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Abstract
1 This paper presents a perceptual interface for visualiza-
tion navigation using gesture recognition. Scientists are
interested in developing interactive settings for exploring
large data sets in an intuitive environment. The input con-
sists of registered 3-D data. Bezier curves are used for tra-
jectory analysis and classification of gestures. The method
is robust and reliable: correct hand identification rate is
99.9% (from 1641 frames), modes of hand movements are
correct 95.6% of the time, recognition rate (given the right
mode) is 97.9%. An application to gesture-controlled vi-
sualization is also presented. The paper advances the
state-of-the-art of human-computer interaction with a ro-
bust attachment- and marker-free gestural information pro-
cessing for visualization.

1. Introduction
1.1. Motivation
Large and complex data sets are produced at a more rapid
pace than tools and algorithms for their processing, analy-
sis, and exploration. For example, nearly a terabyte of satel-
lite data is produced daily. Advanced physics simulation at
Lawrence Livermore National Laboratory (LLNL) is gener-
ating large data sets, which are expected to increase to one
terabyte every five minutes by 2004.

Among the tools used to help explore and understand
large data, visualization aids in gaining greater insight into
important physical parameters (such as temperature, height,
stress, velocity or pressure) and in finding anomalies. State-
of-the-art visualization displays keep pace with the data re-
quirements. For instance, a “power wall” (Figure 1(a)) is a
15-projector system that displays approximately 19.7 mil-
lion pixels on a 16- by 8-ft screen. Systems like this allow
for detailed data analysis and team collaboration. However,
applying even simple commands to the data (such as zoom,
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rotation and translation) requires a secondary, or “back-
ground,” communication process between scientists work-
ing with the data (see the two standing by the screen in
Figure 1(a)) and the “operator” responsible for executing
selected commands (sitting, left). This reduces productivity
of the team and affects quality of presentations.

Therefore, scientists are interested in developing new, in-
teractive settings for exploring their data in a more intuitive
environment. A gesture-recognition system can interpret
commands and supply data manipulation parameters to vi-
sualization software (Figure 1(b)) without having an “oper-
ator” involved in the process.

1.2. Previous Work

A significant amount of work is being performed in the
area of recognition, where Hidden Markov models (HMMs)
are often employed successfully [6, 12] by allowing re-
searchers to address the highly stochastic nature of human
gestures. Yacoob and Black proposed parameterized rep-
resentation of human movement in the form of principal
components [13]. Bobick and Wilson [2] treated gesture
as a sequence of states and computed configuration states
along prototype gestures. Yang and Ahuja [14] used motion
trajectories for recognition. Hong et al. [3] treated each ges-
ture as a finite state machine (FSM) in the spatial-temporal
space; FSMs were trained using k-means clustering. Hongo
et al. [4] performed recognition by a linear discriminant
analysis in each discriminant space by using four directional
features. The only published method based on paramet-
ric curves was reported by Lee and Xu [5]. A review by
Aggarwal and Cai [1] classified approaches to human mo-
tion analysis, the tasks involved, and major areas related
to human motion interpretation. A review by Pavlovic et
al. [7] addressed main components and directions in ges-
ture recognition research for human-computer interaction
(HCI). This research extends previous work with advances
in accuracy and robustness of the system, and in the speed
of stereo processing.
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(a) A 15-projector display with a total resolution of 6,400
by 3,072 used for interactive application.

(b) An example of interactive manipulation of isosurface
and volume rendering parameters.

Figure 1: The ”power wall” setup at LLNL. (Adapted with
permission from ACI Visualization brochure).

2. Framework
In this Section, we describe the method for recognizing
three gesture types: rotation, zoom, and translation. Given
the 3-D trajectory of the manipulating hand, we fit a Bezier
curve to the trajectory. The curvature of the curve is used to
determine the gesture.

Gesture recognition involves five steps:

1. Detecting the manipulating hand
2. Identifying the beginning of the gesture,
3. Detecting the end of the gesture
4. Computing the 3-D trajectory of the manipulating

hand
5. Recognizing the gesture by fitting the curve to the 3-D

trajectory.

These steps are described in separate Sections of this paper.

2.1. Manipulating Hand Detection
This presents a brief overview of the process. For more
details, please see [11].
Detecting skin regions. To identify a hand involved in vir-
tual object manipulation, the color image is converted to

the SCT color space to reduce lighting artifacts [10]. Skin
pixels are selected with a minimum distance classifier us-
ing Mahalanobis distance (the system contains skin statis-
tics collected off-line during training). After the noise re-
moval (by a sequence of erosions and dilations), the skin
image is segmented using connected component analysis.
Small regions or unlikely shapes are removed from further
consideration.
Identifying the hand involved in manipulation. We as-
sume that the hand gesture occurs in front of the body.
Therefore, the skin region closest to the camera is identi-
fied as the manipulating hand. We determine the 3-D loca-
tion of the region by using histogram-based noise filtering,
where all smaller bins are considered noise [11]. Hand ges-
tures can be classified in general as object manipulations
and other hand movements. Selection of meaningful ges-
tures is described next.

2.2. Gesture On, Gesture Off

We recognize the gestures for manipulation of virtual ob-
jects by “grabbing” them. Both grabbing and releasing are
detected by checking the area change of the hand. If the area
has decreased, then the hand is closed and therefore the ob-
ject is grabbed. If the area has increased, then the hand is
opened and therefore the object is released. Since the speed
of the hand closing and opening could vary, we build a his-
tory of hand area change. We accumulate the area change
on the past three frames. Grabbing is detected when the
accumulated change of area is less than -75%, and releas-
ing is detected when the accumulated change is greater than
75%. Note that the negative area change means the area
decreased.

Changes due to small movement or noise around the
hand area could occur, and these should not be counted to-
ward the determination of grabbing and releasing. There-
fore, we ignore change of area smaller than 15%. We as-
sume that the palm of the hand is facing the camera. No
side views are currently allowed. However, the overlap be-
tween the hand and the face is acceptable.

2.3. Bezier Curves

Representation and Properties A Bezier curve uses con-
trol points to represent a curve.

C(u) =

n
∑

i=0

Bi,n(u)Pi (1)

Points along a curve are determined by using u, 0 ≤
u ≤ 1. n indicates the degree of curve which is one less
than the number of control points. Pi is the ith control point
where P (0) = C(0) and P (n) = C(1). Bi,n is a Bernstein
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polynomial.

Bi,n =
n!

i!(n − i)!
ni(1 − u)n−i (2)

We use Bezier curves with three control points describing
quadratic curves. The Bernstein polynomials with n = 2
are shown below.

B0,2 = (1 − u)2 (3)

B1,2 = 2u(1− u) (4)

B2,2 = u2 (5)

Therefore, the equation for the Bezier curve with three con-
trol points is simplified.

C(u) = (1 − u)2 + 2u(1− u) + u2 (6)

Curve Fitting - General Method We use the curve ap-
proximation method described by Piegl and Tiller [8]. We
describe the method for fitting curves with n+1 control
points with m+1 data points.

A B-spline curve is described as

C(u) =

n
∑

i=0

Ni,p(u)Pi (7)

where 0 ≤ u ≤ 1. The details of finding Ni,p is left out
for now, since the values get very simple for Bezier curves
with 3 control points.

Given a set of 3-D points to fit Q0, . . . , Qm, we estimate
control points P0, . . . , Pn where m > n. ūk is computed
using the length of the curve up to Qk.

|Q| =
m

∑

i=1

|Qi − Qi−1| (8)

ūk =

∑k

i=1
|Qi − Qi−1|

|Q|
(9)

We first set P0 = C(0) = Q0 and Pn = C(1) = Qm.
We then estimate the unknowns which are the intermediate
control points P1, · · · , Pn−1 such that E is minimized.

E =

m−1
∑

k=1

|Qk − C(ūk)|2 (10)

For the system with (n+1) control points, the estimation
of P becomes solving

(NT N)P = R (11)

N =







N1,p(ū1) · · · Nn−1,p(ū1)
...

. . .
...

N1,p(ūm−1) · · · Nn−1,p(ūm−1)






(12)

where R is the vector of n − 1 points

R =







N1,p(ū1)R1 + · · · + N1,p(ūm−1)Rm−1

...
Nn−1,p(ū1)R1 + · · · + Nn−1,p(ūm−1)Rm−1







(13)
Each Rk is defined as

Rk = Qk − N0,p(ūk)Q0 − Nn,p(ūk)Qm (14)

P =







P1

...
Pn−1






(15)

P is a matrix with unknown control points in each row
where x, y, and z are stored as a separate element.

2.4. Recognition
Bezier Curve. A Bezier curve uses control points to repre-
sent a curve.

C(u) =

n
∑

i=0

Bi,n(u)Pi (16)

Points along a curve are determined by using u, 0 ≤ u ≤
1. n indicates the degree of curve which is one less than the
number of control points. Pi is the ith control point where
P (0) = C(0) and P (n) = C(1).

Good Input? The gesture is recognized using the tra-
jectory between grabbing and releasing. However, the ges-
ture is ambiguous if the movement is too small. Also, if
the trajectory contains abruptly sampled or too few points,
computing the shape of trajectory becomes difficult.

We consider the gesture to be invalid if the trajectory is
shorter than 20cm, if the trajectory is irregularly sampled, or
if the trajectory contains less than six points. We selected
the minimum number of points to be six because (1) we
observed that at least six points were needed to robustly fit
to three control points, and (2) we assumed that the gesture
roughly requires one or two seconds and the frame rate was
close to six frames/sec.

In order to determine irregularity, we have computed
Uk for all the points along the trajectory, then counted the
points in three bins ranging from [0.0, 0.33], [0.34, 0.66],
and [0.67, 1.0] with Uk values. If there are no items in any
of the three bins, we consider the trajectory to be invalid.

Determining Gesture Types. A geometric (rather than
statistical) model is motivated by the nature of the

application (representation of visualization operations)
and its requirements

(robustness and simplicity). Using its angle and direc-
tion, the trajectory is classified into rotation, translation or
zoom. Examples of three gestures are shown in Figure 2.
The inside angle at the middle point is used to recognize the
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Figure 2: Selected frames for three sample gestures: zoom
(top row), translate (mid row), and rotate (bottom row).
Hands used for manipulation are (automatically) detected
and shown in natural skin colors, whereas the rest of each
image is displayed as greyscale for visualization.

gesture from 3-D trajectory Using two end control points
(P0, P2) and the middle point (C(0.5)), we compute the
inside angle of triangle inside the curve (θ) by

~v10 = C(0.5) − P0 (17)

~v12 = C(0.5) − P2 (18)

~v10 · ~v12 = | ~v10|| ~v12|cos(θ) (19)

We classify “flat” trajectory as translation or zooming
while “curved” as rotation. The inside angle would be
smaller if the curve has high curvature. So if θ ≤ 100◦, then
we classify the gesture as rotation. Otherwise, the gesture
is translation or zooming. If the movement was mostly in
z direction, then we recognize it as “zooming” or otherwise
“translation.” To do so, we compute the ratio of the change
of depth between first and last control points vs. distance
between them.

|P2,z − P0,z|

|P2 − P0|
(20)

If the distance is greater than 0.5 then it is classified as
zoom, otherwise it would be a translation.

3. Results
Experimental setup consists of a Digiclops system (Point
Grey Research, [9]) on a Pentium 4 PC 1.5GHz with 512
MB RAM. The results are organized in four Sections: ma-
nipulating hand detection; manipulation mode detection;
gesture recognition; and overall performance. Testing data
set includes 100 gestures, 226 manipulation modes, and
1641 frames of manipulating hands of four people. We

have presented initial manipulating hand tracking results on
a smaller data set in [11]. The data was captured in an in-
door setting with varying natural light and a complex back-
ground. Four different people with various skin tones par-
ticipated in the experiments.

3.1. Manipulation Detection
Manipulating Hand Detection We detected the manipu-
lating hand correctly in 1639 of 1641 images (99.9%). Two
incidences of misdetection occured because the depth read-
ings of the manipulating hand and face were identical.

Evaluating Manipulation Detection. Each manipula-
tion mode is defined by the starting frame, end frame, and
its mode (on or off). We evaluated the manipulation mode
detection in four categories: correct, incorrect, over, and
under detection. Detected manipulation mode on and off is
shown as a bar as the frame number increase from left to
right. Upper bar is for Algorithm Detected (AD) and lower
bar is for Ground Truth (GT).

Figure 3: Evaluating Manipulation Mode Detection.

Four possible outcomes are classified below:

• Correct detection. AD and GT detections with at least
90% overlap in duration and same mode.

• Incorrect detection. AD and GT detections with at
least 90% overlap in duration but different mode.

• Over detection. Multiple AD detections with at least
90% overlap in duration with one GT detection with
same mode.

• Under detection. Multiple GT detections with at least
90% overlap in duration with one AD detection with
same mode.

Results. The results of manipulation mode detections
are shown in Table 1. The method correctly identified 216
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Table 1: Manipulating Mode Detection

data set correct incorrect over under total

1 19 0 0 0 19
2 35 0 0 0 35
3 11 0 0 1 13
4 24 0 0 1 25
5 8 0 0 0 8
6 30 0 0 0 30
7 31 0 0 0 31
8 16 0 0 1 19
9 18 0 0 1 21

10 24 0 0 1 25

total 216 0 0 5 226
total (%) 95.6 0.0 0.0 2.2 100.0

Figure 4: Two misidentifications of Manipulation Modes.
Area change of 63% does not meet the threshold of +/-75%

of the 226 modes (95.6%). All five underdetections were
due to missing the manipulation mode change (hand open-
ing or closing). For these five missed detections, the area
change was 63%, 74.7%, 71.4%, 68%, and -54%, which
did not meet the threshold of +/-75%. The hand detections
of 63% is shown in Figure 4.

3.2. Gesture Recognition

In order to compute the results of gesture recognition, we
have taken the correctly identified manipulation modes and
checked the recognition rate. Note that recognition rate is
evaluating the goodness of recognition rate by using Bezier
curve representation. The overall performance of evaluating
the correctness of recognition versus intended recognition is
shown in the next Section. The algorithm identified gestures
correctly 93 out of 95 times (97.9%). For the two incorrect
recognitions, the zoom gestures were recognized as rotation
by estimating the inner angle (θ) as 104.9 and 125.1. The
reason for the failure was due to using three-control points
bezier curve, and the curves in question were too concave
to be adequately described by three control points.

3.3. Overall Performance

Table 2: Overall Recognition Performance.

data correct incorrect missed total
recog mode recog

1 7 0 0 0 7
2 14 0 0 0 14
3 6 0 1 0 7
4 10 0 1 0 11
5 4 0 0 0 4
6 13 0 0 0 13
7 12 0 0 0 12
8 7 0 1 0 8
9 8 2 1 0 11

10 12 0 1 0 12

total 93 2 5 0 100

Overall performance is evaluating the number of cor-
rectly recognized gestures vs. the number of intended ges-
tures (shown in Table 2.) The algorithm correctly recog-
nized 93 out of 100 intended gestures. Note that in the pre-
vious Section, only 95 gestures were considered because
5 were not detected due to misdetection of manipulation
mode as shown in Section 3.1. Table 2 also shows the rea-
sons for five non-correct classifications of gestures. We
have divided those five incidences into “incorrect” if the
gesture was incorrectly recognized as wrong gesture and
“missed” if the gesture was not detected. “Incorrect” and
“missed” are then subdivided into failures of three steps:
“hand” (manipulating hand detection), “mode” (manipulat-
ing mode detection), and “recognition” (gesture recogni-
tion). Two gestures were incorrectly recognized due to a
small angle as mentioned in Section 3.2. Three gestures
were missed because the mode detection underdetected the
gesture as mentioned in Table 1. The system executed at the
rate of 5.5 frames/sec.

We obtained average of 5.5 frames/sec with Dynamic
Disparity Range Adjustment [11], and 3.4 frs/sec without
it yielding the speed up of 60.1%.

3.4. Application to Virtual Manipulation
Figure 5 shows the application of recognized gestural com-
mands to a small virtual object. The complex virtual ob-
jects (3D view of two chromosomes) have been selected to
provide a visual illustration of discussed operations. The
results of three sequentially applied virtual manipulations
through gestures of rotation, zoom, and translation are
shown in Figure 5. Both recognition and visualization are
in real-time. The latter part is written in OpenGL. Real-time
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Figure 5: Example of Virtual Manipulation Application.
Three sequential manipulations are shown. The red arrows
are super imposed on images to enhance the appearance of
gesture trajectories.

visualization of large data sets represents a significant bot-
tleneck, which is currently under investigation by various
research groups.

4. Conclusions
Visual data exploration has tremendous capabilities for re-
vealing properties and abnormalities in large data sets. This
paper described a gesture recognition system for visualiza-
tion navigation. Scientists are interested in developing in-
teractive settings for exploring large data sets in an intu-
itive environment. The input consists of registered 3-D data.
Bezier curves are used for trajectory analysis and classifica-
tion of gestures. The method is robust and reliable: cor-
rect hand identification rate is 99.9% (from 1639 frames),
modes of hand movements are correct 95.6% of the time,
recognition rate (given the right mode) is 97.9%. It ad-
vances the state-of-the-art of human-computer interaction
with a robust attachment- and marker-free gestural informa-

tion processing for visualization. An application to gesture-
controlled visualization is also presented. Future work in-
cludes defining a larger set of gestures based on the basic
movements already analyzed, using two hands in manip-
ulation, and creating actual hand models for detection of
smaller, more subtle gestures.
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