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Abstract— This paper proposes a method of evolutionary
robot vision based on a steady-state genetic algorithm and
fuzzy evaluation. In order to improve the communication
capability of human-friendly partner robots, the perception of
human face should be performed as correctly as possible.
First, we discuss the concept of evolutionary robot vision in
dynamic environments. Next, we propose growing neural gas
for preprocessing as a bottom-up processing, and steadystate genetic algorithm for template matching in human face
recognition as a top-down processing. In order to improve the
performance of the human face recognition, we use fuzzy
evaluation for evaluating the degree of human face. Finally,
we show several experimental results and discuss the
effectiveness of the proposed method.
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Robot Vision, Fuzzy Theory, Partner Robots

1 Introduction
Natural communication and interactions among people and
robots have been widely researched [1,2]. Furthermore,
various types of human-friendly robots such as pet robots,
amusement robots, and partner robots have been developed
to communicate with people [3,4]. However, there are still
many problems to realize natural communication between
people and robots. For example, it is difficult for a robot
to identify the speaking person and the place interacting
with the person. As a result, the content of utterances from
the robot might not be suitable for the person and place.
Relevance theory is helpful to discuss the natural
communication between a human and robot [21]. Relevance
theory is based on a definition of relevance and two
principles of the relevance. One is a cognitive principle that
human cognition is geared to the maximization of
relevance. The other is a communicative principle that
utterances create expectations of optimal relevance. The
central claim of relevance theory is that the expectations of
relevance raised by an utterance are precise enough, and
predictable enough to guide the hearer towards the speaker's
meaning. Furthermore, in relevance theory, human thought
is shared between two people rather than transmitted. Each
person has his or her own cognitive environment. An
important role of utterances, facial direction, pointing
behaviors, and gestures is to make the hearer pay attention
to a specific target object or person. As a result, the
cognitive environment of the hearer can be enlarged by the
utterances or gestures. The cognitive environment shared
between two people is called a mutual cognitive
environment. Based on the above discussion, a robot also
should have such a cognitive environment, and the robot
should keep updating the cognitive environment according
to the current perception through the interaction with a
human in order to realize the natural communication.
Furthermore, the utterance capability of a robot can be
applied for preventing dementia of elderly people. Robotic
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conversation can activate the brain of such elderly people
and can improve their concentration and memory abilities.
Nursing care for the elderly people can be expected to keep
their health by having conversations with robots. However,
it is very difficult to continue the meaningful and attractive
conversations with robots. Therefore, such a robot requires
adaptive perceptual systems to communicate with a human
flexibly, and adaptive action systems to learn human
behaviors. To realize the learning through interaction with
people, we must consider a total architecture of the
cognitive development. The cognitive development for
robots has been discussed in the fields such as cognitive
robotics and embodied cognitive science [8-10]. In the
previous research of cognitive robotics, many researchers
have proposed the learning methods for the achievement of
joint attention, imitative learning, linguistic acquisition
from the viewpoints of babies and infants [6,10]. On the
other hand, we focus on the refinement of associative
memory by using symbolic information used for utterances
and patterns based on visual information through interaction
with people as cognitive development of robots. We
proposed the concept of structured learning and discussed
the importance of total architecture of the learning
mechanism [30]. However, we did not discuss the
performance of the human detection so much. In the
previous works, we proposed a simple method of people
tracking based on the combination of skin color and hair
color, and we have a problem of misdetection of people by
objects with similar color combination in the background
image. In this paper, we propose a method for detecting a
human face based on evolutionary computation 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. We proposed the concept of
evolutionary robot vision based on the analogy between
visual perception and evolutionary search [32]. We apply the
concept of evolutionary robot vision and fuzzy evaluation
for people tracking.
The paper is organized as follow. In the section 2, we
explain the concept of evolutionary robot vision. Next, in
the section 3 we propose a growing neural gas for color
extraction and a steady-state genetic algorithm with fuzzy
inference for face recognition. Section 4 shows several
experimental results and discuss the effectiveness of the
proposed method.

2 Evolutionary Robot Vision
2.1 Partner robots
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
[25,26] (Fig.1). Each robot has two CPUs and many
sensors such as CCD camera, microphone, and ultrasonic
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sensors. Therefore, the robots can conduct image
processing, voice recognition, target tracing, collision
avoidance, map building, and imitative learning.
We have applied steady-state genetic algorithm (SSGA),
spiking neural networks (SNN), self-organizing map
(SOM), and others for human detection, motion extraction,
gesture recognition, and shape recognition based on image
processings [25-28]. However, the image processing takes
much computational time and cost. Therefore, we discuss
the applicability of fuzzy theory and evolutionary
computation in robot vision.
2.2. Active Vision for Robots
Computer vision is a research stream on image processing,
image understanding, image recovery and others on a
computer [9]. The quality of image depends strongly on the
lighting condition related with a camera system. Active
vision is often used to improve the robustness and
flexibility and to eliminate the ill-posed conditions based
on the control of camera systems [9]. Robot vision is
deeply related with active vision, because a problem on the
perception and action of a robot must be solved at the same
time. A robot takes actions to perceive the environment
when the robot does not know the environment much.
Therefore, the robot vision is based on the time-series of
image processing, not the processings on a single image.
Various technologies for image processings are required for
realizing the robot vision, e.g., color processing, target
detection, template matching, shape recognition, motion
extraction, and optical flow. Recently, evolutionary
computation has been applied to improve the performance
of image processing. We also have discussed the
applicability of the evolutionary computation in robot
vision [32-34]. In fact, we proposed a method of people
detection, people tracking and gesture recognition.
2.3 Evolutionary Computation for Robot Vision
Evolutionary computation (EC) is a field of simulating
evolution on a computer. Evolutionary optimization
methods are fundamentally iterative generation and
alternation processes of multiple candidate solutions. The
optimization is done by the multi-point search operating on
a set of individuals, which is called a population. First, we
discuss the role of evolutionary search in dynamic
environments. Figure 2 shows the temporal patterns of
spatial changes in dynamic environments where the vertical
axis indicates the state of environmental conditions
represented as a value. If the search speed of EC is faster
than the changing speed of the environmental conditions,
EC can obtain feasible solutions in the facing
environmental conditions. However, EC should be adaptive
to the facing environmental conditions if the environmental
changes can be observed. If the environmental change is
very slow and the change is small (Fig.2 (a)), the mutation
range should be large according to the amount of the
environmental change. Basically, this kind of change can be
considered as some noise in a stationary environment. The
environment of Fig.2 (b) includes big changes, but the
environmental condition is stationary after a big change. If
the big change can be observed, most of candidate solutions
should be replaced with randomly generated candidate
solutions. The environment of Fig.2 (c) is changing nonstationarily with both features of Figs.2 (a) and (b). In
general, the change of visual images corresponds to the
environment of Fig.2 (c). The visual image of a mobile
robot changes according to both the dynamics of
environmental changes and the robotic motion. Therefore,
ISBN: 978-989-95079-6-8

Hubot II

Hubot I

MOBiMac

Figure 1: Partner robots; MOBiMac and Hubot

Figure 2: Patterns of changes in dynamic environments

(a) Movement of attentive points in the visual search

(b) Distribution of candidate solutions in evolutionary search

Figure 3: Comparison of visual search and
evolutionary search
(639, 479)
(xO, yO)

(319, 239)

(0, 0)
(0, 0)

(a) Original Image

(b) Attention range

Figure 4: Preprocessing for human face detection
we discuss visual perception based on active robot vision
and EC from the viewpoint of human visual perception.
Figure 3 shows the comparison between the visual
search and evolutionary search. The left and right figures
show the distribution of search points in the focused search
and distributed 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 solutions are
centralized toward the better candidate solutions. Otherwise,
candidate solutions are globally distributed in the search
space. The next search points in the evolutionary search are
generated by crossover and mutation. 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 search should be performed. We
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apply a steady-state genetic algorithm (SSGA) to realize the
continuous and real-time search for the robot vision like
human visual perception in a dynamic environment, because
SSGA can easily obtain feasible solutions through
environmental changes with low computational cost.
2.4 Image Processing for Pattern Recognition
Various types of pattern matching methods such as template
matching, cellular neural network, neocognitron, and
dynamic programming (DP) matching, have been applied
for the human detection in image processing. In general,
pattern matching is composed of two steps of target
detection and target recognition. The aim of target detection
is to extract a target candidate from an image
(segmentation), and the aim of the target recognition is to
identify the target from classification templates.
Furthermore, we can discuss the pattern matching from the
viewpoints of the bottom-up processing and top-down
processing. The candidate detection is considered as the
bottom-up processing based on the 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 combination of bottom-up
processing and top-down processing realizes the efficient
and effective search. In this paper, we apply growing neural
gas and SSGA for bottom-up processing and top-down
processing, respectively.

(a) node fired

(b) node moved

(c) edge deletion

(d) node addition

Figure 5: How to learn GNG nodes and edge

3. Human Tracking based on
Evolutionary Robot Vision
3.1 Growing Neural Gas for Bottom-up Preprocessing
An image is a set of pixels with color information. The
segmentation into target candidates based on color
distribution is very important 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. Growing neural gas
(GNG) is a competitive learning network as one of variants
of SOM [22] used as a clustering method.
The learning algorithm of GNG is shown as follows.

as1 ,s2 = 0

(3)
Step 4. Add the squared distance between the input signal
and the winner to a local error variable Es1(see Fig.5(b)).
Es1  Es1 + v  ws1

(

s1 = arg min v  wi

(1)

s2 = arg min v  wi

(2)

where v is composed of the position (x, y) and color
information (R, G, B) of color pixel on the image(see
Fig.5(a)).
Step 3. If a connection between s1 and s2 does not yet exist
, create it. Set the age of the connection between s1 and s2
to zero.
ISBN: 978-989-95079-6-8

Figure 6: An example of GNG

2

(

w j  w j + 2G  v  w j

Step 0. Generate two units at random position, wc1, wc2 in
Rn. Initialize the connection set.
Step 1. Generate at random an input data v according to
p(v).
Step 2. Determine the nearest unit s1 and the second-nearest
unit s2 by

iA\{s1 }

GNG for Human
shape recognition

(4)

Step 5. Adapt the reference vectors of the winner and its
direct topological neighbors by the learning rate 1G and
2G, respectively.
ws1  ws1 + 1G  v  ws1
(5)

wi : the nth dimensional vector of a node ( wi R n )
A : a set of nodes
Ni : a set of nodes connected to the ith node
c : a set of edges
ai,j : the age of the edge between ith and jth node

iA

Original Image

)

)

if cs1 , j = 1

(6)

Step 6. Increment the age of all edges emanating from s1.
as1 , j  as1 , j + 1 if cs1 , j = 1
(7)
Step 7. Remove edges with the age larger than amax. If
units have no more emanating edges after this, remove those
units(see Fig.5(c)).
Step 8. If the number of input signals generated so far is an
integer multiple of a parameter , insert a new unit as
follows(see Fig.5(d)).
Step 8-1. Determine the unit q with the maximum
accumulated error.
q = arg max Ei
(8)
iA

Step 8-2. Determine the unit f with the maximum
accumulated error among the neighbors of q.
f = arg max Ec
(9)
cN q

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

wr = 0.5  wq + w f

)

(10)

Step 8-4. Insert edges connecting the new unit r with units
q and f, and remove the original edge between q and f .
Step 8-5. Decrease the error variables of q and f by the
discount rate .
Eq  (1   )Eq and E f  (1   )E f
(11)
Step 8-6. Interpolate the error variable of r from q and f
Er = 0.5  Eq + E f
(12)

(

)

Figure 7: A template used for human detection in SSGA

Step 9 Decrease the error variables of all units
Ec  (1   )Ec , c  A
(13)
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.
3.2 People Detection and Tracking as Top-down
Processing
SSGA simulates a continuous model of the generation,
which eliminates and generates a few individuals in a
generation (iteration) [13]. The genotype is represented by
gi,j (i=1,2,..., G, j=1,2,..., M) and fitness value is
represented by fi. One iteration is composed of selection,
crossover, and mutation. The worst candidate solution is
eliminated ("Delete least fitness" selection strategy), and is
replaced with the candidate solution generated by the
crossover and the mutation.
We use the elitist crossover and adaptive mutation [15].
The elitist crossover randomly selects one individual and
generates an individual by combining genetic information
from the selected individual and the best individual with
the crossover probability. If the crossover probability is
satisfied, the elitist crossover is performed. Otherwise, a
simple crossover is performed between two randomly
selected individuals. Next, the following adaptive mutation
is performed to the generated individual,
f  fi
gi, j  gi, j +  j  max
+  j   N 0,1
(14)
f max  f min

( )

where fi is the fitness value of the ith individual, fmax and
fmin are the maximum and minimum of fitness values in the
population; N(0,1) indicates a normal random variable with
a mean of zero and a variance of one; j and j are the
coefficients (0<j<1.0) and offset (j>0), respectively. In
the adaptive mutation, the variance of the normal random
number is relatively changed according to the fitness values
of the population in case of maximization problems.
The robot must recognize a human face from complex
background speedily. Therefore, we use SSGA for human
detection as one of search methods. The human face
candidate positions based on human skin and hair colors are
extracted by SSGA with template matching. Figure 7
shows a candidate solution of a template used for detecting
a human face. A template is composed of numerical
parameters of gi,1H, gi,2H, gi,3H, and gi,4H. The number of
individuals is GH. The initial population of SSGA 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 fitness value of the ith individual is calculated by the
following equation,
H
H
H
H
H
f i H = CSkin
+ CHair
+ 1H  CSkin
 CHair
 2H  COther
(15)
ISBN: 978-989-95079-6-8

(a) Fuzzy Evaluation based
on Gaussian membership

(b) The position of
facial landmarks

Figure 8: A template used for face recognition

where CHSkin, CHHair and CHOther indicate the numbers of
pixels of the colors corresponding to human skin, human
hair, and other colors, respectively; 1H and 2H are the
coefficients (1H, 2H>0). Therefore, this problem results in
the maximization problem. The iteration of SSGA is
repeated until the termination condition is satisfied. Here
SSGA for the human detection is called SSGA-H.
Since SSGA-H extracts the area of skin colors and hair
colors in the human detection, various objects except
humans might be detected. Therefore, the human tracking is
performed according to the time series position of the ith
human candidate (gi,1H, gi,2H) obtained by SSGA-H. The
position of the jth human candidate in the human tracking
(Xk,1, Xk,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
(Xk,3, Xk,4) are updated by the size of the detected human
(gi,3H, gi,4H). The update is performed as follows
(j=1,2,3,4);
X k, j = (1   ) X k , j +   xi, j
(16)
Furthermore, the time counter for the reliability 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
detection. Therefore, the removal processing is performed
when human candidates are coexisting within the tracking
range.
3.3 Fuzzy Evaluation for Face Recognition
The human detection based on color distribution sometime
extracts something with similar color distribution. In order
to improve the performance of human face recognition, we
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Table 1: Initial values used in Gaussian membership
function
bh,2
ah,1
ah,2
bh,1
Right eye

0.2

0.2

0.4

0.2

Left eye

0.8

0.2

0.4

0.2

Mouth

0.5

0.6

0.4

0.37

Original Image

Human Tracking

(a) Case 1

Table 2: Search range of giH,5 , giH,6 , giH,7
H
gi,5

H
gi,6

H
gi,7

min

0.1

0.15

0.7

max

0.35

0.35

0.9

Original Image

Human Tracking

(b) Case 2

can use the color information of facial landmarks. The
human detection by SSGA can be considered as a coarse
search, and the extraction of facial landmarks can be
considered as a fine search. We apply fuzzy evaluation for
face recognition based on the position of facial landmarks
(Fig.8 (a)). We use the position of eyes and mouth. We use

Original Image

Human Tracking

(c) Case 3
Original Image


(x  ah,1 )2 (y  ah,2 )2

if p(i, j) = ch
exp 
µ A(h,i, j) = 
2bh,12
2bh,2 2 

otherwise
0
(17)
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; ch is the color ID of the hth facial landmark is the
center of a facial landmark; (ah,1,ah,2) and (bh,1,bh,2) are the
normalized position and size of the hth facial landmark in
the template candidate extracted by SSGA. Therefore, this
value is high if the color pixel corresponding to the facial
landmark is near with the center of the facial landmark.
Therefore, we can evaluate the degree of existing each facial
landmark as follows;
f Land,h =  µA(h,i, j )
(18)
(i, j )gk

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

fFace =  f Land,h

(19)

Templete matching

Color information

Template with Fuzzy
inference

(d) Case 4

Figure 9: Experimental results of face recognition
Table 3: The values of human face obtained in experimental
results of Cases 1 and 2
H
H
H
gi,5
gi,6
gi,7
case 1

0.31

0.19

0.77

case 2

0.26

0.27

0.78

h=1

where H is the number of facial landmarks. We use right
eye (h=1), left eye (h=2) and mouth (h=3) for the evaluation
(H=3). Figure 8 (b) shows the positions of facial landmarks
where (gi,5H, gi,6H) is the position of the right eye and (0.5,
gi,7H) is the position of the mouth. Therefore, (a1,1,a1,2)
=(gi,5H, gi,6H), (a2,1,a2,2) =(1-gi,5H, gi,6H), and (a3,1,a3,2)
=(0.5, gi,7H). 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 number of parameters for human detection is 7.

4 Experimental results
This section shows experimental results of human
ISBN: 978-989-95079-6-8

recognition of a partner robot. The maximal number of
nodes in GNG is 50. The population size of SSGA is 50.
The number of generations (iterations) SSGA in each frame
is 200 including the initial evaluations after the frame of
image is updated. This value is relatively small comparing
with that of the search by standard GA, but the search by
SSGA is a time series of continuous search in a dynamic
environment including a small change. Table 1 shows the
initial values of shape information used in fuzzy evaluation,
and Table 2 shows the search range of face parameters used
in SSGA.
Figure 9 shows experimental results of the proposed
method. First of all, we conducted experiments on face
recognition of two different people (Case 1 and Case 2).
Figure 9.(a) and (b) show snapshots of original image (left),
and human-object detection results by SSGA (right) where a
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green box indicates the extracted human face. Table 3 shows
the values of human face obtained in experimental results of
Cases 1 and 2. In these results, the proposed method can
extract human face with identifying the position of facial
landmarks correctly.
Next, we conducted experiments on face recognition
where the image includes skin color of object (Case 3) and
the image includes the complicated background (Case 4).
Figure 9 (c) shows experimental results of the proposed
method in Case 3. The proposed method can extract a
human face, although the person wears a helmet with
having a skin-color book. Figure 9 (d) shows experimental
results of the proposed method in Case 4; original image
(upper-left), color information (upper-right), template
matching without fuzzy evaluation (lower-left), and
template matching with fuzzy evaluation (lower-right). The
proposed method succeeds to extract a human face correctly.
On the other hand, the template matching without fuzzy
evaluation fails to extract human face, because some books
located in the left of the person on the background image
are recognized as a person. In this way, the proposed
method can extract a human face in various environmental
conditions.

5 Conclusions
This paper proposed a method of human face detection
based on the template matching with a steady-state genetic
algorithm and fuzzy evaluation. The experimental results
show the effectiveness of the proposed method.
Membership functions are very useful to evaluate candidate
solutions including noisy data. The essence of the proposed
method in the flexibility of the search by combining steadystate 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 proposed method to the
associative learning between the perceptual information and
symbolic information peculiar with the interacting person.
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