Reconstruction of 3D Human Movement Using Inverse Analysis
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Abstract

A system which reconstructs 8D human movement
from a stream of 2D input images is developed. The
system finds the 3D shape and motion of the human
body by fitting a simple skeleton model to the mark-
ers found in the 2D image. The fitting is done using
a nonlinear optimization approach. This optimization
is essentially difficult because depth information can
not be obtained from 2D image. In order to over-
come this problem, inverse analysis technique which
takes account of the following four kinds of a priori
information are applied: 1 Human body can be ezhib-
ited by versatile skeleton model. 2 Joint angles have
their limits. 8 Human motion is smooth. 4 Human
keeps one’s balance in slow motion. We reconstructed
human movement from a real video images by this
method in order to demonstrate its applicability.

1 Introduction

The human body motion is an “object” that can
assume a great variety of complex postures. 3D recon-
struction of these postures poses a challenging vision
problem whose solution has a great practical interest.
For instance, in the field of computer interface, com-
puter animation, and virtual reality, a motion tracking
is an indispensable technology. Various methods have
been developed for this purpose. Among these meth-
ods, the video based systems have advantages because
of the economical aspects and the non-contact mea-
surement. [1] [2] [3] [4]

In this paper, the system which reconstructs 3D hu-
man movement from a stream of the 2D input images
(see Fig.1) was developed. This problem is essentially
ill-conditioned because depth information can not be
obtained from 2D images.

To determine the final feasible body structures a
priori information of human motion, e.g. physical and
motion constraints were implemented in the inverse
analysis.
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Figure 1: Sample of original Images

2 Reconstruction Procedure Using In-
verse Analysis

2.1 Human body model

Since our system uses 2D images as inputs, the
depth information is limited. In order to overcome
this shortage of the depth information, we introduced
3D human model as a priori information.

Actual human body has over 80 degree of freedoms.
For simplicity, our human body model consists of 10
major joints and its degree of freedom is 34. This 34
parameters are denoted as a 34 dimensional posture
vector 0; , where the subscript ¢ is a time.

Figure 2 shows our human model. Each joint has
its own degree of freedom as indicated in figure 2, and
each size of body segment is given.

Using direct kinematics, locations of all markers can
be calculated in 3D space from the posture vector 6;.
Applying a knowledge of computer graphics analysis,
2D coordinates of markers on screen g(6:) can be ob-
tained easily[5].

2.2 Improvement of accuracy by singular
value decomposition

Let g, be the 2D coordinates of markers in source
image at t. Therefore, the problem considered in this
paper is to find posture vector 6 for each ¢ by solving
the following non-linear equation.

g: = 9(6:) 1)



Joint name D.OF.
1. Body center 6
2. Left hip 3
3. Left knee 1
4. Left ankle 3
5. Right hip 3
6. Right knee 1
7. Right ankle 3
8. Lumber 3
9. Neck 3
10. Left shoulder 3
11. Left elbow 1
12. Right shoulder 3
13. Right elbow 1
:6- = Z
ceU>» <
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Figure 2: Skeleton model

For simplicity, the subscript ¢ is omitted in the follow-
ing except the necessary case.

Here, we assume the function g(@) written in(1) is
smooth and we obtain the solution by iterative calcula-
tion with linearization around the estimated solution.
Equation (1) can be linearized around j-th estimated
solution @’ as the following equation.

g(69) —g = H3 (691! — 69) (2)
where, H7 is a matrix which is given by:
HI = Vg(6?). (3)

Applying standard NewtonRaphson method, j+1-
th estimated solution can be calculated by:
671 =07 — oI [HI T (9(6%) -9) (4

where, o’ is a correction coefficient.

However, the calculation of [H?]™! in eqn.(4) is
unstable, because the shortage of depth information
makes this problem ill-conditioned. In order to avoid
this unstable calculation, we introduced the singular
value decomposition.

First, the singular value decomposition[6] is per-
formed on H? as the following equation:

Hi =Uipivi* (5)
where, U7, VI are 36 and 34 dimensional orthonormal
matrices, respectively, and D is (36 x 34) diagonal
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matrix which diagonal components o1, 02, -,0r(R =
Rank(A)) are singular values.

Some singular values become small in the case of
ill-condition, and they cause magnification of errors.
In order to avoid such magnification of errors, small
singular values are omitted.

By using these matrices, the solution of Moore
Penrose can be represented as the following formula:

6+l = ¢ —o'H'(g(6%) - 5)
= & -VIDI'UI(g(6") -3) (6)
where, T is the general inverse of Moore Penrose,

Dt is (34 x 36) diagonal matrix which diago-
nal components are inverses of singular values:
1/o1,1/02,-++,1/0o.( r is the reduced rank by omit-
ting the small singular values).

3 Example Analysis
3.1 Extraction of markers

Figure 1 shows the sample of employed source im-
age. 18 markers, which were forming plastic balls with
a diameter of 4cm, were attached to human body.

We used a camcorder (SONY-DCR-VX1000) to
record a subject performs “Sumo Movement” for 4 sec-
onds. The recorded image data were input into work-
station. Its frame rate was 30frames/sec and its res-
olution was 300 x 300pizel.

In order to obtain 2D coordinates of 18 markers
in source image, the following procedures were per-
formed: (1)The image was smoothed and binarized
to eliminate noise and to extract the marker area(7].
(2)All 18 marker areas were labeled, and center of each
marker area was calculated by integration. We defined
g as a 36 dimensional vector which components are 2D
coordinates of 18 markers in source image.

3.2 Reconstruction using SVD

The 3D motion was reconstructed from video im-
ages by using eqn.(6).

Figure 3 shows the singular values of matrix H in
equation (6). The singular values are shown after nor-
malized by its maximum value. It can be seen that
the singular value drastically decreases around 25th
dimension. We truncated the rank to keep the condi-
tion number under 200 (see Cut-line in Fig.3). Around
8 ranks were truncated for this example.

Tterative calculation of equation (6) was stopped
when the following criterion was satisfied

|g — g(8)|* < 200[pixels’]

The converged solution 8; was used as an initial esti-
mation of next frame 67, ;.
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Figure 3: Normalized singular values

Figure 4 and 5 show the front and side view of the
reconstructed motion respectively. It is seen that the
front view shows the believable “Sumo Motion”, but
side view contains some strange frames.

A solution of equation (1) is not unique, since 2D
image is not sufficient for general recovery. In this
section, we employed a solution of Moore Penrose
to form a solution set of equation (1). A solution of
Moore Penrose is numerically stable, but does not
promise that it is the true solution.

4 Application of A Priori Information

In this section, we consider a priori information
about the human motion to improve the estimation
accuracy. In other words, we use a set of rules to ver-
ify the correctness of body postures.

In order to apply the a priori information, it is nec-
essary to obtain the solution set of equation (1) quan-
titatively as follows. By using V and D in equation(5),
the elements in the null space k? (z)of linear transform
H7 can be represented as the following formula:

ki(z) = Vi(I — Di'Di)z, V2 (7

where, z denotes 34 dimensional arbitrary vector, I is
the 34 x 34 identity matrix and small singular values
of DJ has already truncated. We will use r as the
number of ranks after this truncating procedure.

Because from 0 to r-th components of vector
(I — D" D)z are 0, all elements in the null space
can be represented as the following linear combination
of 34 —r number of vectors:

kj(z) = ’Ui+12r+1 =+ ’U‘:.+221.+2 + -4 1]34j234 (8)
where column vector v;'-i is the i-th column of the ma-

trix V3, 2; the i-th component of z. Thus the sum of
the solution of Moore Penrose and an element of the

185

wi | T
B m}’-
::m’»

\\“ ‘
£
\
=
\
e ‘ﬁ

o
L ]

.-....ﬁ'

oy
-ntl,
ema®R

=20
o

Yy,

v-uq\,d‘ "

14

¥

L.

|| =
%P, B
-
=
oY
‘l
'unl\l‘
3
%
}
‘u

L
youn Lo
b
2,
-y,
o, |
LulPw, 3
wnw,
’lli -
“"’i
*,

Figure 4: Reconstructed motion (front view)
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Figure 5: Reconstructed motion (side view)



( Start new frame )

Parameter
initialize

Select a solution
in a set of solutions

Calculate 3D locations of
characteristic points

S.V.D.and
reduce the Rank

Project characteristic points
in perspective

Yes

( Continue on next frame )

Figure 6: Algorithm

null space is an element of a solution space S+ for
eqn.2[8].

Si+l — {0:i+1|gj+1(z) =
07 — Hi'(g(67) — g) + k¥ (2), Vz}

We select the best solution which suit the a priori in-
formation from this solution set S7t1. The basic al-
gorithm to get this solution is shown in figure 6.

Four fairly general a priori information for human
movement are given below.

1. There are allowable ranges of human body joints.
2. Human body movements should be smooth.

3. A foot is fixed to the ground while it touches the
ground.

4. Body balance is always kept above its stance.

The solution which satisfies these four conditions was
selected out of solution space which was expressed by
equation 9. These four kinds of a priori information
are expressed as following.

4.1 Allowable ranges of human body
joints
Each human body joint has an allowable range.
These allowable ranges vary slightly from person to
person. A typical allowable ranges are given in Table
1 for some major joints. These data are employed for
constrains of posture vector 6
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Table 1: Ranges for
0s(z rotate of left hip)
0o (y rotate of left knee)
6010(x rotate of left ankle)
032(z rotate of right shoulder)
033 (y rotate of right elbow)

joint angles

-90 < 6 < 90 (deg)
0 < 6y < 180 (deg)
-90 < 610 < 90 (deg)
-90 < 632 < 90 (deg)
-180 < 633 < 0 (deg)

4.2 Smoothness of movement

We applied a knowledge that human motion is con-
tinuous and smooth by selecting the nearest solution
from @,_, as a solution at t-th frame @271, That

. At i 5
is, 91 was calculated by minimizing following cost
function e in solution set S7*?.
% i1 2
e(2) = |1 - 637 (2)| ©)
where, 0;_; is a estimated vector at (t-1)-th frame.
Because, this cost function e can be expressed with
quadratic formula of z, the solution which minimizes

e can be obtained by calculating z by the following
equation:

de(z)
62i =

0, i=12;--34 (10)
where, z; is the i-th component of z.
4.3 Non-slip constraint of foot

Applying the knowledge of direct kinematics, the
3D coordinates of both foot ¢;y and c,s can be cal-
culated, where, ¢;s and ¢, s are coordinates of the left
foot and the right foot, respectively.

A priori information: “A foot is fixed to the ground
while it touches the ground ” is expressed as below:

if ci5_, (ét_l) ~ 0 then

cip(Bi-1) = ey (6911) (11)
if Crf_z (ét—l) ~ (0 then
cr.f(ét—l) = crf(0j+1) (12)

4.4 Body balance constraint

In case human movement is rather slow, the dy-
namics of human body can be assumed semi-static.
Under this assumption we can introduce the following
information:

o A body center is located above the stance.

Strictly, body center should be taken as a center of
gravity, but we just used a center of pelvis for simplic-
ity.

if crf_z(@t_l) ~(0 and clf_z(bt_l) ~ (0 then



crsa(74) ;th_z(aﬁl) = Cm_o(0911)
+1 j+1 ,
crsy(6777) '2*‘ cfy(0°77) _ Cm_y(03F1) (13)

if Crf_z(ét_l) ~(0 and C[f_z(ét_l) > 0 then
cf‘f-’c(ej+1) =Cmz (0j+1)
crf-y(0j+1) = Cm—y(0j+1) (14)

if C,—f_z(ét_l) >0 and le_z(ét—l) ~ (0 then
c1f2(09F1) = cm_o(6917)
clf-y(0j+1) = cm-y(0j+1) (15)

where, ¢rfi , Cif_i » Cm_i are 3D coordinates of the
left foot, the right foot and the body center, and sub-
scripts ¢ = z,yandz correspond to each X,Y and Z,
respectively. dimension. It is noted that Z is a verti-
cal axis.

5 Example Reconstruction using A

Priori Information

A 3D motion was reconstructed from video images
which recorded in section 3.1 with four kinds of a priori
information.

Figure 7 and 8 show the front and the side view of
the reconstructed motion, respectively.

It is seen that the both figures show a believable
“Sumo Motion”. It is noted that an iterative calcula-
tion converges around 7-th step for each frame.

6 Conclusion

In this paper, we have provided a method to recon-
struct human motion from a single view. This problem
is originally ill-conditioned, because 2D single view is
not sufficient for general recovery of 3D motion. In
order to overcome this ill-condition, inverse analysis
method with a priori information is applied. The pro-
cedures is summarized as below:

1. Markers on feature points on the body are ex-
tracted from the processed input image.

2. Human body is modeled with 34 major joint an-
gles.

3. A inverse analysis is applied to fit this human
skeleton model to the marker locations found in
the image. The truncated singular value decom-
position is performed to obtain a solution space.
A unique solution which satisfies a priori infor-
mation: ranges of joint angles, a smoothness of
motion and a body balance is selected from this
solution set.
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Figure 7: Reconstructed motion (front view)

~,
%
o
N,
3
v,
S
et W

;.wnﬂl'”
o5

'}
Sanion

A
2

o
g

Lo 1

4 Jw «hv‘,"':.

w«bﬂ' A.....& ww‘;,’}" .‘..mw
A,,,,& . n:;"

"+
o

b
P ||ah

%

"‘"’1 ]
wagdl” ||+
\1
MM" Lo

Mill

Figure 8: Reconstructed motion (side view)



We reconstructed human movement from a real video
images by this method in order to demonstrate its
applicability.
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