that the hands have paused or collided and
returned to the same sides prior to occlusion in that direction.

In the movements where the hands pass each other, no pause or collision is
detected but a change in the sign of the velocities is observable. Referring to FIG. 10,
the sign change is due to the fact that when the hands pass each other they push the
sides in opposite directions. A window 1010 shows two hands 1020 and 1030
approaching each other, resulting in vertical sides “c” and “d” approaching each other.
A window 1040 shows, at a point in time later than window 1010, hands 1020 and
1030 pushing past each other such that vertical sides “c” and “d” are pushing away
from each other. Therefore, the sign of the velocities are changed without passing
through zero. If no hand pause is detected we conclude that the hands have passed

each other.
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In a typical movement the hand shapes may change during an occlusion period.
For example, in a movement where the hands move, the fingers may also move
simultaneously so that the shape of the hand changes. In this case the movement of
fingers may be considered in an attempt to detect simultaneous pauses of the hands.

Research shows that fingers and hand are coordinated too in the movement of
one hand. In other words, the hand and fingers are temporally synchronized. Our
experiment shows that the velocity of the hand and the velocity of the fingers are
highly synchronized with almost no phase difference. Therefore, the pauses of the
hand and the pauses of the fingers that changé the hand shape may be expected to
happen simultaneously. The hand-finger coordination typically guarantees that the
velocities of the parallel sides of the rectangle are synchronized and the pauses happen
simultaneously, regardless of whether finger movement causes the hands to change
shape. This phenomenon typically makes the algorithm independent of the changing
hand shape.

In some of the models where the hands have purely horizontal (models d and /)
or vertical (models ¢, i, and k) movements, an unwanted pause may be detected in the
vertical or horizontal directions because the velocity of the static direction (vertical or
horizontal) will be small according to equation 12. For example, when the hands move
only horizontally (see FIG. 8(d)) a vertical pause may be detected because vertically
the hands do not have much movement and the speed of the vertical sides may reach
zZero.

Also, in the models where a pair of parallel sides of the occlusion-rectangle
move in the same up, down, left, or right direction (e.g., horizontal sides in models a,
b, and e), while no zero velocity (pause) is detected, we may wrongly conclude that the
hands have passed each other in that direction (vertical direction in models a, b, and e)
because the velocity might not go below a threshold. Further, if the movement in the
same direction is slow, then the velocity provided by equation 12 may fall below the
threshold, and falsely indicate a pause in that direction.

In order to solve these problems we classify the velocity synchronization of the
hands into two classes, positive and negative. In the movements where the two hands
move in opposite directions (e.g., left and right) the velocities are negatively
synchronized, while in the movements where they move in the same direction (e.g.,

down) the velocities are positively synchronized.
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To distinguish the positive and negative synchronizations we define the
following velocity-synchronization model, which is the standard deviation of the

relative velocities of the parallel sides,

( r T2
2 1 1

Sy :ﬁ : L(va,i_vb,i)_—ﬁ;(va,j_Vb,j)_
S/f :’ﬂz (vc,i—vd,i)_jv_;(vc,j—vd,j)—

where N is the number of images (frames) during the occlusion period, 7 and j

are the frame indices, v, ;, v, » V. > and v, , are the velocities of sides a , b, ¢, and d

at the &™ frame during hand-hand occlusion.

This model results in small standard deviations in purely horizontal or purely
vertical movements as well as the movements where the parallel sides are positively
synchronized. For example, in a movement of model c, the vertical sides of the
occlusion-rectangle have almost no movement during the occlusion period. Therefore,

5, in the velocity-synchronization model (System 13) will be small. In model e, the
horizontal sides of the occlusion-rectangle are positively synchronized. s, in this case

becomes small. However, if the velocities of the parallel sides of the occlusion-
rectangle are negatively synchronized (e.g., model f) the standard deviations are large
because in this case the velocities of parallel sides are in opposite directions with

different signs. The thresholds for small s, and s,may be determined by experiment.

Before we detect the hand pauses we capture any possible positive
synchronization of parallel sides of the occlusion-rectangle during the occlusion period
using the velocity-synchronization model. If a positive synchronization for any pair of

parallel sides is observed, the tracking is performed based on the pauses of the other

sides of the occlusion-rectangle. For example, if a small §, is observed we base the

tracking on the pauses of the other sides, ¢ and d. A small standard deviation in the
velocity-synchronization model means that a pair of parallel sides of the rectangle has
been positively synchronized with quite similar velocities during occlusion. Therefore,
we should look at the pauses of the other sides of the occlusion-rectangle during
occlusion to gain the desired information for distinguishing left and right hands after

the occlusion.
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Based on the velocity-synchronization and hand-pause models the hand
tracking algorithm is summarized as following,
ALGORITHM 2:

1. If the horizontal sides of the rectangle are positively synchronized

(small s,) during the occlusion period
1.A. If during occlusion there is a k such that v, ; <& then: the hands are

horizontally back to their original position/side (for example, left or right)

1.B. Else: the hands horizontally passed each other

2. Else: if the vertical sides of the rectangle are positively synchronized

(small s,) during the occlusion period

2.4. If during occlusion there is a k such that v, ; < € then: the hands are

vertically back to their originaZ position/side (for example, top or bottom)

2.B. Else: the hands vertically passed each other

3. Else: if during occlusion there is a k such that v, , <& then: the hands

are horizontally back to their original position/side

4. Else: if during occlusion there is a k such that v, , <€ then: the hands

are vertically back to their original position/side

5. Else: the hands passed each other

The above algorithm tracks the hands during a hand-hand occlusion and makes
a decision on the positions of the hands at the end of occlusion with respect to their
positions prior to occlusion. The above algorithm 2 may be modified in various ways
to provide information on the position of the hands after occlusion. The form of
algorithm 2 presented above typically provides enough information to distinguish the
left and right hands after occlusion.

Implementations of algorithm 2, and other algorithms, may provide increased
robustness by verifying that (1) the vertical sides are negatively synchronized in step 1,
and/or (2) the horizontal sides are negatively synchronized in step 2. Another
implementation uses a tracking algorithm having a different hand-pause and hand-pass

detection methodology.
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During an occlusion period the number of images should ideally be large
enough so that the velocities converge to zero in the cases of hand collisions and
pauses. The algorithm should have enough time and images so that the rectangle’s
sides’ velocities reach zero in the cases that a collision or pause occurs. The proposed
Kalman filter is based on the Kinematics equations of motion. Therefore, in a fast
movement (with an insufficient number of images), the sides of the occlusion-rectangle
have the potential to move further rather than to stop quickly. That is, if the samples
are too far apart, the velocities below the threshold may be missed.

If the speed of movement increases the estimated speeds of the rectangle’s sides
may not exactly reach zero. This problem becomes more difficult if the camera is
working in a low speed (low frame rate). Therefore, the algorithm may not detect
collisions and pauses accurately. Also, in some applications where the visual system
moves (e.g., active vision) the velocities may not exactly reach zero. Therefore, we
develop a technique to make the algorithm independent of the actual velocities, and
investigate the speed changes of the occlusion-rectangle’s sides. |

When a pause occurs the estimated velocity tends to zero. We assume that the
hands are moving towards each other with almost constant velocities. The acceleration
is almost zero. When a pause occurs the acceleration increases in negative direction in
order to push the velocity to zero.

After the pause, the rectangle’s sides move in opposite directions. The
velocities change in the same fashion but in the negative direction. Therefore,
referring to FIG. 11(a), the velocity during the occlusion period looks like a graph
1110. Also, referring to FIG. 11(b), in the cases where the hands pass each other the
velocity of a rectangle’s side looks like a graph 1120. The rapid sign change in the
graph is due to pushing the rectangle’s sides in-opposite directions when the hands pass
each other as shown in FIG. 10. In various implementations, graph 1120 may be a step
function, but a hand-pass may produce a non-step function as depicted.

According to a neuroscience theory, there exists noise in the motor commands
in the human nervous system. In the presence of such noise the intended motor
commands will generate a probability distribution over the hand positions and
velocities if repeated several times. In accordance with this theory, we model the
velocity changes by gaussian distributions. By capturing the velocities throughout

different movements, a series of 2-dimensional gaussian distributions is constructed for
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each type of behavior, the hand-pause and the hand-pass. The following function is
defined in order to represent a pair of parallel sides of the occlusion-rectangle,

v(t) =v, () - v, () (14)

where v,(r) and v,(¢) are the velocities of a pair of parallel sides at time 7.
When the hands are negatively synchronized, this function results in a velocity equal to
the sum of the individual velocities. An important feature of this function is that it
makes the algorithm independent of the actual velocities. Therefore, in some
applications (e.g., active vision) the effect of a constant value added to the both
velocities is eliminated.

Referring to FIG. 12, the gaussian distributions for successive values of
Function 14 are shown. FIG. 12(a) shows distributions 1205-1240 in the movements
where a pause is detected. FIG. 12(b) shows distributions 1245-1280 for the
movements where the hands pass each other. In FIGS. 12(a)-(b), each ellipse 1205-
1280 represents a 2-dimensional gaussian distribution.

A decision on whether the hands have passed each other or paused and returned
is made based on the probabilities that Function 14 for a given movement matches
each of the two patterns in FIGS. 12(a) and (b). The probabilities are calculated using

the following equation,

P, | H) =] [ max(P] | HY) =12 (15)

v, = {v(',,vf,...}

where v, stands for the set of observed velocities over a given occlusion period
calculated by Function 14, v/ =(;) is the observed velocity at time j during occlusion,
H} is the K™ gaussian distribution in the pattern #, , and P(v/ | H}) is calculated using

the multidimensional gaussian probability density function,

_[(v/—pk,l)z]
20%)
e ' (16)

b

2
1=1 O-k,l A 27[

where o, stands for the standard deviation of distribution & on the

P(] |Hf)=
lth

principal axis of the K™ distribution, 4, is the mean of the distribution on the /o

principal axis of the K™ distribution and v/ stands for the component of point v/ =v(})

projected on the I™ principal axis of the distribution.
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We may apply equations 15 and 16 to a set of observed velocities, assuming,
for example, that the set of gaussian distributions is as depicted in FIGS. 12(a) and (b),
in which k=8 for both H; (pause; FIG. 12(a)) and H, (pass; FIG. 12(b)). For each
observed velocity, we determine the distribution 1205-1240 that maximizes the
probability of thét observed velocity, and multiply each of these probabilities. Do the
same using the distributions 1245-1280, and select the result (pause or pass) producing
the higher product.

In order to train the distributions we classify the velocity points for each
gaussian distribution #} in the pattern H, . Vector Quantization (VQ) is an
unsupervised clustering technique that clusters the data points for each gaussian
distribution. By applying VQ to a set of training velocity data points in each pattern
the data points of each distribution are classified into regions. Then by using Principal
Component Analysis the parameters (standard deviation and mean) of the gaussian
distribution for each region are determined. Using this pattern matching technique, we
can detect the hand pauses even if the velocities do not converge to zero.

We summarize the algorithm as follows,

ALGORITHM 3:

Using the occlusion detection technique, the beginning and the end of the
occlusion period is detected

1. If the horizontal sides of the rectangle are positively synchronized
(small s,) during the occlusion period

1.A. If the probability (Equation 15) for the vertical sides for the class of
hand-pause is higher than for the class of hand-pass: the hands went horizontally back
to their original sides

1.B. Else: the hands horizontally passed each other

2. Else: if the vertical sides of the rectangle are positively synchronized
(small s,) during the occlusion period
2.4. If the probability (Equation 15) for the horizontal sides for the class of
hand-pause is higher than for the class of hand-pass: the hands went vertically back to
their original sides

2.B. Else: the hands vertically passed each other
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3. Else: if the probability (Equation 15) for the vertical sides for the class
of hand-pause is higher than for the class of hand-pass: the hands went horizontally
back to their original sides

4. Else: if the probability (Equation 15) for the horizontal sides for the
class of hand-pause is higher than for the class of hand-pass: the hands went vertically
back to their original sides

5. Else: the hands passed each other

By using a tracking algorithm, such as, for example, one of the tracking
algorithms described above, we can separate the hands from each other and look at the
movement of each hand individually in order to understand the whole bimanual
movement. The meaning of the hands movements is combined so that the bimanual
movement is recognized as a single entity. We introduce a Bayesian network for the
recognition of bimanual movements. However first, we segment a bimanual
movement into occlusion and non-occlusion parts.

In order to separate the hands we may use one of the proposed tracking
algorithms to track the hands individually in a sequence of images. Therefore, we are
able to separate the movement of each hand while no hand occlusion exists. However,
when we have occlusion the hands are not separately recognized. Thus, we do not
separate the movements of the hands.

In one implementation, we take the occlusion parts into account and recognize
them separately. Then, the recognized individual movements of the separated hands
and the occlusion parts are fused in order to understand the whole bimanual movement.

Referring to FIG. 13, each hand is tracked and separately projected into a blank
sequence of images. For example, two hands 1310 and 1320 on an image 1330 are
separately projected onto individual images 1340 and 1350, respectively. In order to
preserve the movement of the hands with respect to the image frame, the direction of
movement of each hand is recorded. Referring to FIG. 14, to record direction of
movement, we divide a 2-dimensional space of an image frame 1410 into 8 equal
regions 1420-1455. We call the divided frame 1410 the regional-map. The index (1-
8) of each region represents the direction of movement in that region. An index of zero

(not shown in frame 1410) represents a stationary hand.
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By tracking the movement of the center of each hand a vector representing the
movement is extracted for every single frame. This vector represents the movement
from the last image to the present one. Referring to FIG. 15, a hand 1510 is shown at
time “t” in frame 1520 and at time “t+1” in frame 1530. The movement of hand 1510
from time “t” to time “t+1” is represented by a vector 1540 in window 1550. The
angle of the vector with respect to the horizontal axis determines the region in the
regional-map in which the vector maps onto. The region index is recorded for the
movement at each time £. Even for a partial sequence including hand-hand occlusion
the direction vectors for the movement of the big blob is extracted and the region
indices are recorded. Implementations may consider the speed of the gesture, for
example, by determining and analyzing an appropriate magnitude for vector 1540.

A bimanual movement is constituted from two groups of parts, the occlusion
parts in which one hand is occluded, and the other parts. The parts in which the hands
are recognizable separately are called non-occlusion parts. Since a bimanual
movement can be a periodic movement like clapping we separate different parts, which
we call segments. Four segments are obtained as following,

A. The beginning segment, from the beginning of a gesture to the first
occlusion part

B. The occlusion segments, where one hand is occluded by the other hand

C. The middle segments, a part of the gesture between two consecutive
occlusion segments

D. The ending segment, ﬁom the last occlusion segment to the end of the
gesture

Referring to FIG. 16, an example of a segmented bimanual movement is
illustrated in window 1610 over the time axis. Although we have assumed in this
figure that the movement starts and ends in non-occlusion segments, other
implementations extend the algorithm to other cases. Also, for the gestures in which
no occlusion segment is observed the process is the same with only one segment (a
beginning segment) for the whole gesture.

In a bimanual movement there can be several occlusion and middle segments.
For example, in FIG. 16 there are 3 occlusion segments labelled “B,” and 2 middle
segments labelled “C,” as well as a beginning segment labelled “A” and an ending
segment labelled “D”. Thus, the implementation is able to deal with multiple
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occlusion and middle segments as well as the beginning and the ending segments in
order to understand the whole bimanual movement.

The movement of a hand within a segment (or the two hands within an
occlusion segment) is treated as a single movement appearing in the sequence of
images of the segment. These movements are modelled and recognized by Hidden
Markov Models, although other models may be used. Therefore, for a bimanual
movement we get a set of recognized movements of each of the two hands, and the
recognized movements of the occlusion parts. This information is combined to
recognize the bimanual movement.

One implementation uses a Bayesian network in which the whole gesture is
divided into the movements of the two hands. Referring to FIG. 17, the movement of
each hand is also divided into the four segments through the evidence nodes of BEG,
MID, OCC, and END. The occluded part of a gesture is a common part for both
hands. Therefore, a single shared node, OCC, is considered. Specifically, a tree 1700
includes a top node “Bimanual Gesture” 1705, that includes a left-hand gesture node
1710 and a right-hand gesture node 1715. Left-hand gesture node 1710 and right-hand
gesture node 1715 include BEG evidence nodes 1720 and 1750, respectively, MID
evidence nodes 1725 and 1745, respectively, and END evidence nodes 1730 and 1740,
respectively, and share a common OCC node 1735.

According to the number of cases a node can accept, each node in this tree
represents a multi-valued variable. Thus, for a vocabulary containing g bimanual
gestures every node is a vector with length g, as shown with vectors 1720a, 173 5a, and
1750a. The three top nodes of Bimanual Gesture, Left Hand Gesture, and Right Hand -
Gesture are non-evidence nodes updated by the messages communicated by the
evidence nodes. The evidence nodes are fed by the Hidden Markov Models of
different segments separately, as shown with models 1755a, 1755g, 1760a, 1760g,
1765a, and 1765g.

Referring to FIG. 18, due to the fact that the beginning, middle, and ending
segments of a gesture have no time overlapping, and assuming that the segments are of
equal weight, the causal tree 1700 can be abstracted to tree 1800 that includes non-
occlusion segment nodes (NS nodes) 1810 and 1820, and occlusion segment node (OS
node) 1830. Node 1810 is associated with vector 1810a, and with models 1840a
through 1840g. Analogously, node 1830 is associated with vector 1830a and with
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models 1850a through 1850g. The NS nodes 1810 and 1820 represent the evidences of
the beginning, middle, and ending segments at different times for each hand. These
evidences are the normalized vectors of likelihoods provided by the Hidden Markov
Models at the lowest level of the network. These values represent the likelihoods that a
given partial gesture (including movements in any non-occlusion segment) is each of
the gestures in the vocabulary in the corresponding segment.

In order to recognize the whole movement we recognize the partial gestures of
each segment separately. For this, we construct an eigenspace for each hand. An
eigenspace is made by using a set of training images of a hand in a given segment and
Principal Component Analysis. The covariance matrix of the set of images is made
and the eigenvalues and eigenvectors of the covariance matrix are calculated. The set
of eigenvectors associated with the largest eigenvalues are chosen to form the
eigenspace. The projection of the set of training images into the eigenspace is the
Principal Components. A separate eigenspace is created, also, for the occlusion
segments. These eigenspaces are made by the movements in the training set. By
projecting all the images of one hand into its own eigenspace a cloud of points is
created. Another dimension is also added to the subspaces which is the motion vector
extracted using the regional-map.

A set of codewords is extracted for each eigenspace using Vector Quantization.
The set of extracted codewords in each eigenspace is used for both training and
recognition. By projecting a segment of a gesture into the corresponding eigenspace a
sequence of codewords is extracted.

Referring to FIG. 19, to each hand in a non-occlusion segment a 2-state left-to-
right Hidden Markov Model 1900 is assigned. Due to the fact that a partial movement
of a hand in a segment is normally a short movement, a 2-state HMM is typically
suitable to capture the partial movement. Every segment of a gesture has its individual
HMMs. Thus, for every gesture in the vocabulary of bimanual movements seven
HMMs are assigned, two for the beginning segments for the two hands, one for the
occlusion segments, two for the middle segments, and two for the ending segments.
By using the extracted sequence of codewords the HMM of each hand in a segment is
trained. The HMMs of the occlusion segments are trained by the extracted sequence of
codewords of the projected images into the corresponding eigenspace. For example,

for a vocabulary of 10 bimanual movements 70 HMMs are created and trained.
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In the recognition phase the same procedure is performed. A given gesture is
segmented. Images of each segment are projected into the corresponding eigenspace
and the sequences of codewords are extracted. By employing the trained HMMs, the
partial gesture of each hand presented in a segment is recognized. However, we use
the HMM s to calculate the likelihoods that a given partial gesture is each of the
corresponding partial gestures in the vocabulary. A normalized vector of the
likelihoods for a given partial gesture in a segment is passed to one of the evidence
nodes in the Bayesian network of FIG. 18. For example, the second scalar in the NS
vector 1810a of the left hand is the likelihood that:

° In a beginning segment: the given partial gesture is the beginning
segment of gesture number 2 in the vocabulary, calculated by the HMM of the
beginning segment of the left hand of gesture number 2 '

o In a middle segment: the given partial gesture is the middle segment of
gesture number 2 in the vocabulary, calculated by the HMM of the middle segment of
the left hand of gesture number 2

and so on.

The occlusion vector, which is fed by the likelihoods of the HMM:s of the
occlusion segments, is a shared message communicated to the LH and RH nodes and,
ultimately, the BG node, as evidences for the two hands. The LH, RH, and BG nodes
calculate their beliefs, that is, their vectors of the likelihoods of the possible gestures,
using, for example, the well-known belief propagation algorithm.

As an example, in one implementation, three sets of training images (left, right,
and occluded) are extracted from videos of gestures. Each image may contain, for
example, 1024 pixels. To reduce the dimensionality of the space, eigenspaces of lower
dimensionality are determined for the training data. The training data is projected into
the eigenspace to produce reduced dimensionality training data. To reduce the number
of calculations in the recognition phase, codewords are determined for the eigenspaces.
HMMs are then developed using the sequences of codewords corresponding to
appropriate segments of the training data for given gestures.

Images of a given gesture are then projected into the appropriate eigenspace
and the closest codewords are determined, producing a sequence of codewords for a
given set of images corresponding to a segment of a gesture. The sequence of

codewords is then fed into the appropriate HMMs (segment and gesture specific) to
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produce likelihoods that the segment belongs to each of the trained gestures. These
likelihoods are then combined using, for example, the belief propagation algorithm.

The network looks loopy (containing a loop). The nodes of BG, LH, OS, and
RH form a loop. Therefore, the network does not seem to be singly connected and a
message may circulate indefinitely. However, the node OS is an evidence node.
Referring to the belief propagation rules of Bayesian networks the evidence nodes do
not receive messages and they always transmit the same vector. Therefore, the NS and
OS nodes are not updated by the messages of the LH and RH nodes. In fact, the LH
and RH nodes do not send messages to the evidence nodes. Therefore, although the
network looks like a loopy network, the occlusion node of OS cuts the loop off and no
message can circulate in the loop. This enables us to use the belief propagation rules
of singly connected networks in this network.

The procedure in this implementation of recognizing partial gestures and fusing
the results by the proposed Bayesian network in order to recognize a bimanual

movement is summarized in the following algorithm,

ALGORITHM 4:
1. A bimanual gesture is segmented by a tracking algorithm
2. The beginning segment

2.1.  For every hand the beginning segment is projected into the eigenspace
of the corresponding hand

2.2.  The sequence of codewords is extracted for each hand using, for
example, the Principal Components and the motion vectors

2.3. By employing the HMMs of the beginning segment of each hand the
vector of likelihoods is calculated and normalized

2.4.  Thevectors of likelihoods are passed into the corresponding NS nodes
while the vector of occlusion node is set to a vector of all Is.

2.5.  The nodes’ beliefs are updated by the belief propagation algorithin
3. An occlusion segment

3.1.  The image sequence of the segment is projected into the eigenspace of

the occlusion segments
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3.2. A sequence of codewords is extracted using the Principal Components
and the motion vectors

3.3.  The vector of likelihoods is calculated and normalized by using the
corresponding HMMs

3.4.  The vector is passed to the OS node

3.5.  The nodes’ beliefs are updated by the belief propagation algorithm

4. A middle segment

4.1.  For every hand the corresponding image sequence is projected into the
corresponding eigenspace

4.2.  The sequences of codewords are extracted using the Principal
Components and the motion vectors

4.3.  The vectors of likelihoods are calculated and normalized by using the
corresponding HMMs

4.4.  The vectors of likelihoods are passed to the corresponding NS nodes

4.5.  The nodes’ belief are updated by the belief propagation algorithm

5. A second type of occlusion segment — where another type of occlusion is
detected in which only one hand is present in the scene during the occlusion segment

5.1.  For the hand present in the scene the corresponding image sequence is
projected into the corresponding eigenspace

5.2.  The sequences of codewords are extracted using the Principal
Components and the motion vectors

5.3.  The vector of likelihoods is calculated and normalized by using the
corresponding HMMs

5.4.  The vector of likelihoods is passed to the corresponding NS node

5.5.  The nodes’ belief are updated by the belief propagation algorithm

6. While there are more occlusion and middle segments the parts 3 to 5 of

the algorithm are repeated

7. The ending segment

30
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7.1.  For every hand the image sequence is projected into the corresponding
eigenspace

7.2.  The sequence of codewords are extracted using the Principal
Components and the motion vectors

7.3.  The vectors of likelihoods are calculated and normalized by using the
HMMs of the ending segments

7.4.  The vectors are passed to the corresponding NS nodes

7.5.  The nodes’ beliefs are updated by the belief propagation algorithm

8. The gesture with the highest probability in the local belief of the root

node is the best match

Many bimanual movements are periodic in essence. Clapping and drumming
are some examples. In the environments where the bimanual movements are used as a
communication method, e.g., Virtual Reality, concatenated periodic movements should
be recognized. .

In one implementation, we use the Bayesian network described earlier to
recognize concatenated periodic movements. The movements may be recognized
correctly over the whole repetition periods. Further, gesture changes may be detected
when different movements are concatenated. An experiment is presented to discuss an
implementation.

Fifteen bimanual movements were created as if the hands were doing regular
daily movements like clapping, signing Wednesday in the British Sign Language,
knotting a string, turning over the leaves of a book, and some movements from other
sign languages. For every movement we captured 10 samples for a total of 150
samples, that is, 150 videos that each contain many images (data points). Half of the
samples (75) were treated as the training set, that is, 5 videos of each gesture were used
as training data. By using Principal Component Analysis the eigenspaces were
formed. By applying Vector Quantization 128 codewords for each eigenspace were
extracted. By this number, each codeword represents approximately 100 data points in
the training set. Two-states left-to-right Hidden Markov Models were created for the
segments of the hand gestures. The HMM of every segment of a gesture was trained
by the 5 samples in the training set.
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Three bimanual gestures were selected to create concatenated periodic
bimanual movements. From the 15 movements, first gesture number 3 was repeated 5
times. Tt was followed by gesture number 2 repeated 30 times, and followed by gesture
number 5 repeated 41 times. Therefore, the first gesture is divided into 11 segments,
including a beginning segment, and 5 occluded segments separated by 4 middle
segments, and an end segment. The second gesture is divided into 61 segments,
including a beginning segment, 30 occluded segments, 29 middle segments, and an end
segment. The third gesture is divided into 83 segments, including a beginning
segment, 41 occluded segments, 40 middle segments, and an end segment. Given the
fact that the first segment in the graph of local beliefs represents the belief of
initialization, the first gesture transition should appear in the 13" segment (the
beginning segment associated with the second gesture) and the second transition in the
74™ segment(the beginning segment associated with the third gesture).

Referring to FIG. 20(a), the local belief of the root node is plotted. A plot 2010
shows multiple graphs (15 graphs) including a first graph 2020 for the first gesture,
rising at approximately segment 2 to a belief of approximately 1, and falling at
approximately segment 12 to a belief of approximately 0. Plot 2010 also shows a
second graph 2030 for the second gesture, rising at approximately segment 13 to a
belief of approximately 1, and falling at approximately segment 73 to a belief of
approximately 0. Plot 2010 also shows a third graph 2040 for the third gesture, rising
at approximately segment 74 to a belief of approximately 1, and stopping at
approximately segment 156.

Plot 2010 shows a fourth graph 2050 having a positive belief around, for
example, segment 40. Second graph 2030 also includes several dips, particularly
around segment 40. Importantly, at various points around segment 40, the belief is
higher for the gesture associated with fourth graph 2050 than for the second gesture.
The gestures are correctly recognized most of the time. Also, the gesture transitions
are detected properly. However, as suggested above, particularly in the graph of the
second gesture, the belief is not very stable and it varies such that at some points it falls
below the graph of other gestures. This happens when the partial gestures of one or
two hands are recognized incorrectly. Although the confusion can be treated as

temporary spikes, an algorithm may determine that the gesture has changed at some
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points. Each of the graphs 2020, 2030, 2040, and 2050 is isolated in one of FIGS.
20(b)-(e), respectively.

An implementation avoids these confusing spikes by changing the belief
propagation algorithm. Specifically, the previous belief of the root node is given
greater weight so that temporary confusing evidence does not change the belief easily.

To give greater weight to a previous belief, we add memory to the root node of
the network. This is done, for example, by treating the current belief of the root node
as the prior probability of the node in the next step. Whena hypothesis (that one of the
gestures in the vocabulary is the correct gesture) is strengthened multiple times by the
messages reéeived from the HMMs, many strong pieces of evidence are needed to
change this belief.

However, replacing the prior probability of the root node with the node belief
can cause numerical underflows while a gesture is repeated several times. This may
result in delays in detecting gesture transitions. To avoid the numerical underflows
and confusing spikes we may restrict the memory. By this restriction, the prior
probabilities of the root node cannot fall below a certain limit. Referring to FIG. 21,
the results of the network with limited memory with the limit of 10 are presented.

In a plot 2110 of FIG. 21, the confusing spikes are avoided while delays in
detecting the transition points are a few units (segments). The first and second
transitions are detected one segment and two segments respectively after the actual
transition points. FIG. 21 shows a first graph 2120, a second graph 2130, and a third
graph 2140, corresponding to the first, second, and third gestures, respectively.

Referring to FIG. 22, an imaging device 2240 (e.g., a CCD camera) captures
sequences of images of a person doing a bimanual movement. The images are
transferred to a computing device 2210 running the algorithms described. The memory
2220 keeps the information required for the algorithms, and the storage device 2230,
such as, for example, a database, contains the training information required by the
tracking and recognition algorithms. Storage device 2230 may also store the code for
the algorithms. '

During a training phase the training information of the tracking algorithm
including the threshold values and distributions are stored in the storage device 2230.
Also, the HMMs and the transition values of the proposed Bayesian network are

trained and stored in the storage device 2230.
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In the recognition phase, the trained information from the database are partially
or completely extracted and stored in the memory 2220, so that the computing device
2210 can access them very quickly to track the hands and recognize the movements in
real-time. The results of the recognition are transferred to the output device 2250.

Referring to FIG. 23, a process 2300 may be used to recognize bimanual
gestures, and includes many operations discussed in this disclosure. Process 2300
includes receiving or otherwise accessing a series of images of a bimanual gesture
(2310). Left and right hands are extracted and tracked from the received images
(2320) and a hand-hand occlusion is predicted (2330). The hand-hand occlusion is
detected (2340) and a single blob including both hands is extracted and tracked from
the images in which the occlusion exists (2345). The synchronization of the left and
right hands during the occlusion is determined (23 50), the behavior of the hands
(whether they passed each other or they paused/collided and returned) is recognized
(2355), and the left and right hands are identified after the occlusion ends (2360). The
left and right hands are extracted and tracked post-occlusion (2365). The movements
in each of the segments (pre-occlusion, occlusion, and post-occlusion) are recognized,
and the overall gesture is recognized (2370).

Determining the synchronization of the left and right hands (2350) may
generally involve determining any relationship between the two hands. The
relationship may be, for example, a relationship between component-velocities of
parallel sides of a rectangle surrounding a blob, as described earlier. In other
implementations, however, the relationship relates to other characteristics of the hands,
or the single blob.

One variation of process 2300 may be performed by a plug-into a bimanual
gesture recognition engine. The plug-in may perform some variation of tracking a blob
(2345), determining a type of synchronization (2350), and determining whether the two
hands change their direction of travel during the occlusion period. Sucha plug-in may
be used with a gesture recdgnition engine that is unable to deal with hand-hand
occlusion. In such a scenario, the gesture recognition engine may track the left and
right hands until a hand-hand occlusion occurs, then call the plug-in. The plug-in may
track the blob, determine if the two hands changed direction during the occlusion, and
then transfer control of the recognition process back to the gesture recognition engine.

In transferring control back to the gesture recognition engine, the plug-in may tell the
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gesture recognition engine whether the two hands changed direction during the
occlusion. Thus, the gesture recognition engine can reacquire the left and right hands
and continue tracking the two hands.

Implementations may attempt to discern whether two occluded hands have
passed each other, have collided with each other, or have merely paused. The result of
a pause may typically be the same as the result of a collision; that the two hands return
to the directions from which they came. The velocity profile of a “pause” may be
similar to the velocity profile of a “collision,” and any differences may be insignificant
given expected noise. However, implementations may attempt to separately detect a
“collision” and a “pause.”

The directions referred to with respect to various implementations may refer,
for example, to the direction of the velocity vector or the direction of a component of
the velocity vector. The direction of a velocity vector may be described as being, for
example, a left direction, a right direction, a top direction, a bottom direction, and a
diagonal direction. Components of a velocity vector may include, for example, a
horizontal component and a vertical component.

Implementations may be applied to tracking bimanual gestures performed by a
single person using the person’s left and right hands. Other implementations may be
applied to gestures being performed by, for example, two people each using a single
hand, one or more robots using one or more gesturing devices, or combinations of
people and robots or machines, particularly if a coordination similar to the bimanual
coordination exists between the hands.

Implementations may include, for example, a process, a device, or a device for
carrying out a process. For example, implementations may include one or more
devices configured to perform one or more processes. A device may include, for
example, discrete or integrated hardware, firmware, and software. A device may
include, for example, computing device 2210 or another computing or processing
device, particularly if programmed to perform one or more described processes or
variations thereof. Such computing or processing devices may include, for example, a
processor, an integrated circuit, a programmable logic device, a personal computer, a
personal digital assistant, a game device, a cell phone, a calculator, and a device

containing a software application..
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Implementations also may be embodied in a device that includes one or more
computer readable media having instructions for carrying out one or more processes.
The computer readable media may include, for example, storage device 2230, memory
2220, and formatted electromagnetic waves encoding or transmitting instructions.
Computer readable media also may include, for example, a variety of non-volatile or
volatile memory structures, such as, for example, a hard disk, a flash memory, a
random access memory, a read-only memory, and a compact diskette. Instructions
may be, for example, in hardware, firmware, software, and in an electromagnetic wave.

Thus, computing device 2210 may represent an implementation of a computing
device programmed to perform a described implementation, and storage device 2230
may represent a computer readable medium storing instructions for carrying out a
described implementation.

A number of implementations have been described. Nevertheless, it will be
understood that various modifications may be made. For example, elements of one or
more implementations may be combined, deleted, modified, or supplemented to form
further implementations. Accordingly, other implementations are within the scope of

the following claims.
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WHAT IS CLAIMED IS:

1. A method comprising:

tracking movement of two occluded hands during an occlusion period, the two
occluded hands being tracked as a unit;

determining a type of synchronization characterizing the two occluded hands
during the occlusion period based on the tracked movement of the two occluded hands;
and

determining, based on the determined type of synchronization, whether
directions of travel for each of the two occluded hands change during the occlusion
period.

2. The method of claim 1 wherein determining whether directions change
is further based on the tracked movement of the two occluded hands.

3. The method of claim 1 wherein determining whether directions change
comprises determining whether the two hands pass each other during the occlusion
period.

4. The method of claim 1 wherein determining whether directions change
comprises determining whether the two hands perform one or more of pausing or
colliding with each other during the occlusion period.

5. The method of claim 1 wherein determining whether directions change
comprises determining whether each of the two hands return, after the occlusion
period, to directions from which they came.

6. The method of claim 5 wherein the directions from which the two hands
came include one or more of a vertical direction, a horizontal direction, and a diagonal
direction.

7. The method of claim 1 wherein determining whether direction change
comprises determining whether each of the two hands go, after the occlusion period, to
directions opposite from which they came.

8. The method of claim 1 wherein:

determining a type of synchronization comprises determining whether the two
hands are positively or negatively synchronized, and

determining whether directions change is further based on whether the two
hands are negatively synchronized.

9. The method of claim 1 wherein determining a type of synchronization

comprises determining a measure of the occluded hands’ velocities.
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10.  The method of claim 9 wherein the measure comprises a standard
deviation of a difference of velocities of parallel sides of a rectangle formed to
surround the occluded hands.

11.  The method of claim 1 wherein:

tracking movement of the two occluded hands comprises tracking movement of
a rectangle formed to surround the occluded hands, and

determining whether directions change comprises determining a measure of the
occluded hands’ velocities based on velocities of one or more sides of the rectangle.

12.  The method of claim 11 wherein determining whether directions change
is based on whether the measure goes below a threshold.

13.  The method of claim 12 wherein the measure is a function of a square
root of a sum of squares of velocities of parallel sides of the rectangle. |

14.  The method of claim 11 wherein determining whether directions change
is based on one or more probability distributions of the measure.

15.  The method of claim 14 wherein the measure is a function of a
difference of velocities of parallel sides of the rectangle.

16.  The method of claim 14 wherein the one or more probability
distributions comprises a first set of distributions associated with a first velocity pattern
and a second set of distributions associated with a second velocity pattern.

17.  The method of claim 16 wherein the first velocity pattern is indicative
of the two hands passing each other during the occlusion period, and the second
velocity pattern is indicative of the two hands not passing each other during the
occlusion period.

18.  The method of claim 17 wherein determining whether directions change
further comprises:

determining a first probability, based on the first set of distributions, that the
first velocity pattern produced the measure of the occluded hands’ velocities;

determining a second probability, based on the second set of distributions, that
the second velocity pattern produced the measure of the occluded hands’ velocities;

comparing the first probability with the second probability; and

determining, based on a result obtained during the comparing, whether the two
occluded hands pass each other during the occlusion period.

19.  Adevice comprising a computer readable medium having instructions

stored thereon for performing at least the following:
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tracking movement of two occluded hands during an occlusion period, the two
occluded hands being tracked as a unit;

determining a type of synchronization characterizing the two occluded hands
during the occlusion period based on the tracked movement of the two occluded hands;
and

determining, based on the determined type of synchronization, whether
directions of travel for each of the two occluded hands change during the occlusion
period.

20. A method comprising:

determining that a first hand and a second hand are occluded, the first hand
having come from a first direction and the second hand having come from a second
direction;

tracking movement of the occluded hands, the two occluded hands being
tracked as a unit;

determining a type of synchronization characterizing the occluded hands based
on the tracked movement of the occluded hands;

determining that the first hand and the second hand are no longer occluded; and

distinguishing, after determining that the first hand and the second hand are no
longer occluded, the first hand from the second hand based on the determined type of

synchronization.
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