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Abstract

This paper deals with evolutionary robot vision based on a genetic algorithm and fuzzy evaluation in
order to realize people tracking. Active robot vision is an important research topic, and we must
improve the performance of the visual perception. First, we discuss the concept of evolutionary
robot vision in dynamic environments. Next, we apply growing neural gas for preprocessing as a
bottom-up processing, and a local genetic algorithm based on clustering for template matching in
human face recognition as a top-down processing. Furthermore, in order to improve the perform-
ance of the human face detection, we use fuzzy evaluation for evaluating the degree of human face.
Finally, we show several experimental results of the proposed method and discuss the effectiveness
of the proposed method.
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have discussed the applicability of the evolu-
tionary computation in robot vision [26].

Evolutionary computation (EC) is a field of
simulating evolution on a computer. Evolu-
tionary optimization methods are fundamen-
tally iterative generation and alternation proc-
esses of candidate solutions. The optimization
is done by the multi-point search operating on a
set of individuals, which is called a population.
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(b) Distribution of candidate solutions
in evolutionary search

Figure 1. Comparison of visual search and
evolutionary search

Figure 1 shows the comparison between the
visual search and evolutionary search. The left
and right figures show the distribution of
search points in the distributed search and the
focused search, respectively. The visual search
controls the searching area based on the fast
movement of attentive point. The region of
interest (ROI) for the information extraction is
deeply related with the search of geometrical
features included in the visual target. The
search results are reflected to the next visual
search. On the other hand, the evolutionary
search controls the searching area based on the
selection pressure to candidate solutions. If the
selection pressure is high, the candidate solu-
tions are centralized toward the better candi-
date solutions. Otherwise, candidate solutions
are globally distributed in the search space.
The next search points in the evolutionary
search are generated by crossover and muta-
tion. The search in ROI is mainly performed by
mutation and local search, while a new search
point for ROI is generated by crossover. The
degree of interest is calculated by the fitness
value. If the fitness value is high, the focused
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search should be performed. We applied a
steady-state genetic algorithm (SSGA) to re-
alize the continuous and real-time search for
the robot vision like human visual perception
in a dynamic environment [21]. Furthermore,
we proposed a simple method of people
tracking based on the combination of skin
color and hair color [22], but we have a prob-
lem of misdetection of people by objects with
similar color combination in the background
image (Figure 2). Therefore, we propose a
method for detecting a human face based on a
local genetic algorithm with based on cluster-
ing (LGAC) and fuzzy evaluation in order to
improve the performance of people tracking.
The both of evolutionary computation and
fuzzy theory are useful and practical in the
search under the environment including noise
[24,25].
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Figure 2. Pre-experiment of people tracking

The paper is organized as follow. In the Sec-
tion 2, we explain a growing neural gas for
color extraction and a local genetic algorithm
based on clustering with fuzzy evaluation for
people tracking. Section 3 shows several ex-
perimental results and discusses the effective-
ness of the proposed method.

2. PEOPLE TRACKING BASED
ON EVOLUTIONARY ROBOT
VISION

Partner robots and Image Processing

We developed two types of partner robots; a

mobile PC called MOBiMac and a human-like

robot called Hubot in order to realize the social
communication with a human [20,23] (Figure

3). Each robot has two CPUs and many sensors

such as CCD camera, microphone, and ultra-

sonic sensors. Therefore, the robots can con-
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Figure 3. Partner robots; MOBiMac and
Hubot

duct image processing, voice recognition, tar-
get tracing, collision avoidance, map building,
imitative learning, and others.

In this paper, we focus on people tracking. The
tracking problem of people or objects is sig-
nificantly harder than that of a single person or
object. The people tracking problem includes
two problems of people detection problem as
candidate detection in each image and a
tracking problem of detected people as target
recognition over time. In previous works,
people tracking problems have been mainly
solved by appearance-based methods. Kalman
filter, particle filters, genetic algorithms, par-
ticle swarm optimization, and others [8-17].
Furthermore, dynamic model of human
movement is also applied to improve the ac-
curacy of people tracking. These methods try
to detect the features of human appearance, and
to trace them over time, but there are problems
on variability of appearance features and
computational cost in the real-time people
tracking.

To realize visual perception for a robot, we
should take recent works of psychology into
account, especially, sensation, perception, and
attention [2-7]. Visual perception is organized
into a central object called figure and its
blurred surroundings called ground. Our visual
system operates in a flexible and adaptive
manner to perceive the environment by using
bottom-up and top-down processes. Bottom-up
processing depends directly on external stim-
uli, while top-down processing is influenced
by expectations, stored knowledge, context,
and so on. The candidate detection is consid-
ered as the bottom-up processing based on the
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color distribution in segments of an image,
while the target recognition is considered as
top-down processing based on the similarity
between the extracted target candidate and
classification templates. The synthetic combi-
nation of bottom-up processing and top-down
processing realizes the efficient and effective
search. In this paper, we apply growing neural
gas and LGAC for bottom-up processing and
top-down processing, respectively.

Preprocessing in Image Processing
Since the image processing takes much com-
putational time and cost, the full size of image
processing to every image is not practical.
Therefore, we use the reduced size of image to
detect a moving object for the fast human
candidate detection.

First, an image of RGB color space is taken by
a CCD camera equipped with the partner robot.
Next, the robot calculates the center of gravity
(COQG) of the pixels different from the previous
image as the differential extraction. The size of
image used in the differential extraction is
updated according to the previous result of
human detection. Here the area generated by
the differential extraction is called an attention
range. If the robot does not move, the COG of
the difference represents the location of the
moving object. Therefore, the main search area
for the human detection can be formed ac-
cording to the COG in the attention range for
the fast human detection. In this paper, the
original size of an image is 640x480, and the
size of this image is reduced into 320x240 as
an attention range according to the reduction
level (1.0<RL<2.0) and the origin (Xo, Yo) of the
attention range (Figure4). If the reduction level
is set at 1, the same resolution of the image is
cut off from the original image. Otherwise,
each pixel on the attention range is interpolated
according to the four surrounding pixels based
on the reduction level.

Growing Neural Gas for Color Extrac-
tion

An image is a set of pixels with color infor-
mation. The segmentation into target candi-
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Figure 4. The generation of attention range

dates based on color distribution is very im-
portant to reduce the computational cost of
direct template matching. Therefore, we apply
an unsupervised clustering method for the
segmentation based on color distribution in an
image as bottom-up processing. Growing
neural gas (GNG) is a competitive learning
network as one of variants of SOM [14] used as
a clustering method.

The learning algorithm of GNG is shown as
follows.

Step 0. Generate two units at random position,
W, W, in R™ where w; is the nth dimen-

sional vector of anode (W; €R"). Initialize

the connection set.

Step 1. Generate at random an input data v
according to the probability p(v) where V is
composed of the position (X, y) and color
information (R, G, B).

Step 2. Determine the nearest unit S; and the
second-nearest unit s, (Figure 5 (a))

S = argmin"\/ —W II
b = wil (1

Step 3. If a connection between S; and S, does
not yet exist, create it. Set the age of the
connection between S; and S, to zero.

C, =1, a.,=0

S = arg, min,

@

Step 4. Add the squared distance between the
input signal and the winner to a local error

variable Eg; (see Figure 5 (b)).
2
E, «E, +[b-w] 3)

Step 5. Adapt the reference vectors of the
winner and its direct topological neighbors

S1,$
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Figure 5. How to learn GNG nodes and edge

by the learning rate 7,° and 7,°, respec-

tively.

G
Wy < W, + 7, -(v—wsl)

4
W W +775 ~(v—wj) if ¢, ; =1

Step 6. Increment the age of all edges ema-
nating from s;.

ag; «<a,;+1 ifcg;

=1

Step 7. Remove edges with the age larger than
Aax- If units have no more emanating edges
after this, remove those units (see Figure
5(c)).

Step 8. If the number of input signals generated
so far is an integer multiple of a parameter
A, insert a new unit as follows (see Figure

5(d)).



Step 8-1. Determine the unit g with the
maximum accumulated error.
q=argmax £, ©)

where A is a set of nodes

Step 8-2. Determine the unit f with the maxi-

mum accumulated error among the
neighbors of q.
f=arg rcnda\Pq( E, 7)

where N; is a set of nodes connected to the ith
node

Step 8-3. Add a new unit r to the network and
interpolate its reference vector from g and f.

Wr:0.5~(wq+wf) (8)

Step 8-4. Insert edges connecting the new unit
r with units g and f, and remove the original
edge between ¢ and f .

Step 8-5. Decrease the error variables of g and f
by the discount rate o.

E, < (I-a)E;, E; < (1 -a)E; )

Step 8-6. Interpolate the error variable of r
from g and f

E, =0.5-(E +E) (10)

Step 9 Decrease the error variables of all units
EC<_(1_IB)E03CEA (11)

Step 10 If a termination condition (e.g., some
performance measure) is not yet fulfilled
continue with step 2.

Figure 6 shows an example of the learning of

GNG. In this way, the color distribution can be

extracted from the image by using GNG.

GNG fr Human _
shape recognition

Original Image

Figure 6. An example of GNG
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Local Genetic Algorithm based on
Clustering for People Tracking
Generally, it is very difficult to realize both
optimization and adaptation in a real world
problem. In order to perform the optimization,
it takes much computational time and cost, but
the environmental condition might change
much. Therefore, the real-time adaptation
should be done, but all the population should
trace the local minima as much as possible in
real-time adaptation, because the current best
solution is not guaranteed as the best solution
in future. We propose a local genetic algorithm
based on clustering (LGAC) as a distributed
search method based on local hill- climbing of
clustered individuals (Figure 7).

Locally Best Solution

Figure 7. Search of LGAC in a Dynamic
Environment; fitness landscape is depicted
as monochrome gradation

Basically, each individual is composed of
diploid, i.e., the self-best solution and candi-
date solution. If the fitness value of the candi-
date solution is larger than that of the self-best
solution, the candidate solution is replaced
with the self-best solution. In this way, each
individual performs the elitist selection. We
use the term of personal best or self-best that
inspired from particle swarm optimization
(PSO) invented by Eberhart and Kennedy [19].
Furthermore, we use the elitist crossover in the
following updating rule;

Gi; < 9ij +0‘1"1(9}5,1' -0;;)
+a,n(97; =9, + ayN(0.1)
where g;;° is the self-best solution; g, ;° is the
locally best solution in a cluster; ry and r,, are

uniform random value between 0 and 1.0;
N(0,1) is a normal random value with average

(12)



of 0 and 1.0, and a4, a», and o are coeffi-
cients. Furthermore, we can use adaptive mu-
tation as follows;

f
a, =ﬁl ﬁ

max min

(13)

where fmax and fmin are the maximal value and
minimal value of fitness values in a local
cluster or the population; and S and f, are
coefficient and offset, respectively. In the
adaptive mutation, the variance of the normal
random number is relatively changed accord-
ing to the fitness values of the population in
case of maximization problems. The proposed
method is similar to PSO, but in this paper, we
explicitly use a mutation factor in order to trace
local minima in a dynamic environment.

We use the k-means algorithm [18] as a clus-
tering method. The k-means algorithm is one of
the most popular iterative descent clustering
methods. The number of clusters is K. When
the reference vector of the kth cluster is rep-

= 0,1
resented by (T Tezs i)
distance between the ith

U, = (gi,17 Ginseees gi,m)

vector is defined as

, the Euclidian
input vector

and the kth reference

di,k = ”ui - ” (19
Next, the reference vector minimizing the
distance djy is selected by
C, = argmin {”ui - ||} (15)
k
where ¢; is the cluster number which the ith
input belongs to. After selecting the nearest
reference vector to each input, the kth reference
vector is updated by the average of the inputs
belonging to the kth cluster. If the update is not
performed at the clustering process, this up-
dating process is finished.

The robot must recognize a human face from
complex background speedily. The human face
candidate positions based on the colors of
facial landmarks are extracted by LGAC with
template matching. Figure 8 shows a candidate
solution of a template used for detecting a
human face. A template is composed of nu-
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merical parameters of g; 1, Gi 2, Ji3, and g 4. The
number of individuals is G. The initial popu-
lation of LGAC for human detection at the
discrete time step t is updated by using the
reference vector of GNG in addition to the
candidate solutions obtained at the previous
time step t-1. The evaluation method of each
candidate solution is described in the next
subsection. The iteration of LGAC is repeated
until the termination condition is satisfied.

(8i1~8a',2) |‘ ”

8i3

Figure 8. A template used for human detec-
tion in LGAC

The human tracking is performed according to
the time series position of the ith human can-
didate (g;, i) obtained by LGAC. The posi-
tion of the jth human candidate in the human
tracking (Xk1, X¢2) is updated by the nearest
human candidate position within the tracking
range. In addition, the width and height of the
human candidate for the human tracking (X,
Xka4) are updated by the size of the detected
human (g3, 0is). The update is performed as
follows (j=1,2,3,4);

Xij=1=DX;+ 40 (16)
Furthermore, the time counter for the reliabil-
ity of human tracking is used. If the human
candidate position in the human tracking is
performed, the time counter is incremented.
Otherwise, the time counter is decremented. If
the time counter is larger than the threshold
(HT), the human count is started. Sometimes,
several human candidates are close each other,
because several human candidates in a single
human can be generated by the human detec-
tion. Therefore, the removal processing is
performed when human candidates are coex-
isting within the tracking range.



Fuzzy Evaluation for Human Face De-
tection

The human face candidate positions based on
human skin and hair colors are extracted by
LGAC with template matching. The fitness
value is calculated by the following equation,
f.

Pixel

=Cgint Crar 7 " Cair * Crair = *Copper
(17)

where Csyin, CHair and Cogner indicate the num-
bers of pixels of the colors corresponding to
human skin, human hair, and other colors,
respectively; 7, and 7, are the coefficients (77,
17,>0). The human detection based on color
distribution sometime extracts some object
with similar color distribution. In order to
improve the performance of human face de-
tection, we can use the color information of
facial landmarks.

We apply fuzzy evaluation for face detection
based on the position of facial landmarks
(Figure 9 (a)). We use the position of eyes and
mouth. We use

(a) Fuzzy Evaluation (b) The position of
based on Gaussian  facial landmarks
membership

Figure 9. A template used for face recogni-
tion

[ x-ay) (y-a)’) .
e e L

0 otherwise

(18)

Hamij) =

where (X,y) is the normalized position of the
pixel (i,j) on the image; p(i,j) is the color ID of
a the pixel (i,j) on the image; C;, is the color ID
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of the hth facial landmark; (an;,an) is the
center of a facial landmark; (an;,an2) and
(bn.1,bn2) are the normalized position and size
of the hth facial landmark in the template can-
didate extracted by LGAC. Therefore, this
value is high if the color pixel corresponding to
the facial landmark is near with the center of
the facial landmark. We can evaluate the de-
gree of existing each facial landmark as fol-
lows;

fanan= D Hagnii (19)
=)

where gy is the template of the kth candidate
solution in LGAC; h is facial the landmark ID.
Furthermore, we can evaluate the degree of
face as follows;

H
fFace :H 1:Land,h / Pro.n (20)
h=1

where H is the number of facial landmarks;
Pron is the number of pixels of the hth facial
landmark. We use right eye (h=1), left eye
(h=2) and mouth (h=3) for the evaluation
(H=3). Therefore, we use the following total
evaluation function;

f Q1)

where 77; is a coefficient (775>0). As a result,
this problem results in the maximization
problem.

Total — fPi><e| + 773 fFace

Figure 9 (b) shows the positions of facial
landmarks where (g s, Ji¢) is the position of the
right eye and (0.5, g;;) is the position of the
mouth. Therefore, (2,1, ai2) =(¥is, Jie)> (@1,
&) =(1-Gis, i), and (s, as2) =(0.5, gi7).
However, the position of each facial landmark
is peculiar to a person. Therefore, the position
of membership function corresponding to each
facial landmark should be updated according to
the detected person. As a result, the total
number of parameters for human detection by
LGACis 7.

3. EXPERIMENTAL RESULTS

This section shows experimental results of
people tracking of a partner robot. The maxi-
mal number of nodes in GNG is 50. The
population size of LGAC is 50. The number of



generations in each frame is 100 including the
initial evaluations after the frame of image is
updated. This value is relatively small com-
paring with that of the search by standard GA,
but the search by LGAC is a time series of
continuous search in a dynamic environment
including a small change.

Figure 10 shows experimental results of the
proposed method using attention range. The
rightmost figure is the original image where
the white box indicates the attention range
generated according to the result of differential
extraction. The next is the generated image
based on the attention range. The next is the
result of differential extraction. According to
the center of gravity and the number of the
pixels with temporary high difference, the
center of attention range and the resolution of
the attention range are updated sequentially.
The rightmost figure indicates the result of the
color extraction by GNG (blue line), the human
face detection (green boxes), and people
tracking (red boxes). Figure 11 shows the
change of resolution of the attention range.
These results show that the attention range is
updated according to the motion of people, and
the proposed method successfully performs
people tracking.

Next, we conduct an experiment on the people
tracking where the number of people is in-
creasing. Figure 12 shows snapshots of the
people tracking, and Figure 13 shows the
number of the people tracked by the proposed
method. At first, there is nobody in the image,
but the number of people is increasing. The
experimental results show that the proposed
method can perform people tracking with al-
lowable error in order that the robot can per-
form the communication with people.
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Figure 10. Experimental results of people
tracking
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Figure 11. Attention range of people track-
ing
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Figure 12. Experimental results of people
tracking
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Figure 13. Experimental results of people
tracking
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4. SUMMARY

This paper proposed a method of people
tracking based on the color extraction by
growing neural gas, the template matching
with a local genetic algorithm based on clus-
tering (LGAC), and fuzzy evaluation for rec-
ognizing a human face. The experimental re-
sults show the effectiveness of the proposed
method. The membership functions are very
useful to evaluate candidate solutions includ-
ing noisy data. The essence of the proposed
method is in the flexibility of the search by
combining local genetic algorithm and fuzzy
evaluation.

As a future work, we will develop a method of
human face detection in case of rotation of
human face. Furthermore, we apply the pro-
posed method to the associative learning be-
tween the perceptual information and symbolic
information peculiar with the interacting per-
son.
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