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Abstract.  Many vision-based human-computer interaction systems are
based on the tracking of user actions. Examples include gazetracking,
head-tracking, nger-tracking, and so forth. In this paper , we present a
framework that employs no user-tracking; instead, all inte rface compo-
nents continuously observe and react to changes within a local neigh-
borhood. More speci cally, components expect a pre-de ned sequence of
visual events called visual interface cues (VICs). VICs include color, tex-
ture, motion and geometric elements, arranged to maximize t he veridi-
cality of the resulting interface element. A component is ex ecuted when
this stream of cues has been satis ed.

We present a general architecture for an interface system operating un-
der the VICs-based HCI paradigm, and then focus specically on an
appearance-based system in which a Hidden Markov Model (HMM) is
employed to learn the gesture dynamics. Our implementation of the sys-
tem successfully recognizes a button-push with a 96% succes rate.

1 Introduction

The promise of computer vision for human-computer interacton (HCI) is great:

vision-based interfaces would allow unencumbered, largeeale spatial motion.
They could make use of hand gestures, movements or other sitai input means;
and video itself is passive, (now) cheap, and (soon) nearlyniversally available.
In the simplest case, tracked hand motion and gesture recogtion could replace
the mouse in traditional applications. But, computer vision o ers the additional

possibility of de ning new forms of interaction that make use of whole body
motion, for example, interaction with a virtual character [ 19].

A brief survey of the literature (see Section 1.1) reveals tat most reported
work on vision-based HCI relies heavily on visual tracking ad visual template
recognition algorithms as its core technology. While trackng and recognition are,
in some sense, the most popular direction for developing a@wced vision-based
interfaces, one might ask if they are either necessary or sucient. For exam-
ple, complete, constant tracking of human body motion might be a convenient
abstraction for detecting that a user's hand has touched a wuitual \button,"
but general human motion tracking is well-known to be a compéx and di cult
problem [23,9]. What if button contact can instead be deteced using simple



motion or color segmentation combined with template matching? On the other
hand, while template matching is a relatively well-understood mechanism for
recognizing static con gurations, can it be similarly e ective when accounting
for the inherent spatio-temporal dynamics of human motion? What if, as in

most cases, the user is not interacting at all? Is there any rason to perform
potentially expensive image processing to generate negag results? Finally, one
might turn the question around and ask whether it is possibleto add structure

to the interaction problem so as to render the vision problemsolvable with high

reliability.

The goal of this paper is to present visual interface cues (MCs), a general
and extensible paradigm that addresses many of these issuds Section 2, we
outline a general approach to the development of modular, satially cued vision-
based interaction, and describe prior systems that make usef this basic idea.
In Section 3, we turn to the question of modeling local spatietemporal ges-
ture dynamics using Hidden Markov Models. In Section 4, we pesent results
using HMM-based event recognition for a simple push-buttonVICon. Finally,
we describe our current work on extending and applying the VCs paradigm.

1.1 Related Work

The P nder system [32] and related applications [19] is a cormonly cited exam-
ple of a vision-based interface. P nder uses a statisticall-based segmentation
technique to detect and track a human user as a set of conneatéblobs." A va-
riety of ltering and estimation algorithms use the informa tion from these blobs
to produce a running state estimate of body con guration and motion [31]. Most
applications make use of body motion estimates to animate al@aracter or allow
a user to interact with virtual objects.

More broadly, from the point of view of vision, there has beena great deal
of interest in tracking of human body motion, faces, facial epression, and ges-
ture, e.g. [2,12,25,5,33,10,3,21,18,8,4], with the gerargoal of supporting human-
computer interaction.

From the HCI perspective, there have also been a wide class tdemonstra-
tion systems" that make use of vision as their input. The ZomkiBoard [20] and
BrightBoard [26] are examples of extensions of classical R-\point-and-click"
style user interfaces to desktop/blackboard style interadions. They allow, for ex-
ample, the selection, capture, or manipulation of items vieved by a video camera
on a whiteboard or desktop. Input is usually via special written tokens; vision
processing is based on simple background subtraction or tesholding followed
by binary image processing, much as with P nder. More extengse proposals
for mixing virtual and physical documents on the desktop indude work on the
Digital Desk [30] and on the \o ce of the future" [22]. A good e xample of a
gesture-based interface is GestureVR [25].



2 The VICs Paradigm

2.1 Modeling Interaction

Current interface technology, Windows-Icons-Menus-Poiters (WIMP) [29], is

modeled with a simple state-machine (Figure 1). The dominahinterface com-
ponent in thesethird-generation interfaces is the icon. Typically, these icons have
one pre-de ned action associated with them that is triggereal upon a mouse click.
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Fig.1. The icon state model for a WIMP interface.

We extend the functionality of a traditional icon by increasing the number of
associated actions that can be triggered by the user in a stightforward manner
that does not require the user to learn complicated interacton semantics. For
standard WIMP interfaces the size of this set is 1: point-andclick. We call a
superWIMP interface one that includes multi-button input or mou se-gesture
input. One such example is the SKETCH framework [34]. For thesuperWIMP
interfaces the size of this set is larger, but still relativdy small; it is limited by
the coarse nature of mouse input. Our vision-based extensiogreatly increases
the set of possible user inputs by employing the increased sgial input dimen-
sionality. To allow for such an extension, the notion of the icon must change:
we de ne a VICs-based interface component (VICon) to be compsed of three
parts. First, it contains a visual processing engine. This agine is the core of
the VICon as it replaces the current point-and-click nature of third-generation
interfaces. Second, it has the ability to display itself to the user, and lastly, it
has some application speci c functionality.

As mentioned earlier in Section 1, the VICon does not rely on tacking al-
gorithms to monitor the user and detect actions. Instead, the VICon watches
a region-of-interest (ROI) in the video stream and waits for recognizable user-
input. For instance, if we model a simple push-button, the VICon might watch
for something that resembles a human- nger in its ROI.



The obvious approach to detect user interaction is one of terplate-matching
in which the VICon is aware of a set of possible gestures and as image process-
ing techniques to analyze the ROI in every frame of video. Howver, in practice,
such a method is prone to false-positives by spurious tempta matches. Also,
a template matching approach, alone, is potentially wastefil because it is more
expensive than other simpler tasks like motion detection ad color segmentation
that may easily indicate a negative match.

If one observes the sequence of cues that precede a buttongdy for instance,
one notices that there are distinct cues comprising the actal button push: mo-
tion, color-blob, edges. This sequence of cues, ordered frosimple to complex,
can be used to facilitate e cient, accurate user-input detection. De ne a selec-
tor to be a vision component that computes some measure on a locetgion of
an image, and returns either nothing, indicating the absene of a cue or fea-
ture, or values describing a detected feature [13]. For exaple, a motion selector
might return nothing if there is no apparent image motion or a description of
the size and magnitude of a region of detected motion. Thus, tits core, the
visual processing engine of the VICon is a sequence of selext: we call it a
visual interaction cue parser or just a parser.

OORC
@W@/

Cue Drop-Out
Cuei

Fig. 2. The state model for a VICs-based interface component.

Formally, we de ne a visual interaction cue parser (Figure 2. It is a compo-
nent with the following structure:

1 A nite set of discrete states s1;Sp;:::Sy:

2 A distinguished initial state s;:

3 Associated with each states;, a function f; on the incoming input stream
that de nes a continuous state variable x:

4 For each states;; a set of transition rules that associates an eveng;; ; j =
1:::m n (informally, the output of a selector) with either a state of
higher index, or s;: By convention, the rst transition event to re de nes
the transition for that state.

We return to the example of a button push from above. Using a paser, we
create a possible sequence of selectors: (1) a simple motiselector, (2) a coarse



color and motion selector, (3) a selector for color and cessian of motion, and
(4) gesture recognition. It is easy to see that processing wer this framework is
e cient because of the selector ordering from simple to comgex wherein parsing
halts as soon as one selector in the sequence is not satis eMore powerful
and sophisticated parsing models are plausible under thisgradigm: an example
showing the use of a Hidden Markov Model is presented in Sedhn 3.

The intent of the framework is that a parser will not only accept certain
input, but might return other relevant information: locati on, duration. The key
factor di erentiating the VICs paradigm from traditional i nterface components is
that there may be multiple exit cases for a given VICon determned by di erent
streams through the parser each triggering a dierent event The lexicon of
possible triggers is an order of magnitude larger than WIMP ad superWIMP
interfaces.

2.2 Interaction Modes

The notion of a VICs-based interface is broad and extensibléo varying applica-
tion domains. In this section we enumerate the set of interaton modes in which
a VICon may be used.

1. 2D-2D Projection - Here, one camera is pointed at a workspace, e.g. table-
top. One or many projectors are used to project interface cormonents onto
this surface while the video-stream is processed under the IZs paradigm.
This mode has been proposed in [35]. We feel incorporating \s-based in-
terface components will increase its e ectiveness and braten the domain of
applications.

2. 2D-2D Mirror - In this mode of interaction, one camera is aimed directly
at the user and the image stream is displayed in the backgrouth of the user-
interface for the user. Interface components are then compsited into the
video stream and presented to the user. This interface modecowld also be
used in a projection style display to allow for a group to colaborate in the
shared space. Figure 4 shows some example applications ofishmodel.

3. 3D-2D Projection - This mode is similar to the rst (2D-2D Projection)
except that 2 or more cameras will be aimed at the workspace ahthe set
of possible selectors is increased to include more robust 3Geometry. In
Figure 3 the prototype 4D-Touchpad system is shown. The 4D-Buchpad is
an experimental platform based on the VICs framework [7].

4. 2.5D Augmented Reality - Both video-see-through and optical-see-through
augmented reality are possible if the user(s) wear stereo lagl-mounted dis-
plays (HMD) [1]. With stereo cameras mounted atop the HMD, knowledge
of a governing surface can be extracted from the view, e.g. @ahar surface
[6]. All VICons can then be de ned to rest on this governing suface and
interaction is de ned with respect to this surface. One possible application
is a piano where each key is a separate VICon.

5. 3D Augmented Reality - In this case, we remove the constraint that
the interface is tied to one governing surface and allow the YCons to be



Fig. 3. (left) The prototype of the 4D-Touchpad using a atpanel ast he projector for
the display. (right) A 3D surgical interaction system under development based on the
VICs framework.

fully 3D. Two example applications areas are (1) motor-fundion training for
young children and (2) medical applications. Shown in Figue 3 is a stereo
microscope that is being used as a VICs-based surgical eneinment.

2.3 Prior State of the Art in VICs Technology

In this section we show a small set of example interfaces builunder the VICs
paradigm: interaction through a stream of local-based seletors. First, we show
a simple button-based VICon in a calculator setting (Figure 4-left). In this case,
the VICon used a motion-based cue, a color-segmentation cueand enforced
that the color remain present for a static time-interval. Next, we show multiple
triggers based on user-input (Figure 4-middle). Here, the ser can select the ball,
drag it, and release. The parser incorporates a simple-gagte recognition stage;
it's state-model follows Figure 2. As mentioned earlier, me¢ion and dynamics
can be added to the VICons. Figure 4-right shows aBreakout™ like program
where the ball is a VICon. During play, the ball (the VICon) tr avels through
the workspace. The user attempts to prevent the ball from faling through the
bottom of the workspace while de ecting it toward the colored bricks at the top
of the workspace; notice the VICon is not anchored.

The thprevious three VICs-based interface examples emplothe 2D-2D mir-
ror mode of operation. Our current focus is the 2.5D augmentd reality mode
of operation. To this end, we have developed a set of fast swate recovery tech-
nigues [6] allowing us to anchor the interface to a planar suace.



Fig. 4. (left) A VICs-based calculator using a motion-color parser . (middle) Gesture-
based demonstration of multiple interaction triggers for a single VICon. (right) VICs-
based 2D-2D mirror mode interface for a Breakout™ style game.

2.4 Robustness and Applicability

In this section, we presented a general framework for visiofbased interaction
that provides set of e cient techniques to employ video as input to computer
systems without requiring the user to learn complex interat¢ion semantics. We
argue that given a nite set of interaction primitives, the s ite-centric parsing will
perform well. Under the site-centric model, each interfaceobject is trained on a
prior set of activation patterns through its parser. These slectors are built with
well understood image processing techniques and operate ansmall subset of
the image. In Section 4, we provide experimental results theisupport our claim
of the scheme's robustness.

While in its current state the topology of the parser and implementation of
the selectors is the task of the developer, we are investigaty learning methods
(e.g. neural networks) to make this process automatic. The st of example inter-
faces we present in this paper demonstrate that this is not a mdrance to the
adoption of the VICs framework.

The VICs model can immediately be employed to provide fullyfunctional
standard user interfaces by mimicking their components (bttons, scrollbars,
etc). However, it is not universally applicable for there may be some interfaces
perfectly suited to user-centric interaction models. For ekample, eye gaze track-
ing may be the only way to enable interaction during automobie driving.

3 A Stochastic Extension of the Parser

As noted at the outset, one of the central problems in visionbased interaction
is to e ectively manage the complexity of the input space. Asa rst step, VICs
makes use of geometrically localized interaction and statdased activation to
minimize both input complexity and computational complexity. As a next step,
we are abstracting the visual input space using ideas origially developed in the
area of speech processing (Figure 5).

In a speech system, interpretation of the incoming waveformis performed
in two steps. First, an acoustic pre-processor turns the cotinuous input wave-



Speech > Acoustic Phoneme _ Linguistic
Processing Decoding
Video
Visual Gesteme Gesture Gestures
Processing > Language
- Decoding

Fig.5. The parallels between a speech processing system and visuallanguage" pro-
cessing.

form into a relatively small set of discrete \symbols" (phonemes). Subsequently,
temporal sequences of phonemes are processed into wordsngsa learned lan-
guage model. In our proposed vision processor, we also abatt the incoming
high-dimensional image sequence into a lower-dimensiondiscrete input string,
now representing some aspect of spatial appearance, and éiwise train temporal
models on these \gestemes" to recognize complete gesturalies.

In the remainder of this section, we describe the results of minitial prototype
VICs-based interaction system to identify a button-pushing action. We use a
static camera to supervise a virtual button, which is repreented by a graphical
icon. The user is expected to move his nger toward the buttonand stay on the
button for a short period of time to trigger it. The system wil | decide if the user
has triggered the button. Thus, fast and robust foreground ggmentation and
action recognition are two key elements of our system.

3.1 Background Modeling and Image Segmentation Based on Hue
Histograms

Background subtraction, gray-scale background modelingJ4], color appearance
modeling [28], color histogram [17] and combining of multipe cues [24] are among
the most widely used methods to model the background and pedrm foreground
segmentation. We propose to use a hue histogram for its compational e ciency
and relative color invariance. Hue is a good color-invariah model that is rela-
tively invariable to translation and rotation about the vie wing axis, and changes
slowly under change of angle of view, scale and occlusion [[11

We assume that the background is known for a given session. Weplit the
background image into an array of non-overlapping equal-gied sub-images. For
each sub-image, we build a hue histogram to model it. We proass the foreground
image in a similar way and perform pairwise histogram matching between back-
ground and foreground image histograms. Here, we employ Hisgram intersec-
tion [28] as the comparison criterion.
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HereB and F refer to the background and foreground histogram respectiely.
If the matching value is below the threshold, which is deternined empirically, the
corresponding sub-image is classi ed as foreground; othesise, it is background.
Our experiments show that combining a hue color model with hstogram inter-
section can achieve relative invariance to illumination ctanges and obtain good
segmentation results. Figure 6 shows an example.

Fig. 6. An example of background image, unsegmented image and segm&ation result.

The leftmost image is the background. The second image showswhen the hand has
entered the scene. The nal segmentation result is shown in the third image. The last
image demonstrates our feature space de nition.

3.2 HMM-based Human Activity Recognition

In our experiment, we employ HMM [15] techniques [16] to trah and recognize
the button-pushing action. The basic idea is to de ne a nite feature space onto
which the image is mapped. Given any captured image sequencee convert it
to an array of discrete features. A discrete forward HMM is castructed for each
class of actions and trained based on training sequences agi the Baum-Welch
algorithm [16]. The probability that each HMM generates the given feature se-
guence is the criterion of recognition.

We propose a computationally e cient and robust feature extraction scheme.
The extracted feature indicates the direction and distanceof the nger from the
center of the button. In principle, we split the local activation region of the button
into a 5 by 5 grid. Based on the foreground segmentation restil we can claim
whether a certain cell is covered by the hand by thresholdinghe percentage of
the foreground pixels in the cell. The direction of the hand wth respect to the
button is then decided by comparing the number of cells toucled by the hand in
each of the four directions. The distance of the nger with respect to the button
is calculated as the distance between the center of the butto and the nearest
cell covered by the hand. Combination of all discretized diections and distances
forms our feature space.



We experiment with two di erent HMM structures to model the d ynamics of
the gestures. There are four di erent gestures, each of thenmodeling triggering
the button from a distinct approaching direction: i.e. left, right, up and down.
The rst HMM paradigm is the singleton-based composite modé. For each fea-
ture state, we de ne a basic singleton HMM (Figure 7) to represent the dynamics
of the nger movement for this particular spatial con gurat ion. To capture the
temporal dynamics of the whole gesture, we learn a represeative sequence for
each of the four classes of actions. Based on this charactstic sequence, we build
the HMM for this class by concatenating, with null transitio ns, all the basic sin-
gleton HMMs corresponding to each symbol in the sequence. §ure 7 shows
the structure of this singleton-based HMM structure. In es®nce, this topology
models the gesture as a tour through a series of spatial congrations.

The second model is a three state forward HMM as shown in Figur 7. Each
class shares the same topology, with the parameter set tragd separately based
on the sequences belonging to corresponding class. The afitiveness of this
topology is that it intuitively models the temporal dynamic s of the gesture, as
opposed to the singleton-based HMMs that try to model each othe symbols in
the observation dictionary. In our experiment, for each of the four classes, we
expect the user to move the nger through the feature space inthe following
order: outer layer, inner layer and center of the button. Intuitively, the dynam-
ics is composed of three distinct stages. Ideally, each of ththree states of the
forward HMM would model the corresponding stage of the dynanics. The pa-
rameter sets of the trained class HMMs verify our expectatio. For example, if
the recognizer observes a sequence in which the hand stays thre button all the
time but does not witness the process showing the hand apprahing the button,
it will reject the sequence as a valid trigger action. In geneal, a dynamic pro-
cess with n stages can be modeled using an n-state forward HMMith similar
topology. For example, in [27], four-state HMMs are used to ecognize American
Sign Language.

HMM HMM HMM @
for —=| for (= === for

Fig. 7. HMM structures used to model gestures. The left gure shows t he structure
of a basic singleton HMM. The center gure illustrates the co mposite HMM topology
that concatenates singleton HMMs. The topology of the simpl e three-state HMM is
shown in the right gure.

Since it is dicult to capture all possible patterns of non-p ushing actions,
we use a threshold on the highest possibility of the classe®tperform rejection.
However, the duration of the action and the possibility that each class generates



such a sequence may vary signi cantly even though the actiorpattern is still the

same. To overcome this time variation, we perform sequenceligning in training

and recognition. That is, we choose a xed length to be the stadard length (for
example, 20 frames). We perform sampling or interpolation ér longer or shorter
sequences to t our standard.

4 Experimental Results

In our current experiment, we use a color camera with an imageize of 640 480
as the imaging sensor on a standard Pentium II1 1Ghz PC runnig Linux OS.

4.1 Background Modeling and Segmentation Result

To test our segmentation scheme, we captured image pairs ohe background
and foreground. By comparing the segmentation result and tle ground-truth
classi cation image, which is generated by manually markirg the foreground
part of the scene, we are able to evaluate this algorithm. We aptured more than
20 pairs of background/foreground images with di erent badkground scenes and
carried out the experiment on these images. The test set alsmcludes 6 pairs of
images that undergo illumination changes. As a result, the aerage correct ratio
based on per pixel basis is 986%, with average false positive ratio of 155% and
false negative ratio of 029%. Figure 6 shows a typical segmentation example.

As shown in Figure ??, we also compare the segmentation result with dif-
ferent sub-window sizes and with di erent numbers of hue hisogram bins. The
result shows that histograms with at least 8 bins perform beter than those with
less, while increasing the bins to 16 or more does not bring nah performance
enhancement for our experimental set. It can be foreseen thianore bins will be
needed to carry out good segmentation for those images in wth the appearance
of the foreground is close to that of the background. The resli also shows that
the false positive ratio will decrease with the increment oftile size because imag-
ing noise would be compressed when the histogram is constriedd over a larger
neighboring area, which in essence is a process of averagitige appearance of
the tile.

4.2 Action Recognition Result

For training and testing of our HMMs, we recorded over 300 acion sequences
performed by 6 di erent people, with 76 of the sequences beip used for training.
For the singleton-based model, an o ine procedure is carri@ out to nd the
best characteristic sequence for each class and construché HMM. For both
the singleton-based model and the simple 3-state forward HW!, we carry out
training. Both models achieve correct ratio of 100% on the taining set. We also
compare them by recognizing a test set of over 270 sequencekhe length of
the test sequences varies signi cantly, ranging from 30 to wer 200. The test set
includes some sequences with illumination changes, whichra also segmented
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successfully. To test the rejection scheme, we also includievalid sequences in
the test set, such as those that do not conform to the temporalpattern of the
model gesture and those that do not follow the correct order &expected visual
features of the models. The resulting correct ratio is 98% for the singleton-
based HMM model and 960% for 3-state simple HMM. This suggests that a
simple 3-state HMM can model the button-pushing gesture alnost as good as a
60-state (standard length(=30) 2) singleton-based composite HMM.

For the singleton-based model, the standard length of the @ss characteris-
tic sequence will in uence the system performance and speedilong with the
increase of the size of primary sequence, the time needed tary out the recog-
nition will also grow linearly. However, since a longer segance contains more
information and thus, has a larger HMM, the total system performance will im-
prove. The following table shows the experimental results vith di ering standard
lengths.

Table 1. Experiment results with di erent length of characteristic ~ sequence

L |Accuracy of Training Set |Accuracy of Test Set
10 100.0% 86.8%
20 100.0% 94.2%
30 100.0% 96.8%

For the simple n-state forward HMM structure, we also carry out experiments
with di erent number of states in the topology of the HMM. It i s not surprising
to nd an increase in the number of states from 3 to 4 or 5 doesit' bring much
accuracy improvement for our simple 3-stage gesture. The railt supports our



previous claim that an n-state HMM can model a dynamic proces with n stages
well.

5 Conclusion

We have introduced the VICs approach to vision-based interation. VICs stems
from our experience using locally activated iconic cues to évelop simple vision-
driven interfaces. In particular, we have identi ed two central problems to be
solved: (1) developing reliable foreground-background dgiambiguation and (2)
incorporating dynamics into gestures. We have shown that, g¢zen good solu-
tions to the former problem, the latter can be addressed usig standard HMM
techniques.

Our immediate goal for the VICs project is to create 2.5D surfce-anchored
interfaces. To this end, we have developed a set of fast suda recovery tech-
nigues to place two recti ed images in correspondence [6],rad we are currently
extending the results reported in this paper to a two-camerasystem. In the lat-
ter case, the HMM input will be data from both images, and the goal will be to
recognize that the user is pressing a button as if it appearsmthe underlying
surface.

Currently, we use general HMMs to train and recognize di erent gestures.
However, other techniques, such as an HMM based on minimum aksi cation
error and duration-HMMs, could help to improve the recognition performance
of the system. We are also interested in expanding our gester set to allow
richer and more complex interaction, such as triggering a sitch, twisting a dial,
dragging an icon, etc.
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