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Abstract

A distributed virtual reality system allows remote
users to share and to view a common virtual
environment via connected networks. However,
network latency and bandwidth are often the most
crucial performance bottlenecks. We have recently
developed a distributed virtual walkthrough
environment that supports on-demand model
transmission over the Internet through the use of,
in addition to other techniques, a simple
prefetching technique called EWMA. Although the
prefetching technique has been shown to be
effective in predicting 3D motion during our
simulation experiments, it is less effective in our
prototype experiments. The main reason is that
most input devices used for navigation are 2D in
nature (mostly 2D mice) and EWMA is not too
€ffective in predicting user motion in moving a 2D
mouse. To overcome this limitation, we propose in
this paper a method for predicting the user motion
in moving the mouse during a 3D navigation. To
improve the accuracy of the prediction, we also
propose a constrained navigation method. We will
demonstrate the effectiveness of the new method
through experimental results.

1. Introduction

Tremendous improvement on 3D graphics has been
made over these three decades. Fueled by the
popularity of networking technology, computer
graphics may now be complemented with computer
networks to form a new type of graphics
application, called distributed virtual environments
(DVEs). Instead of interacting in a virtual
environment on a single machine, DVEs allow
multiple users at various geographical locations to
participate in the same environment over a network,
such as the Internet. Useful applications of DVEs
include remote training, education, virtual touring,
collaborative gaming and collaborative design [3, 8,
11].

Because DVE systems strongly rely on the
network, they suffer from some fundamental
problems. The major ones are bandwidth limitation
and network latency, in particular when the Internet

is used for communications. These problems are
mainly due to the typically large in size of the
geometry database.

There are two main approaches to distribute
virtual objects from the server to the clients in DVE
applications. Most systems, such as DIVE [6],
SIMNET [5], and VLNET [16], employ a complete
replication approach to distribute all geometry data
to the clients before the start of the application.
Since the geometry database is usually large in size,
this approach assumes the use of a high-speed
network in order to reduce pre-loading time.
Another approach to distribute geometry data is to
send them on demand to the clients [10, 17, 18] at
run-time. When the virtual environment is large, a
viewer would likely only visit a small section of it.
This approach requires only the visible region of
the environment to be transmitted to the client and
can thus reduce startup time and network traffics.
However, due to bandwidth limitation and network
latency, a prefetching technique is needed to
predict objects that will likely be visible to the user
shortly and download them from the server to the
client in advance.

A good prefetching mechanism relies on an
accurate prediction method, which predicts the
future positions of the user. An inaccurate
prediction method wastes both network bandwidth
and system resources. It even further reduces the
interactivity of the system. In practice, predicting
the future, including the user’s inputs, is a very
difficult and challenging task. It is impossible to
take into account of all the factors in the prediction.
Any unanticipated events may cause serious
prediction errors. Fortunately, it is possible to
obtain a reasonably accurate predictor, which can
improve the overall system performance.

We have recently developed a distributed virtual
walkthrough environment [7, 8] which supports on-
demand models transmission over the Internet
through the use of, in addition to other techniques,
a simple prefetching technique called EWMA.
Although the prefetching technique has been
shown to be effective in predicting user motion in
3D navigation during our simulation experiments,
it is less effective in our prototype experiments.
The main reason is that most input devices used for
navigation are 2D in nature (mostly 2D mice) and
EWMA is not too effective in predicting user



motion in moving a 2D mouse. To overcome this
limitation, we propose in this paper a method for
predicting the user motion in moving the mouse
during a 3D navigation. We will show towards the
end of the paper that the proposed prediction
method for 3D navigation is significantly more
accurate than existing methods.

The rest of the paper is organized as follows.
Section 2 investigates existing prediction methods
for navigation. Section 3 presents our motion
prediction method together with a constrained
navigation algorithm, which improves the accuracy
of the prediction. Section 4 briefly describes the
implementation of our prototype system. Section 5
compares our prediction method with other
methods experimentally. Finally, Section 6
concludes the paper with a discussion on possible
future work.

2. Related Work

In this section, several popular prediction
techniques, which may be employed for navigation
prediction, are investigated. Although most of them
are not tailor-made for DVE navigation, some of
the ideas can still be adopted. For example, systems
such as [1, 10] simply prefetch all possible future
scene objects according to the viewer’s velocity
and view angle. The amount of data prefetched is
thus far higher than necessary. A motion prediction
method specifically designed for 3D navigation is
therefore needed to reduce the amount of data
prefetched.

One kind of the path prediction method is the
statistical method using random process analysis
and past walking patterns. It is noted that most
users follow some regular paths when going, for
example, from home to the office. However, a user
may sometimes choose to have a path different
from his regular walking pattern. In [14], these two
situations are modelled separately. One is
responsible for the recognition of regular paths.
However, if a user does not follow his/her regular
paths, the predictor will estimate the future
movements using the Markov model, in which the
prediction is based on Markov process analysis.
Unfortunately, the analysis requires collecting a
large amount of data and may also involve
expensive computations.

Dead reckoning [9] is a popular technique used
in DVE systems to reduce the network bandwidth
in transmitting positional information of moving
objects. Each participating machine would run a
simulator to extrapolate or predict future states of a
moving object from its current state. There are
many possible ways to extrapolate the movement
of an object. The most popular method is the

polynomial predictor, which is included in the DIS
protocol of IEEE standard 1278. Designers may
choose an appropriate polynomial order to use in
the predictor, although the 2™ order polynomial
predictor is commonly used. The following are
some examples:

zero order: P, =P

first order: p,,=p+n*y
second order: p,,, =P+ n*v +0.5%n**a
where p is the initial position, p,, is the predicted

position, v is the velocity, a is the acceleration, and
nis time step at which p_, is to be predicted. This

method assumes that the motion model is
deterministic and follows a simple formula. In [19],
a hybrid approach was suggested. The first order
polynomial is used if the acceleration is either
minimal or substantial. Otherwise, the second order
one is chosen. Although it is a generic model for
many kinds of motion, human motion may not
behave according to some generic motion models.
In addition, if one moves in a virtual environment
and changes the acceleration rapidly, the prediction
error could be high.

Another prediction model is the EWMA scheme
as suggested in our previous work [7, 8]. The
model assigns different weights to former
movement vectors, with the current vector given a
weight of 1 and each subsequent vector decreased
by a factor of @, 0 < a < 1. Hence, the
relationship is:

rhwl =a rﬁq + (1-a)ﬁln
where m_, and M, are the predicted movement

n+1
vectors for step n+1 and n, respectively. M, is the

actual movement vector at step n. The EWMA
scheme can avoid using too much memory to store
the past user movement history and quickly adapt
to the change of the user’s moving pattern.
However, the predicted movement vectors always
depend heavily on the recent movement vectors. If
the walking pattern of a user is arbitrary, the
prediction results may become ineffective.

The Kalman-based predictor [2, 4] iS more
sophisticated than the polynomial predictor. It was
originally used to filter noise from the
measurement in a linear system. This is achieved
by minimizing the mean square estimation error in
a recursive way. In other words, it finds a solution
of minimal error, which is the difference between
the actual entity state and the observed or measured
entity state. It may work with the polynomial
predictor or other prediction models to further
reduce the prediction error. Similar to the
polynomial predictor or dead reckoning, this
method assumes the predicted motion to follow a
fixed motion model. Obviously, users’ navigation



patterns are usually arbitrary. It is very difficult to
find a motion model which fits all situations
perfectly. In addition, experimental results in [2]
show that the predictor performs not so well during
rapid movement, and the performance is similar to
the one without using the Kalman filter.

Apart from polynomial-based prediction, there
are customized prediction methods for specific
object motion. For example, in [13], an aircraft’s
movement is modeled as a circular path because it
typically moves spirally in their designed virtual
environment. This kind of specialized prediction
usually offers more accurate result because it takes
into account of the properties of particular objects
and extracts more information than the polynomial

predictor does. The tradeoff is the loss of generality.

3. Motion Prediction with Navigation
Constraints

Although some prediction techniques mentioned
above are developed for navigation and may have
shown to be effective when 3D trackers are used
for motion tracking, they are less effective when
applied in a desktop environment where 2D mice
are often used for motion tracking. This is because
when a user uses a 2D mouse as an input device for
3D navigation, a mapping step is needed to map the
2D mouse motion to the corresponding 3D
movement. Such a mapping changes the dimension
of motion coherence that existing motion
prediction techniques rely on in predicting future
movement. To overcome this limitation, we
propose in this paper a motion prediction method
for mouse-based navigation systems. To further
improve the accuracy of the prediction, we also
propose a constrained navigation algorithm to work
with the motion prediction method.

3.1. Prediction of Mouse Velocity

In order to accurately predict the mouse motion, we
need to construct a reliable motion model for a
moving mouse. Figure 1 shows a mouse motion
record captured from a sampled navigation step
with vertical mouse velocity plotted against time.
During the navigation, a number of pulses are
generated. A positive pulse represents a forward
movement and a negative pulse represents a
backward movement. A graph with similar pattern
can also be obtained from the horizontal (left and
right) component.
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Figure 1. Mouse motion in a sampled
navigation.

Figure 2 shows a plot of mouse acceleration
again velocity for one of the positive pulses shown
in figure 1. The trajectory of the scattered points
can be approximated by an ellipse which starts and
ends at the origin, in a clockwise direction. The
principle axis of the ellipse lies on the x-axis of the
graph and passes through the origin. The ellipse
can be formulated as follows:
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Figure 2. Acceleration against velocity for
a positive pulse.

For a negative pulse, the ellipse can be formulated
as

VP B 42V ABP+ APa%=0.........cun... 2
where V is the velocity, and a is the acceleration
(i.e., dv/dt). 2A and 2B are the lengths of the major
and the minor axes of the ellipse, respectively. We
may solve equations (1) and (2) by defining the
initial condition v=0 at t=0:

V=K, (CoS(K, 1) = 1) oo 3)
where K, and K, are arbitrary non-zero constants
related to A and B. K, is a positive value for a
positive pulse and a negative value for a negative
pulse. The width and height of a pulse determine
the absolute values of K, and K,. A wider pulse

causes a smaller absolute value of K,, and a higher
pulse causes a higher absolute value of K, .

From figures 1 and 2, we may observe that most
of the sample points will be concentrated around
the origin if low velocity motion is involved. In this
case, it is inappropriate to interpret the trajectory as
an ellipse due to the increased significance of the



noise or the distortion of the motion model. So, we
model low velocity motion with a generic formula
commonly used in dead reckoning:

V=Vo+a" Al “4)

where Vv, is the initial velocity, Vv is the velocity

after time At. When the velocity is high enough,
we switch to the ellipse model shown in equation
).

Note that K, and K, in equation (3) are

recomputed once a new pulse is detected. In
addition, t also needs to be reset to zero. When the
mouse velocity rises above a threshold value, it
signals the beginning of a new pulse. On the other
hand, when the mouse velocity drops near to zero,
it signals the end of the pulse.

3.2. Navigation Constraints

A virtual walkthrough is typically made up of
arbitrary velocity and acceleration changes, which
are hard to predict. The idea of having navigation
constraints is that it is not necessary to allow the
users to have all the possible freedoms of motion.
"Just giving them enough" can still achieve a
proper walkthrough without sacrificing the user's
perception of smoothness.

Some methods have been proposed to constraint
user motion in virtual environments [12, 15]. For
example, in a manipulation application [15], the
movement speed can be constrained. The speed can
be increased when the user is far away from
selected object. However, as the user moves near to
the object, the moving speed should be reduced.
Another example is navigation over a terrain model
[12]. The system may constraint the camera
orientation to be in line with the slope of the terrain
as the user walks on it.

Similar technique can be applied to virtual
walkthrough. Instead of having arbitrary velocity
and acceleration, we may constraint users’ motion
velocity and acceleration to certain values, as long
as they are not aware of such a constraint. If we can
reduce the number of possible motion states, we
may perform motion prediction with a greater
chance of success.

Our approach to constraining user motion in
virtual walkthrough is by reducing the freedom of
motion velocity. Let us define the mouse dragging
distance as the distance of the mouse current
position from its position when the user first
presses the mouse button to initiate a navigation
step. During a virtual walkthrough, the mouse
dragging distance d is computed and then quantized
into an integer number Q. q is then constrained
before sending to a mapping process which
converts the constrained ( into the actual
translation or angular velocity € in the 3D virtual

environment. Note that in a typical VRML browser
[20], for example, the vertical dragging distance
indicates the translation velocity, while the
horizontal dragging distance indicated the angular
velocity. Both of them are measured in pixels per
unit time. Since the vertical and horizontal
dragging distances are independent of each other,
we consider each of them independently and do the
prediction separately. For simplicity, we focus our
discussion on the prediction of the translation
velocity here, without any lost of generality.

The following code segment shows the
constrained algorithm:

0,., = Quantization(d __);
0, = Quantization(d, );

AQ=d, - Q]
if AQ = Max then

¢ = ConstrainedMapping( (,_, +Max)
elseif Max > Aq = 1 then

¢ = ConstrainedMapping(q,_, + 1)
else if AQ = 0 then

¢ = ConstrainedMapping((,,_, )
elseif-1 = AQ > -Max then

¢ = ConstrainedMapping( d,_, -1)
else if -Max 2 Aqthen

¢ = ConstrainedMapping( (,_, -Max);

where Max is a customized threshold value, which
is greater than 1. ConstrainedMapping() is a
monotonic increasing function passing through the
origin. With this algorithm, even though we
constrain the quantized dragging distance g, we
may still accelerate to any velocity in at most 2
time units.

This constrained algorithm restricts the number
of discrete values that can be reached from the
current value q to 5 (i.e,, gtMax, g+1, q, g-1, g-
Max), except when the mouse is released. In fact,
one can adjust the number of possible discrete
values. If an application requires more control and
freedom, we may increase the number. On the
other hand, if an application requires higher
prediction accuracy, we may decrease the number.
However, there is an exceptional case. If the user
stops suddenly by releasing the mouse button, the
user’s velocity value is set to zero immediately
whatever ( is. It is because stopping suddenly may
be a crucial action in navigation, such as preventing
from colliding with an obstacle or located the target
suddenly. In addition, if the user stops suddenly, no
data are required to be transmitted from the server.
So, any incorrect prefetching would not increase
the latency.

There is an advantage of the constrained
navigation. The prediction error is now being



bounded to IConstrainedMapping( D, , +Max) -
ConstrainedMapping( D, _, -Max)l, ignoring the case

of releasing the mouse button. No error is greater
than this.

4. Implementation

In this section, we look at how we may apply the
ideas presented in Section 3 in our motion
prediction method. Let us assume that we keep the
frame rate of the navigation system at 10 frames
per second. The system only needs to sample the
mouse location once every 0.1 second. However, in
order to have a more accurate prediction of the
mouse location at the next time frame, we sample
the mouse location once every 0.025 second and
we define 0.025 second as one time unit. Hence, for
each prediction, we need to compute the mouse
velocity of the next four time units. They are added
up together to become the final predicted mouse
position at the next frame. This predicted mouse
position is passed to the navigation algorithm to
determine the user’s future moving velocity in the
3D virtual environment. Note that we have to
perform two predictions (horizontal and vertical
speed) for each operation. So, both of them have
their own K, and K,. The prediction results are
then combined into a final velocity vector.

The Kalman filter is used with the predictor in
order to estimate parameters K, and K, in the
presence of noise, which may come from the
elliptic approximation of the motion and the
measurement. To apply the Kalman filter on
equation (3), K, and K, can be regarded as
components of the state vector in the filter and they
remain unchanged within a pulse. This is different
from [2] since our method does not take the
velocity and acceleration values as the components
in the state vector. Before the absolute velocity
value is high enough, equation (4) is used for
prediction. When the velocity reaches certain level,
equation (3) is used instead. However, the
preliminary values of K, and K, should be
determined first in order to update the state vector
in the Kalman filter. Let v, and Vv, be the first and
the second velocity values, respectively, taken
since the start of a pulse. (In fact, zero should be
the first value as shown in the previous section.
However, zero cannot be used to evaluate the
preliminary values of K, and K,.) So, we have:

V,= K, (COS(K,(1)-1) e, 5)
V,= K, (COS(K,(2)-1) ..o, 6)
By solving equations (5) and (6), we obtain

K, =2V, %/ (V,-4V,) e )

K,=CoS™ (V, /(2V,)-1) weeeiiiiiiiiiiieee (8)

where t will be incremented by 1 as we begin to
predict the next velocity value. The iteration
repeats until we have predicted four consecutive
velocity values, which are then added up to become
the predicted mouse position for the next step. If v,

or V, taken is not valid (say, one of them equals to

zero), the system will continue to use equation (4)
for prediction and both v, and v, taken previously

are ignored. Sometimes, t may reach 271/ K, . If

this happens, the predictor will terminate the pulse
and wait for the start of a new pulse.

5. Results and Discussions

We have implemented four prediction methods.

They are:

e Method 1 always predicts the next mouse
velocity as zero.

» Method 2 is new method proposed here.

o Method 3 is a 2™ order polynomial predictor with

Kalman filter [2].

e Method 4 is the EWMA with residual adjustment

(EWMA-R) [8].

We have studied the performances of these
methods with and without navigation constraints.
We conducted five sets of experiments. Each
corresponds to a different walking pattern. The
experiments are conducted on our prototype
application implemented using Openlnventor.
Figure 3 shows a view of the virtual environment
used in our test. It is obtained from a well-known
game called DOOM [21].
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Figure 3. Screen shots of our experimental
prototype.
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Figure 4 shows the walking pattern we used to
test the four prediction methods. In experiment #1,
we experimented the CP pattern, which models a



constant circular translation pattern. The user
moves circularly starting and ending at the same
location. In experiment #2, we experimented the
CCP pattern which models the same pattern as CP
except that the moving direction changes less
rapidly at each step. The remaining three
experiments perform the random walk (RW) with
various degrees of vigor. The more vigorous the
random walking pattern is, the more rapid is the
mouse motion. The degree of vigor is increased
gradually from experiment #3 to experiment #5.
All the experiments are performed on a PC with a
Pentium IIT 800MHz CPU and 128MB RDRAM.
The results are presented in the following figures
and tables.

Figure 4. Moving patterns: (a) CP, (b) CCP,
and (c) RW.

From tables 1 - 4, we may observe that EWMA-
R is not a good choice comparing with other
methods when a 2D mouse is used as an input
device. The method predicts 3D future movements
only from past 3D movements and ignores the fact
that all movements in the 3D environment are
induced by a 2D mouse. The other three prediction
methods, however, are based on predicting the
mouse motion. The experimental results clearly
indicate that the EWMA-R method produced a
much higher prediction error than the other three
methods.

Table 1. Errors in predicting angular
velocity without navigation constraints.
exp #1 exp #2 exp #3 exp #4 exp #5

method 1| 0.0161 | 0.00892 | 0.0183 | 0.0312 | 0.0423
method 2| 0.0177 | 0.00890 | 0.0173 | 0.0292 | 0.0653

method 3| 0.0306 | 0.0145 | 0.0281 | 0.0346 | 0.0574
method4| 1.18 1.15 0.866 0.887 0.737

Table 2. Errors in predicting translation
velocity without navigation constraints.
exp #l1 exp #2 exp #3 exp #4 exp #5

method 1 | 4.63 3.51 29.8 38.3 47.6

method 2 | 4.44 293 21.6 32.8 50.2
method 3| 12.8 10.2 50.5 43.7 624
method4 | 20.5 31.7 65.2 839 84.5

Table 3. Errors in predicting angular
velocity with navigation constraints.
exp #1 exp #2 exp #3 exp #4 exp #5

method 1| 0.00799 | 0.00521 | 0.00946 | 0.0138 [ 0.0150

method 2| 0.00620 | 0.00406 | 0.00642 | 0.00977 | 0.0104

method 3| 0.0108 | 0.007 | 0.00905 | 0.0104 [ 0.0118

method 4| 121 1.15 0.859 0.872 0.736

Table 4. Errors in predicting translation
velocity with navigation constraints.
exp #1 exp #2 exp #3 exp #4 exp #5

method 1| 3.52 2.90 16.3 18.7 20.7

method 2| 2.77 2.06 11.4 12.5 14.6

method3|  6.94 5.60 16.6 14.5 17.2

method4| 20.8 319 63.9 81.6 819

Figures 5 - 8 show the same results as tables 1 -
4 but in the form of bar charts. In order to compare
the performances of the other three methods, we
have not included the results of the EWMA-R
method due to its significantly higher prediction
error. Figure 9 shows the average mouse motion
speed, which is proportional to the degree of vigor
of the motion. From figures 5 to 8, we can see that
in general, the prediction error increases
proportionally with the average mouse motion
speed. Roughly, a higher speed may imply that the
walking pattern contains a higher frequency and
thus causes a higher error [2]. Another observation
is that the constrained navigation algorithm reduces
the prediction error significantly. It is because the
reduction in the degree of the freedom eases the
prediction as described in Section 4. It may also be
regarded as a low pass operation, filtering the
mapping of the high frequency portion of the
walking pattern to the actual 3D movement.

As shown in figures 5 and 6, the performance of
method 1 is good without navigation constraints,
given the simplicity of the method. This is mainly
due to the fact that during a 3D navigation with a
mouse, the user’s hand does not move most of the
time. We may also observe that our method
(method 2) is, in general, more accurate than
method 3, in particular when the average mouse
motion speed is low. This indicates that our method
performs better in low and moderate frequency
motions.

Figures 7 and 8 show a dramatic improvement in
performance for all methods. However, our method
is now better than all the other methods in all the
experiments. This is because the navigation
constraints filter the high frequency portion of the
motion, in experiment #5 in particular.
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Table 5 compares the computational costs of the
four methods. It is obvious that method 1 should be
the fastest of all. Method 4 is also very efficient
because of its simple computation. However, it
may be surprising to see that our method is faster
than the polynomial predictor with Kalman filter
(method 3) even though our method also uses
Kalman filter to estimate the values of the
parameters, K, and K,. The reason is that the state

vector used in the method 3 have a size of 3, while
those in our method only has a size of 2. Besides
the length of the measurement vector in method 3
is 2. It is greater than the one in our method, which
is 1 only because we only need the velocity value
to update our estimation on K, and K, in the

Kalman filter.



Table 5. Computational cost for each

rediction method.
method 1 method 2 method 3 method 4

lcomputation time

0.01 0.18 0.6 0.029

(in ms)

6. Conclusions

In this paper, we have proposed a motion
prediction method for predicting the motion of a
2D mouse during 3D navigation. We have
demonstrated the effectiveness of the new method
compared with other popular methods through
experiments. We are currently porting the method
to the distributed virtual walkthrough system that
we have developed. Extensive experiments will
then need to be conducted to find out the impact of
the proposed method on the hit ratio of the
prefetching mechanism and the overall system
latency. In addition, we will also look at how the
proposed method may benefit real applications
such as flight simulator and collaborative DVE.
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