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Abstract Motion prediction is important for the realization of “proactive” gesture-based man-machine in-

teraction systems, which can react in various ways before the end of user’s action. In this paper, two motion

prediction methods are proposed. The first method is based on a naive extrapolation using a reference gesture.

The second method is based on eigen-gestures, which represent typical spatial and temporal variations from the

reference gesture. Experimental results show that the second method outperforms the first method because the

eigen-gestures are useful to compensate various changes in input gestures.

Key words gesture recognition, prediction, eigen-gesture, principal component analysis

1. Introduction

Motion prediction is an important task for sophisticated

gesture-based man-machine interaction systems. If a sys-

tem predicts user’s subsequent posture, the system can re-

act in advance to the end of user’s action. This “proactive”

reaction will help users in various ways. For example, the

user can stop her/his action after the system determines

its prediction and start appropriate reaction. In addition,

the system can provide intelligent advice for the user if the

prediction result indicates user’s failure.

In this paper, two recognition-based motion prediction

methods are proposed. Both of those methods are com-

monly based on early recognition of gestures. The early

recognition is a technique for determining the category of

a current gesture in its beginning part. For example, the

category “hurrah” is determined at the moment that both

hands begin to rise.

The first motion prediction method is a simple method

where the subsequent posture is predicted by a naive ex-

trapolation. The second motion prediction method is a

more sophisticated method where the subsequent posture

is predicted as a linear combination of several principal

gestures, called eigen-gestures, which represent spatial and

temporal variations of input gestures.

The second motion prediction method is related to the

past trials on the principal component analysis (PCA) of

gestures (e.g., [1], [2]). In addition, it is related to the

past image interpolation techniques using PCA, since our

prediction problem can be considered as a kind of inter-

polation/extrapolation problem. Amano [3] has proposed

PCA-based image interpolation methods, called BPLP and

kBPLP, for recovering missing pixels on an image. Naster

et al. [4] have proposed an image warping method with

PCA-based constraints and applied it to an image inter-

polation problem. The latter method can be considered

as an extension of those PCA-based image interpolation

methods to motion prediction.

2. Early recognition of gestures – outline

All of the proposed motion prediction methods are based

on gesture recognition. Let a vector sequence rc =

rc,1, . . . , rc,t, . . . , rc,Tc be the reference gesture of the cate-

gory c where rc,t is a D-dimensional feature vector repre-

senting the posture of a user at the frame t. For example,

rc represents a typical posture sequence of a gesture “bye”.

Similarly, let a vector sequence x = x1, x2, . . . , xτ , . . . , xT

be an input gesture1. A conventional gesture recognition

algorithm can estimate the category c = c∗ of the input

gesture by matching the entire sequence of rc to the entire

sequence of x under nonlinear frame alignment to com-

pensate temporal difference between two gestures. In this

paper, we use a dynamic programming (DP) matching al-

gorithm [5], [6] for nonlinear frame alignment.

1For simplicity, we assume that x comprises a single gesture, al-

though we can easily extend the proposed method to deal with ges-

ture sequences.
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Figure 1 Illustration of two motion prediction methods: (a)

Prediction based on simple extrapolation. (b) Predic-

tion based on a linear combination of (spatial) eigen-

gestures.

Instead of the above conventional algorithm, an early

recognition algorithm is developed for the motion predic-

tion methods which are discussed later. The early recog-

nition algorithm can estimate not only the category c = c∗

but also the frame t = t∗ corresponding to the current in-

put frame τ by matching the beginning part of the reference

rc,1, . . . , rc,t to the beginning part of the input x1, . . . , xτ

(Fig. 1(a)). An early recognition algorithm, which is re-

alized by modifying the conventional DP-based matching

algorithm, is detailed in Appendix.

3. Motion prediction based on simple
extrapolation

A simple motion prediction method is described in this

section. The method utilizes the result of the early recog-

nition algorithm, i.e., (c∗, t∗) and predicts the subsequent

posture at the frame τ + δ as

x̂τ+δ = rc∗,t∗+δ. (1)

Figure 1(a) illustrates this prediction method. The pre-

diction method employs the extrapolation where the ref-

erence gesture itself is used as the predicted posture. If

there is neither spatial variation nor temporal variation,

we can expect good accuracy by the prediction method.

Conversely, if an input gesture varies from the reference

gesture spatially and/or temporally, the prediction accu-

racy will be degraded.

4. Motion prediction based on eigen-
gestures

4. 1 Estimating eigen-gestures

This section describes another motion prediction method

based on “eigen-gestures”, which are introduced for cop-

ing with spatial and temporal variations of gestures. This

section describes a procedure for estimating the eigen-

gestures. The eigen-gestures are comprised of two compo-

nents; spatial eigen-gestures and temporal eigen-gestures.

4. 1. 1 Spatial eigen-gestures

The spatial eigen-gestures represent frequent spatial vari-

ations of the gestures of a category. Let yc,n denote the

nth (n = 1, . . . , N) training sample of the category c. Then

a spatial difference vector vs
c,n of yc,n from rc is defined

as

vs
c,n =

(
vs

c,n,1 · · · vs
c,n,t · · · vs

c,n,Tc

)
, (2)

where vs
c,n,t is a D-dimensional vector defined by

vs
c,n,t = yc,n,ρt − rc,t. (3)

The vector yc,n,τ denotes the τ th frame of yc,n. The func-

tion τ = ρt denotes the nonlinear frame alignment between

yc,n and rc optimized by the DP matching algorithm.

The spatial eigen-gestures are defined as principal com-

ponents of a set of the spatial difference vectors and thus

represent frequent posture variations of the category. Al-

though training samples have different frame lengths, all

the spatial difference vectors {vs
c,n | n = 1, . . . , N} have

the same dimensionality (Tc · D) by the nonlinear frame

alignment, τ = ρt. This equi-dimensionality of the spatial

difference vectors allows having their (Tc · D) × (Tc · D)

covariance matrix Σs
c and mean vector µs

c. The spatial

eigen-gestures {us
c,k | k = 1, . . . , K} of the category c are

then provided as the principal components, i.e., the eigen-

vectors of Σs
c with the K largest eigenvalues.

4. 1. 2 Temporal eigen-gestures

A temporal difference vector vt
c,n of yc,n is defined from

the nonlinear frame alignment τ = ρt, which is already

provided for the spatial difference vector. Specifically, the

tth element of vt
c,n is the difference ρt−t. Similarly to vs

c,n,

the temporal difference vectors {vt
c,n | n = 1, . . . , N} have

an equi-dimensionality, Tc, even though training samples

have different lengths. Thus, we have their Tc × Tc co-

variance matrix Σt
c and mean vector µt

c. The temporal

eigen-gestures {ut
c,l | l = 1, . . . , L} of the category c are

then provided as the eigenvectors of Σt
c with the L largest

eigenvalues.

4. 2 Prediction using eigen-gestures

In this section, a motion prediction method using the
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Figure 2 Prediction of temporal variation using temporal eigen-

gestures.

spatial eigen-gestures is firstly described in 4. 2. 1 and then

another motion prediction method using both the spatial

and the temporal eigen-gestures is described in 4. 2. 2.

4. 2. 1 Prediction with spatial eigen-gesture only

Since the spatial eigen-gestures span a subspace of fre-

quent posture variations, any spatial variation can be ap-

proximated by a weighted linear combination of the spatial

eigen-gestures. Thus, if there is no temporal variation, we

can predict the posture x̂τ+δ at the current frame τ by

x̂τ+δ = rc∗,t∗+δ +

(
µs

c∗,t∗+δ +

K∑
k=1

αkus
c∗,k,t∗+δ

)
, (4)

where us
c,k,t is the tth frame of the spatial eigen-gesture

us
c,k and αk is its weight. The prediction method of (4)

is comprised of the simple prediction term of (1) and a

spatial variation term based on the spatial eigen-gestures.

Figure 1 (b) shows an outline of the motion prediction

method based on the spatial eigen-gestures.

The weight αk is determined by fitting the beginning part

of the input (i.e., the observed part of the input, x1, . . . , xτ )

to the model (4). The optimal fitting is formulated as the

minimization problem of the following criterion:

I(α1, . . . , αK)

=

t∗∑
t=1

∥∥∥∥∥
{

rc∗,t +

(
µs

c∗,t +

K∑
k=1

αkus
c∗,k,t

)}
− xρt

∥∥∥∥∥ ,(5)

where ρt denotes the nonlinear frame alignment between

x1, . . . , xτ and rc∗,1, . . . , rc∗,t∗ and is already provided dur-

ing the early recognition process for the interval t ∈ [1, t∗].

The minimization of I with respect to α1, . . . , αK is a sim-

ple least square error problem and thus has a closed form

solution.

4. 2. 2 Prediction with spatial and temporal eigen-

gestures

Now, we introduce the temporal eigen-gestures into (4)

Figure 3 Snapshot of six gestures.

for coping with temporal variations. Under a temporal

variation, we cannot assume that the (τ + δ)th frame of

an input gesture will correspond to the (t∗ + δ)th frame of

the reference pattern; it will correspond to the (t∗ + ε)th

frame (ε |= δ). Thus, the prediction equation (4) should be

modified as

x̂τ+δ = rc∗,t∗+ε +

(
µs

c∗,t∗+ε +

K∑
k=1

αkus
c∗,k,t∗+ε

)
. (6)

For the prediction of x̂τ+δ using (6), we should deter-

mine ε. This determination can be done with the temporal

eigen-gestures {ut
c,l,t | l = 1, . . . , L}. Since the temporal

eigen-gestures span a subspace of frequent temporal varia-

tions of the category c, their linear combination can repre-

sent any temporal variation of x from rc. Considering the

frame correspondence illustrated in Fig. 2, the following

equation holds:

τ + δ = µt
c∗,t∗+ε +

L∑
l=1

βlu
t
c∗,l,t∗+ε. (7)

This equation determines ε, if δ and {βl} are given.

Since the prediction length δ will be specified by users,

{βl} should be determined for fixing ε. This can be done

by fitting the linear combination model of ut
c∗,l to the ac-

tual frame alignment ρt (i.e., the actual temporal variation

of x) for 1 <= t <= t∗. The optimal fitting is formulated as

the minimization problem of the following criterion:

J(β1, . . . , βL)

=

t∗∑
t=1

∥∥∥∥∥
{

t +

(
µt

c∗,t +

L∑
l=1

βlu
t
c∗,l,t

)}
− ρt

∥∥∥∥∥ . (8)
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Figure 4 Spatial eigen-gestures for “step”. Among 12 features,

x-axis of left leg (upper), y-axis of left leg(middle) and

z-axis of left leg (lower) are plotted.
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Figure 5 Temporal eigen-gestures for “step”.

The minimization of J with respect to β1, . . . , βL is also a

simple least square error problem.

5. Experimental results

Motion prediction experiments were conducted using

about 600 samples of six gesture categories (i.e., about 100

samples for each category). Figure 3 shows the six cate-

gories, “stop”, “hurrah”, “point”, “point myself”, “kick”,

and “step”. Among the 100 samples, 50 samples were used
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Figure 6 Cumulative proportion of spatial eigen-gestures.
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Figure 7 Average prediction error.

as training samples for the estimation of the eigen-gestures.

The remaining 50 samples were used as test samples for

performance evaluation.

Each gesture sample was represented by a sequence of 12-

dimensional feature vectors (i.e., D = 12). The elements

of the feature vector were the relative 3-D position of both

hands and feet to the head. The position was acquired by

real-time stereo measurement (camera: Sony DFW-X700,

15 frames/s).

5. 1 Estimated eigen-gestures

The spatial and the temporal eigen-gestures of each cat-

egory were estimated from the spatial and the temporal

difference vectors, {vs
c,1, . . . , v

s
c,50} and {vt

c,1, . . . , v
s
c,50},

respectively. Those difference vectors were obtained via

DP matching between one reference pattern rc and each

of the 50 training samples (i.e., N = 50).

Figure 4 shows top three spatial eigen-gestures for “step”,

which is comprised of one cycle of a step action (that is,

each of two legs is lifted once). Among the 12 features,

three features, the x-axis of left leg position (i.e., forward

direction), the y-axis of left leg position (i.e., right-to-left

direction) and the z-axis of left leg position (i.e., height of

the left leg) were plotted in this figure. The spatial eigen-

gestures for the z-axis of left leg position commonly repre-

sent the heigh variation at the peak of leg lifting. Those

for the x-axis and y-axis show rather different motions.
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tion methods.
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Figure 9 Predicted left leg motions for “step” by Method 2b

with different numbers of spatial eigen-gestures.
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Figure 10 Predicted left leg motions for “step” by Method 2b

with different numbers of temporal eigen-gestures.

Figure 5 shows temporal eigen-gestures for “step”. The

first temporal eigen-gesture explicitly shows the speed

change at lifting a leg.

Figure 6 shows the cumulative proportion of the spatial

eigen-gestures of each category. Every cumulative propor-

tion shows an early saturation and thus indicates that the

spatial variations of gestures have category-specific tenden-

cies.

5. 2 Prediction accuracy

The following three prediction methods were compared

in terms of prediction accuracy:

Method 1. The prediction based on the simple extrapola-

tion of (1). A mean gesture of the category c was employed

as a single reference gesture rc.

Method 2a. The prediction based on (4). That is, only

spatial eigen-gestures were used.

Method 2b. The prediction based on (6). That is, both

the spatial and the temporal eigen-gestures were used.

Figure 7 shows prediction error averaged in all categories

as a function of τ/T , which represents the proportion of the

beginning part used for prediction. The prediction error

was defined as
∑T−τ

δ=0
‖x̂τ+δ − xτ+δ‖. Three spatial eigen-

gestures were used in Method 2a, whereas five temporal

eigen-gestures were also used in Method 2b. As shown in

Fig. 7, Method 2b attained the highest accuracy among

the three methods at most of τ/T .

5. 3 Predicted motion

Figure 8 shows the left leg motions for “step” predicted

by Methods 1, 2a and 2b. The proportion τ/T was fixed at

0.5, that is, the latter half of a gesture was predicted from

the former half observed. Method 1 has provided a poor

prediction result; for example, the predicted peak (i.e., the

highest point of the left leg) is different from the actual

peak in its height and time (frame). The result by Method

2a shows a good accuracy in its height because the spatial

eigen-gestures could represent spatial variation from the

reference pattern. The result by Method 2b shows near-

perfect accuracy in its time as well as height; the temporal

variations were successfully compensated by the temporal

eigen-gestures.

Figure 9 shows the prediction results by changing K, i.e.,

the number of spatial eigen-gestures. As K increases, the

spatial difference difference between the predicted motion

and the actual input motion is minimized. Figure 10 shows

the prediction results by changing L, i.e., the number of

temporal eigen-gestures. As L increases, the temporal dif-

ference is minimized. Although these figures show only the

height of the left leg, positional differences at other parts

(hands and right leg) were also minimized successfully by

the eigen-gestures.

6. Conclusion

In this paper, two motion prediction methods have been

investigated for the realization of “proactive” gesture-

based man-machine interaction systems. While the both

methods utilize early recognition results of gestures, those

methods are different in their prediction models. One

method is based on a simple extrapolation model and out-

puts a part of a reference gesture directly as its prediction

result. The other method is based on a more sophisticated

model where a reference gesture and eigen-gestures, which
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represent typical variations from the reference gesture, are

combined linearly. Experimental results have revealed that

the latter method could attain better prediction results be-

cause of its ability to deal with various changes in input

gestures.

Future work includes the improvement of gesture pre-

diction models. The model based on the linear combina-

tion of the eigen-gestures can be extended by some kernel

PCA for a more compact representation of the variations of

gestures. User-independent/dependent eigen-gestures also

should be investigated.
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Appendix

1. Early recognition algorithm

The early recognition algorithm is based on DP match-

ing shown in Fig. 11. Specifically, the algorithm provides

c∗ and t∗ by matching the beginning part of the reference

rc,1, . . . , rc,Tc to the beginning part of the input x1, . . . , xτ .

The following pseudo-code illustrates the algorithm.

Step 1: For each input frame τ = 1, 2, . . . 1, repeat Step

2-4.

Step 2: For each category c = 1, . . . , C, repeat Step 3.

Step 3: For each frame t = 1, . . . , Tc, calculate the fol-

lowing DP-recurrence equation:

gc,t(τ )

=min

⎧⎪⎨⎪⎩
gc,t−1(τ − 1) + 3dc,t(τ ) (a)

gc,t−1(τ − 2) + 2dc,t(τ − 1) + dc,t(τ ) (b)

gc,t−2(τ − 1) + 3dc,t−1(τ ) + 3dc,t(τ ) (c)

,

(A·1)

where dc,t(τ ) represents local distance between xτ and rc,t

i.e.,

dc,t(τ ) = ‖xτ − rc,t‖. (A·2)

The value gc,t(τ ) becomes the minimum accumulated dis-

tance (i.e., matching cost) up to the node at c, t, and τ .

In (A·1), (a), (b), and (c) correspond to the path (a), (b),

and (c) in Fig. 11, respectively.

Step 4: The early recognition result at the frame τ is

provided as

(c∗, t∗) = argmin
c,t

(gc,t(τ )/t) . (A·3)

Only the discrimination rule of Step 4 distinguishes the

above early recognition algorithm from conventional DP-

based recognition algorithms. Comparing to the conven-

tional rule

c∗ = argmin
c

gc,Tc(τ ),

the early recognition rule (A·3) allows the beginning part

of reference pattern rc,1, rc,2, . . . , rc,t (t < Tc) to be a

matching candidate. In consequence, the discrimination

rule (A·3) provides recognition results before the end of an

entire gesture. Note that the path in Fig. 11 shows the

nonlinear frame alignment ρt, which is used to provide the

spatial and the temporal eigen-gestures.
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