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Abstract

Motion Capture(Mocap) Data has been widely used in animation industry and
filmland,but the Mocap data itself is very diffcult to capture and the capture operation
costs a lot. the post-process of Mocap data is also very hard for human.The segmen-
tation,retrieval,edit and synthesis of the Mocap data has become the focus of research

these years.

This paper returns to the segmentation of Mocap data,the recent segment algo-
rithm,for example,the PCA-SVD and GMM,will be discussed first.The Principal Com-
ponent Analysis(PCA) approach is based on the assumption that simple motion exhibit
lower dimensionality than more complex motions. In this paper,we project the com-
plex Mocap data onto a fixd r-dimensional hyperplane, check for a possible cut by
computing the derivative of the projection error;the underlying assumption of Gaus-
sian Mixture Model(GMM) is that different simple motions form separate clusters,we
estimate the GMM parameters firstly, a change of behavior is then detected where 2

frames belong to different clusters.

The real action is likely to be cyclical and repeated,for example, a long sequence of
mocap data often contains several same behaviours,thus the current algorithm cannot
effectively get a better classification segmentation.In this paper,we present two solu-
tions for classification segmentation based on the diversity and similarity of internal

information between different and same behaviors.

One approach is based on the projection error,the transform error will be larger.we
calculate the transform error with fixed number of principal component,compare to the

previous segmented frame to check if there is a new behavior.

The segment algorithm based on the projection error proved to be efficient for the
consecutive behaviors,however,when comes to inconsecutive ones,this approach seems

to cannot see great performance.

Considering that the principal components is likely to be similar between two
same behaviors,that means the position of the skeletons is similar.In this paper,we put
forward an segment algorithm on the basis of the component of behaviors,calculating
the distance between two segmented behaviors,judging if they are same behavior or

not,and we get the relatively reasonable result.

key words: Mocap data classification segmentation PCA GM M
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4.2: BELAE24EF I LI HEN1E: (a) forward jump and turn around; (b) jump
and walk. 5 —PMEIEEAE H QIR K.
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§4.2 HiXit
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1 |function gmmsegmentation

2 |for i=1:frames

3 get the cluster k=cluster (i) of ith frame;
1 if k!=cluster(i-1)

Record 1i;

6 end

7 | end
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1 [for every frame j

2 e(K)=e(K)+SS(j);

3 d(K)=e(K)-e(K-1);

4 if find a cut

5 if d(j)<2*previous d

6 the same behaviour
7 else

8 a new behaviour
9 end

10 end

11 | end
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5.2: SIFFFHI v Br ez o) B B don = )

1 |for every frame

2 if find a cut i
3 for every previous cut j
4 if d(i,3) > 0
a new behaviour
6 else
7 the same behaviour j
8 end
9 end
10 end
11 | end
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MR A [BEX

Motion segmentation and pose recognition with motion
history gradients

Abstract

This paper presents a fast and simple method usinga timed motion history image
(tMHI) for representingmotion from the gradients in successively layered silhouettes. This
representation can be used to (a) determine the current pose of the object and (b) seg-
ment and measure the motions induced by the object in a video scene. These segmented
regions are not “motion blobs” , but instead are motion regions that are naturally
connected to parts of the moving object. This method may be used as a very general
gesture recognition “toolbox” . We demonstrate the approach with recognition of

waving and overhead clapping motions to control a music synthesis program.
key words: Mocap data classification segmentation PCA GMM

§A.1 Introduction and related work

Three years ago, a PC cost about U.S. $2500 and a lowend video camera and
capture board cost about U.S. $300. Today, the computer could be had for under
U.S. $700 and an adequate USB camera for under U.S. $701. It is not surprising
then that there is an increasing interest in real-time vision on low-end computers. A
heightened interest in understanding and recognizing human movements has appeared
in tracking and surveillance systems, human—computer interfaces and entertainment
domains. For example, monitoring applications may wish to signal only when a person
is seen moving in a particular area (perhaps within a dangerous or secure area), interface
systems may require the understanding of gesture as a means of input or control, and
entertainment applications may want to analyze the actions of the person to better aid

in the immersion or reactivity of the experience.

Recently, there have been several popular approaches to the recognition of human
motion [8-11, 13-16, 20, 22, 33], with much emphasis on real-time computation. Several

survey papers review vision-based motion recognition [36], human motion capture [31,
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32] and human-motion analysis [1]. The most common frameworks to recognition of
body motion and gesture include the analysis of temporal trajectories of the motion
parameters [6, 29, 35, 40], hidden Markov models (HMMs) and state-space models [37,
39, 41], and static-activity templates [12, 17, 19, 34].

‘ 3.1.1 silhouette }—b‘ 3.1.2 Pose Matching ‘
v Qip/

3.2 tMHI Update

Y

‘ 3.3 Motion Gradients 5 Motion Segmentation ‘

\/

‘ 4 Motion Orientations

v

5.1 Oriented Motion
Attached to the Objec

A.1: Process flow chart with section numbers

One other possible motion representation to describe an action sequence could
be the collection of optical flow over the image or region of interest throughout the
sequence, but this is computationally expensive and many times not robust. Hier-
archical [2] and/or robust estimation [5] is often needed, and optical flow frequently
signals unwanted motion in regions such as those containing loose and textured cloth-
ing. Moreover, in the absence of some type of grouping, optical flow happens frame
to frame whereas human gestures may span several seconds. Despite these difficulties,
optical flow signals have been grouped into regional blobs and used for gesture recog-
nition [13]. An alternative approach was proposed in [17] where successive layering of
image silhouettes of a person into a single template was used to represent and recog-
nize patterns of human motion. Every time a new video frame arrives, the existing
silhouettes are decreased in value subject to some threshold and the new silhouette (if
any) is overlaid at maximal brightness. This layered motion image is termed a motion
history image (MHI). MHI representations have the advantage that a range of times
from frame to frame to several seconds may be encoded in a single image. In this way,
MHIs span the time scales of human gestures. In [17], moment features of the entire

MHI image were used to recognize particular activities.

The outline of this paper is as follows. Section 2 reviews previous MHI research.
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Sections 3-5 are summarized in the processing flow chart in Fig. 1 where numbers
indicate which section that processing step is described. In this paper, we factor pose
from motion and segment the motion regions. We take Hu moment shape descriptors
[25] of the current silhouette to recognize pose. We generalize the MHI to directly
encode actual time in a floating-point format that we call the timed motion history
image (tMHI). A gradient of the tMHI is used to determine normal optical flow (e.g.
motion flow orthogonal to object boundaries). The motion is then segmented relative to
object boundaries and the motion orientation of each region is obtained. The end result
is recognized pose, and motion to that pose —a general “tool” for use in object motion
analysis or gesture recognition. Section 6 compares the computational advantages of
our approach with other optical flow approaches such as used in [13]. In Sect. 7 we
use our approach to recognize walking, waving and clapping motions to control musical

synthesis. Section 8 concludes the paper.

§A.2 Pose and motion representation

The algorithm as shown in Fig. 1 depends on generating silhouettes of the object
of interest. Almost any silhouette generation method can be used. Possible methods of
silhouette generation include stereo disparity or stereo depth subtraction [3], infra-red
back-lighting [16], frame differencing [17], color histogram back-projection [9], texture
blob segmentation, range imagery foreground segmentation, etc. We chose a simple

background subtraction method for the purposes of this paper.

Although there is recent work on more sophisticated methods of background sub-
traction [18, 24, 30], we use a fast,simplistic method here. We label as foreground
those pixels that are a set number of standard deviations from the mean RGB back-
ground. Then a pixel dilation and region growingmethod is applied to remove noise
and extract the silhouette. A limitation of using silhouettes is that no motion inside
the body region can be seen. For example, a silhouette generated from a camera facing
a person would not show the hands moving in front of the body. One possibility to
help overcome this problem is to simultaneously use multiple camera views. Another
approach would be to separately segment the flesh-colored regions and overlay them

when they cross the foreground silhouette.
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Frame-0 Frame-35 Frame-70 MHI

A.2: Motion history image for arm-stretching movement generated from layered

image differences

A.3: Test postures Y, T and F
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A.2.1 Mahalanobis match to Hu moments of silhouette pose

For recognition of silhouette pose, seven higher-order Hu moments [25] provide
shape descriptors that are invariant to translation and scale. Since these moments are
of different orders, we use the Mahalanobis distance metric [38] for matching based on
a statistical measure of closeness to training examples:where x is the moment feature
vector, m is the mean of the training moment vectors, and K1 is the inverse covariance
matrix for the training vectors. The discriminatory power of these moment features for
the silhouette poses is indicated by a short example. For this example, the training set
consisted of five people performing five repetitions of three gesture poses (y,t,and b)
shown in Fig. 4. A sixth person who had not practiced the gestures was brought in to
perform the gestures for testing. Table 1 shows typical results for pose discrimination.
We can see that even the confusable poses Y and T are separated by more than an order
of magnitude making it easy to set thresholds to recognize test poses against trained
model poses. An alternative approach to pose recognition uses gradient histograms of

the segmented silhouette region [8]. In this paper, we use a floating-point MHI [14]

K A.4: Successive silhouettes of an upward arm movement encoded in floating-point

timestamps yields the tMHI. Brighter tMHI values depict more recent motion

where new silhouette values are copied in with a floating-point timestamp in the format

seconds.milliseconds. This MHI representation is updated as follows:

where tau is the current timestamp, and 6 is the maximum time duration constant
(typically a few seconds) associated with the template. This method makes our rep-
resentation independent of system speed or frame rate (within limits) so that a given
gesture will cover the same MHI area at different capture rates. We call this repre-
sentation the tMHI. Figure 5 shows a schematic representation of a tMHI for a person

doing an upward arm movement. Notice in the right image in Fig. 5 that if we took
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Kl A.5: tMHI; gradients; mask; global orientation

the gradient of the tMHI, we would get direction vectors pointing in the direction of
the movement of the arm. Note that these gradient vectors will point orthogonal to the
moving object boundaries at each “step” in the tMHI giving us a normal optical flow
representation (see center left image Fig. 6). Gradients of the tMHI can be calculated
efficiently by convolution with separable Sobel filters in the x and y directions yielding
the spatial derivatives Fx(x, y) and Fy(x, y). Gradient orientation at each pixel is
then We must be careful, though, when calculating the gradient information because
it is only valid at locations within the tMHI. The surrounding boundary of the tMHI
should not be used because non-silhouette (zero value) pixels would be included in the
gradient calculation, thus corrupting the result. Only tMHI interior silhouette pixels
should be examined. Additionally, we must not use gradients of tMHI pixels that have
a contrast which is too low (inside a silhouette) or too high (large temporal disparity)
in their local neighborhood. Figure 6 center left shows raw tMHI gradients. Applying
the above criteria to the raw gradients yields a masked region of valid gradients in Fig.

6 center right.

After calculating the motion gradients, we can then extract motion features to
varying scales. For instance, we can generate a radial histogram of the motion orien-
tations which then can be used directly for recognition as done in [14]. But, an even

simpler measure is to find the global motion orientation.

§ A.3 Global gradient orientation

Calculation of the global orientation should be weighted by normalized tMHI
values to give more influence to the most current motions within the template. A

simple calculation for the global weighted orientation is as follows:
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where ¢ is the global motion orientation, ¢ ref is the base reference angle (peaked
value in the histogram of orientations), ® (x, y) is the motion orientation map found
from gradient convolutions, norm( T, &, MHI 8 (x, y)) is a normalized tMHI value
(linearly normalizing the tMHI from 0-1 using the current timestamp Tt and duration
6 ), and angDiff( ¢ (x, y), ®ref) is the minimum, signed angular difference of an
orientation from the reference angle. A histogram-based reference angle ( dref) is
required due to problems associated with averaging circular distance measurements.
Figure 6 shows from left to right a tMHI, the raw gradients, the masked region of valid
gradients, and finally the orientation histogram with global direction vector calculated.
Figure 7 shows global motion directions for the movements of kneeling, walking and

lifting the arms.

§A.4 Motion segmentation

Any segmentation scheme begs the question as to what is being segmented. Seg-
mentation by collecting “blobs” of similar direction motion collected frame to frame
from optical flow as done in [13] does not guarantee that the motion corresponds to
the actual movement of objects in a scene. We want to group motion regions that are
produced by the movement of parts or the whole of the object of interest. A novel
modification to the tMHI gradient algorithm has an advantage in this regard: by la-
beling motion regions connected to the current silhouette using a downward stepping
floodfill, we can identify areas of motion directly attached to parts of the object of

Interest.

A.4.1 Motion attached to object

By construction, the most recent silhouette has the maximal values (i.e. most
recent timestamp) in the tMHI. We scan the image until we find this value, then
“walk” along the most recent silhouette’ s contour to find attached areas of motion.
The algorithm for creating masks to segment motion regions is as follows (with reference
to Fig. 8):

1. Scan the tMHI until we find a pixel with the current timestamp. This is a
boundary pixel of the most recent silhouette (Fig. 8b).

2. “Walk” around the boundary of the current silhouette region looking outside
for recent (within dT, e.g. the time difference between each video frame), unmarked

motion history “steps” . When a suitable step is found, mark it with a downward
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floodfill (downfill) (Fig. 8b,c). If the size of the fill is not big enough, zero out the area.
3. Store the segmented motion mask that was found (Fig. 8c,d).

4. If the boundary “walk” has not yet circumnavigated the current silhouette,

go to 2.
5. Calculate the motion orientation within each mask found in 3 above (Fig. 8e).

In the algorithm above, downfill refers to floodfills that will fill (replace with a
labeled value) pixels with the same value or pixels of a value one step (within dT)
lower than the current pixel being filled. The segmentation algorithm then relies on
two parameters: (1) the maximum allowable downward step distance dT (e.g. how far
back in time a past motion can be considered to be connected to the current silhouette);
and (2) the minimum acceptable size of the downward floodfill (else zero it out because

the region is too small —a motion “noise” region).

The algorithm above produces segmentation masks that are used to select portions
of the valid motion history gradient described in Sect. 3.3. These segmented regions
may then be labeled with their weighted regional orientation. Since these segmentation
masks are derived directly from past motion that “spilled” from the current silhouette
boundary of the object, the motion regions are directly connected to the object itself.

We give segmentation examples in the section below.

A.4.2 Motion segmentation examples

Figure 9 shows a hand opening and closing in front of a camera. The small windows
capture the two motion regions and the large window is the overall motion orientation.
Note that the small arrows correctly catch the finger motion while the global motion
is ambiguous. Figure 10 shows a kicking motion from left to right. In the leftmost
image, the hands have just been brought down as indicated by the large global motion
arrow. The small segmentation arrow is already catching the leftward lean of the body
at right. In the center left image the left leg lean and right leg motion are detected. At
center right, the left hand motion and right leg are indicated. At right, the downward

leg motion and rightward lean of the body are found.

Figure 11 shows segmented motion and recognized pose for lifting the arms into
a T position and then dropping the arms back down. The large arrow indicates global
motion over a few seconds, the smaller arrows show segmented motion as long as the

corresponding silhouette region moved less than 0.2 s ago.
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%%hpcasegmentation.m
clear all;
%dbstop if warning;
warning off all;
addpath (genpath(’./helper’));
addpath (genpath(’./ExperimentData’));
list = dir(’./ExperimentData/’);
filenum = length(list);
for i=1:filenum
file{i} = 1list (i) .name;
end
hinitialization
K=240;
step=K-1;
1=60; 7
startcut=1;
lastcut=startcut;
cuts=startcut;
direction=1;
% load the amc data
[origlen, lenaftersample, rawdata, amcdatal] =
motionloader (file, 1);

totalframes = size(amcdata,l);

e=zeros(1,totalframes) ;

d=zeros (1, totalframes) ;

while lastcut<totalframes
flag=0;
[signals,V, S, SS] = pcasvd(amcdata(startcut:
direction:startcut+step,7:62) ,0,0.95);
r=size(signals ,1); % number of principal component
n=size (SS);

for i=r+1:1:n
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e (K)=e (K)+8S (i) ;
end
K=K+1;
while flag==0 && lastcut<totalframes
[signals,V, S, SS] = pcasvd(amcdata(startcut:
direction:K,7:62) ,0,0.95);
n=size (SS,1);
for i=r+1:1:n
e(K)=e(K)+S8S(i);
end
d(K)=e(K)-e(K-1);
avg_deviation=mean(d(startcut+step+1:K));

standard_deviation=std(d(startcut+step+1:K));

lastcut=K;
if (d(K)-avg_deviation) >3*standard_deviation
if lastcut>totalframes-step
lastcut=totalframes;
end
cuts=[cuts lastcut]
flag=1;
startcut=lastcut;
end
if lastcut==totalframes
cuts=[cuts lastcut]
end
K=K+1;
end
end
disp(’results:’);

allcuts = sort(cuts)

%% output the segments

lenallcuts = length(cuts);

for i=1:1lenallcuts-1
amcfilename=sprintf (’./result/seg_%d.amc’, i);
matrix_to_amc (amcfilename, amcdata(allcuts(i):allcuts

(i+1)_1’:) );
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end
% save ./result/seg_pos.txt allcuts -int
fid=fopen(’./result/seg_pos.txt’,’a+’);
fprintf (fid,’%d\t’,allcuts);
fclose(fid) ;

%%hGMMSegmentation_mine.m
function [INDEX,Mu, Variances cuts] =
GMMSegmentation_mine (No_of_Clusters)
warning off all;
addpath (genpath(’./helper’));
addpath (genpath(’./GMM’)) ;
addpath (genpath(’./ExperimentData’));
list = dir(’./ExperimentData/’);
filenum = length(list);
for i=1:filenum
file{i} = 1list (i) .name;
end

% load the amc data

[origlen, lenaftersample, rawdata, amcdatal] =

motionloader (file, 1);
No_of_Iterations=5;
%No_of_Clusters=2;
amcdata=amcdata’;
cuts=[];
for no=2:No_of_Clusters

[INDEX ,Mu, Variances] = GMM(amcdata,

No_of_Iterations);

[m,n]=size (INDEX) ;

for i=1:n-1
if INDEX (i) "=INDEX (i+1)

cuts=[cuts i+1];

end

end

if size(cuts,2)==1
continue;

else

cuts=[cuts n];
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fprintf (’No_of _behaviors:%d\n’,size(cuts,2)
-1);
return;
end

end

disp(’results:’);

allcuts = sort(cuts)

%% output the segments
lenallcuts = length(cuts);
for i=1:1lenallcuts-1
amcfilename=sprintf (’./result/seg_%d.amc’, i);
matrix_to_amc (amcfilename, amcdata(allcuts(i):allcuts
(i+1)-1,:) );
end
% save ./result/seg_pos.txt allcuts -int
fid=fopen(’./result/seg_pos.txt’,’a+’);
fprintf (fid,’%d\t’,allcuts);
fclose(fid) ;

end

hhpcasegmentation_error.m
clear all;
%dbstop if warning;
warning off all;
addpath (genpath(’./helper’));
addpath (genpath(’./ExperimentData’));
list = dir(’./ExperimentData/’);
filenum = length(list);
for i=1:filenum
file{i} = 1list (i) .name;
end
hinitialization
K=240;
step=K-1;
1=60; 7

startcut=1;
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lastcut=startcut;

cuts=startcut;

direction=1;

behavecuts=[];

% load the amc data

[origlen, lenaftersample, rawdata, amcdatal] =
motionloader (file, 1);

totalframes = size(amcdata,l1);

e=zeros (1,totalframes) ;

d=zeros(1,totalframes) ;

while lastcut<totalframes
flag=0; 7% cut or not
[signals,V, S, SS] = pcasvd(amcdata(startcut:
direction:startcut+step,7:72) ,0,0.90);
r=size(signals ,1); % number of principal component
n=size (SS);
for i=r+1:1:n
e(K)=e(K)+SS(i); % discarded value
end
K=K+1;
while flag==0 && lastcut<totalframes
[signals,V, S, SS] = pcasvd(amcdata(startcut:
direction:K,7:72) ,0,0.90) ;
n=size(SS,1);
for i=r+1:1:n
e(K)=e(K)+SS(i);
end

d(K)=e(K)-e(K-1);

avg_deviation=mean(d(startcut+step+1:K));
standard_deviation=std(d(startcut+step+1:K));
lastcut=K;
if (d(K)-avg_deviation) >3*standard_deviation
if lastcut>totalframes-step
lastcut=totalframes;

end
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cuts=[cuts lastcut]
flag=1;
startcut=lastcut;
end
if lastcut==totalframes
cuts=[cuts lastcut]
end
K=K+1;
end
end
[mm,nn]=size(cuts) ;
for i=2:nn-1
if d(cuts(i))>1.5*d(cuts(i-1))
behavecuts=[behavecuts cuts(i)];
end
end
%% output the segments
lenallcuts = length(cuts);
for i=1:1lenallcuts-1
amcfilename=sprintf(’./result/seg_%d.amc’, i);
matrix_to_amc (amcfilename, amcdata(cuts(i):cuts(i+1)
-1,:) );
end
% save ./result/seg_pos.txt allcuts -int
fid=fopen(’./result/seg_pos.txt’,’a+’);
fprintf (fid,’%d\t’,cuts);
fclose(fid);

hhpcasegmentation_ratio.m

clear all;

%dbstop if warning;

warning off all;

addpath (genpath(’./helper’));

addpath (genpath(’./ExperimentData’));
list = dir(’./ExperimentData/’);
filenum = length(list);

for i=1:filenum
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file{i} = 1list (i) .name;

end

“initialization

K=240;

step=K-1;

1=60; 7

startcut=1;

lastcut=startcut;

prestartcut=startcut;

prelastcut=lastcut;

cuts=startcut;

direction=1;

behavecuts=[];

% load the amc data

[origlen, lenaftersample, rawdata, amcdatal] =
motionloader (file, 1);

totalframes = size(amcdata,1);

e=zeros (1,totalframes) ;

d=zeros (1,totalframes) ;

while lastcut<totalframes
flag=0; 7% cut or not
[signals, U, V, S, SS] = pcasvd2(amcdata(startcut:
direction:startcut+step,7:62) ,0,0.95);
r=size(signals ,1); % number of principal component
n=size (SS);
for i=r+1:1:n
e(K)=e(K)+SS(i); % discarded value
end
K=K+1;
while flag==0 && lastcut<totalframes
[signals ,U, V, S, SS] = pcasvd2(amcdata(startcut:
direction:K,7:72) ,0,0.90) ;
n=size(SS,1);
for i=r+1:1:n

e(K)=e(K)+SS(i);
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end
d(K)=e(K)-e(K-1);
avg_deviation=mean(d(startcut+step+1:K));
standard_deviation=std(d(startcut+step+1:K));
lastcut=K;
if (d(K)-avg_deviation) >3*standard_deviation
if lastcut>totalframes-step
lastcut=totalframes;
end
cuts=[cuts lastcut]
flag=1;
if prelastcut > 1
[signalsl, U1, V1, S1, SS1] =
pcasvd2 (amcdata (prestartcut:
direction:prelastcut ,7:72)
,0,0.90);
D=pdist2(U1(:,1:r)°,U(:,1:r)’,”
euclidean’) ;
Dd=diag(D);’ distance between
observer i and 1
distance=sum(Dd) /r;
if distance > 0.5
behavecuts=[behavecuts lastcut];
end
end
prestartcut=startcut;
prelastcut=lastcut;
startcut=lastcut;

end

if lastcut==totalframes
cuts=[cuts lastcut]
end
K=K+1;
end

end

%% output the segments
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lenallcuts = length(cuts);

for

end

i=1:1lenallcuts-1
amcfilename=sprintf (’./result/seg_%d.amc’, i);
matrix_to_amc (amcfilename, amcdata(cuts(i):cuts(i+1)

-1,:) );

% save ./result/seg_pos.txt allcuts -int
fid=fopen(’./result/seg_pos.txt’,’a+’);
fprintf (£fid,’%d\t’,cuts);
fclose(fid) ;
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