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The important question is how the thresholds should be 
decided. In this paper, we introduce bio-inspired processing 
algorithms such as Self-Organizing Map (SOM), modular 
network SOM (mnSOM) and Neural Gas (NG) into the 
optimization of threshold parameters. The experimental results 
in various light conditions are discussed and evaluated. 

II. VISION SYSTEM OF “MUSASHI” ROBOT  

  The vision system of the “Musashi” robot consists of an 
omni-directional mirror and an IEEE 1394 digital camera. 
Many RoboCup robots recently have strong kicking devices 
for high loop-shoots, so that the vision system should 
estimate the position of the ball in the air from single vision. 
 The obtained image from the omni-vision camera (Fig.2a) is 
in the YUV format and also converted into HSV format 
(Fig.2c). The upper and lower thresholds to extract target 
colors are decided empirically in both YUV and HSV 
formats, and the resulted image is given as the AND 
operation of both images. In the example of Fig.2, the blue 
regions are extracted in YUV color space (Fig.2b) and HSV 
color space (Fig.2c) and the obtained image is in Fig.2d. It is 
shown that the blue goal is detected clearly using this method. 
In RoboCup, the robot should recognize three kinds of 
objects: the orange ball, the green field and the white lines. 
The orange ball is extracted as follows (1)~(3):  

O = (V o ∩ H o)    (1) 
V o ∈ [Vmin

o ,Vmax
o ]   (2) 

H o ∈ [Hmin
o ,Hmax

o ]   (3) 

 Let O, V oand H o be the extracted orange region by AND 
operation, the orange region estimated from V value in YUV 
format, and the orange region from H value in HSV format, 
respectively. YUV format values and HSV format values are 
expressed by 8 bits numbers [0, 255]. Let G and W be the 
green region and the white line region, respectively. The 
following describes the process to extract the field region and 
line region. 

G = (U g ∩V g )    (4) 

U g ∈ [Umin
g ,Umax

g ]   (5) 

V g ∈ [Vmin
g ,Vmax

g ]   (6) 

W = Y w     (7) 

Y w ∈ [Ymin
w ,Ymax

w ]   (8) 

Y and U indicate the Y and U values in YUV, respectively.  B
and Ye indicate the each goal color, so that Goals are also 
extracted using this method (Fig.2d).  

B = (U b ∩ H b )   ( 9 ) 

U b ∈ [Umin
b ,Umax

b ]   (10) 

(a) Image from the IEEE 1394 camera. 

(b) Extracted blue objects of using the YUV color map. 

(c) Extracted blue objects by using the HSV color map.  

Fig.2 Blue color extraction result of “Musashi” robot vision system 
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[ ]iii yx=θ     (17) 
(a) Evaluative Process

In evaluative process, all learning data sets are calculated 
the distance between each reference vector. 

Ei
k = wk − xi

2
   (18) 

(b) Competitive process
In competitive process, to find the best matching of the input 

vector x with the reference vector w, the best matching unit 
(BMU) (k*) is defined that the minimum distance of eq. (18). 

k
iki Ek minarg* =    (19) 

(c) Cooperative process
   In cooperative process, the winning units (best 
matching units) locate the center of a topological 
neighborhood of cooperating units. Let d(k,k*) denote the 
Euclidean distance between k-th module  and k*-th best 
matching unit. Then, we may assume that the topological 
neighborhood k

iφ  is an unimodal function of the distance 
d(k, k*), such that it satisfies two distinct requirement:  
(i) The topological neighborhood k

iφ  is symmetric about 
the maximum point defined by d(k, k*) = 0 
(ii) The amplitude of the topological neighborhood k

iφ
decreases monotonically with increasing distance d(k, k*),
decaying to zero for ∞→),( *kkd ; this is  a necessary 
condition for convergence. 
 A typical choice of k

iφ  that satisfies these requirements are 
the Gaussian function (eq. (20)). 

= 2

2*

2
),(exp σφ ik

i
kkd    (20) 

The parameter σ  is the “effective width” of the 
topological neighborhood. It is called neighbor radius. Its use 
also makes the SOM algorithm converge more quickly than a 
rectangular topological neighborhood world [11, 12, 13]. 
Another unique feature of the SOM algorithm is that the size 
of the topological neighborhood shrinks with time. This 
requirement is satisfied by making the neighbor radius σ (eq. 
(21)) of the topological neighborhood function k

iφ  decrease 
with time. A popular choice for the dependence of σ on
discrete time t is the exponential decay described by [14, 15]. 

( )τσσσσ t−−+= exp)( minmaxmin   (21) 

In batch type SOM, each unite learning rate is defined by k
iψ

which is normalized by summation of the k
iφ  (eq. (22)) 

=
'

'
i

k
i

k
ik

i φ
φψ    (22) 

(d) Adaptive process
In the Kohonen’s SOM, in adaptive process, all unit vectors 

are adjusted by using the update formula eq.(23) 

)()()1( k
i

k
i

kk wxtwtw −+=+ ψ    (23) 

In this color constancy algorithm, learning data θ  is 
described by eq.(17). So, unit vector has also input vectors 
and output vectors. In other words, reference vectors have 
also same dimensions of input and output vectors. In this 
time, we use the batch SOM, then the reference vectors w are 
updated by eq. (24). 

=+
i

i
k
i

k tw θψ)1(    (24)  

In the processing mode, input data form the camera put the 
evaluation process. And, on the competitive process, the robot 
finds the BMU, and this BMU output vector y is used for 
thresholds. 

C  Color constancy algorithm using Neural Gas 
Neural Gas (NG) is network model of using vector 

quantization.  NG is also similar in SOM some respects [16]. 
About one of the biggest different point, SOM has the 
relationship of neighborhood unit, on the other hand, NG 
doesn’t have the relationship each unit. Each unit is learning 
independently, and there can move freely. Therefore, number 
of the unit is more decrease than SOM.  Basically, the 
algorithm of NG learning process is same as SOM.  In the 
point of competitive process, each unit is decided ranking by 
using eq. (18).  

rank(ki) = rank(Ei
k )    (25) 

TABLE I
VARIABLE USED EXPLANATION OF ALGORITHM

Symbol Quantity 

θ Learning data  
x Input vector 
y Output vector 
i Index expressing classes (i = 1, .... , I) 
w Reference vector 
k Index expressing unit (k = 1,......, K) 
E Distance between input vector and reference vector
k* Best Matching Unit (BMU) 
φ  Neigubor Function 

d(a,b) Euclidean distance between a and b 
ψ Learning late 
σ Neighbor radius 
τ Time constant 
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And, in the cooperative process, learning rate is changed to 
eq. (26) 
.

φi
k = exp rank(ki)

2σ 2
 
 
  

 
    (26) 

Equation of (26) substitute eq. (22), and each units are 
learned by eq. (24). On the processing mode, the algorithm of 
processing mode is same as SOM.  

D  Color constancy algorithm using modular network SOM 

 Modular network SOM (mnSOM) is extended to conventional 
SOM. The idea of mnSOM is very simple; each vector unit of 
a conventional SOM which is arrayed on a 2-dimentional 
lattice, is replaced by a function module of a neural network 
(e.g. Multi-layer perceptron (MLP), SOM, etc.) [17]. mnSOM 
inherits all other properties of the conventional SOM. The 
mnSOM strategy has several advantages. First, the application 
targets are widely expanded from fields involving just 
vectorized data to those dealing with more general classes of 
datasets relevant to functions, systems, time series and so on 
[18].  
 The learning process of mnSOM consists of 4 processes. 
Table II shows the functions and parameters of using mnSOM. 
In our algorithm, the basic mnSOM does not have reference 
vectors. However, our algorithm has reference vectors same 
dimensions as input vector x, and neural network is used MLP 
which is learning under the Back-Propagation algorithm. In 
this time input is used input vector x, and teaching data is used 
output vector y.

(a) Evaluative process. 
 At first, input vector x is compare to the module’s vector u
(eq.(26)). 

Em j
m = um − x j

2    (26) 

 (b) Competitive process 
  The minimum of distance eq. (26) is decided as Best 
Matching Module (BMM).  

m j
* = argm min Em j

k    (27) 

(c) Cooperative process 
  By using each BMM, each neighbor hood module are given 
to the learning rate which is based on Gaussian function 
(eq.(28)). 

ψ j
m (t) = φ(d(m,m j

* ) / φ(d(m,m j '
*

j '=1

J

)
  (28) 

φ(d(m,m j
* );t) = exp −d(m,m j

* )2 /2σ 2(t)[ ] (29) 

(d) Adaptive process 
   By using the each learning rate, the MLP and reference 
vector are learned. 

Δwm = −η ψ j
m (t)

∂E j
m

∂wm = −η
j=1

J ∂E m

∂wm

 (30) 

u j ( t + 1) = ψ j
m x j

j

   (31) 

The processing mode, on the evaluative process, input from 
the robot evaluates the reference vector, and competitive 
process decides the BMU.  The output is calculated by using 
BMU’s MLP. 

III. EXPERIMENT 
In order to evaluate the performances of color constancy 

algorithms, 17 sets of teaching data in various lighting 
conditions are prepared for learning. Table III shows the 
lighting conditions where the data are sampled and their 
luminance. The data are measured in fluorescent light (FL), 
fluorescent light sunshine (FL and SUN), white mercury lamp 
(WM), orange mercury lamp (OM) and under sunshine (SUN) 
and their luminance change from 10 to 18640 [lx]. The data 
sets in table IV are the test data for performance evaluation, 

TABLE II VARIABLE USED EXPLANATION OF MNSOM ALGORITHM

Symbol Quantity 

υ Reference module vector  
x Input vector 
y Output vector 
j Index expressing classes (j = 1, .... , J) 
m Index of module 

Em Distance between input vector and  
reference vector 

m* Best Matching Module (BMM) 
φ  Neigubor Function 

d(a,b) Euclidean distance between a and b 
ψ Learning late 
σ Neighbor radius 
τ Time constant 

TABLE III ENVIRONMENT OF THE LEARNING DATA

Light environment (Location) Illuminance [lx] 

FL (RoboCup room) 10
FL (RoboCup room) 53
FL (RoboCup room) 110
FL (RoboCup room) 453

FL and SUN (RoboCup room) 81
FL and SUN (RoboCup room) 90
FL and SUN (RoboCup room) 450

FL and SUN (Entrance) 25
FL and SUN (Entrance) 45
FL and SUN (Entrance) 125
FL and SUN (Entrance) 252

SUN (Outside) 228
SUN (Outside) 18640

SUN (Gym) 35
WM and SUN (Gym) 113
OM and SUN (Gym) 142

WM, OM and SUN (Gym) 216
SUN: Sunshine, FL: fluorescent light,  

   WM: white mercury lamp, OM: orange mercury lamp) 
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not used in the learning process. The learning times for each 
algorithms are 30000.  

Table V shows the comparison of the learning results. With 
30000 times learning, the errors of SOM and Neural Gas based 
algorithms converged to almost zero, but in mnSOM algorithm 
still error remains. The execution speed means how many 
frames can be processed online in the RoboCup robot. The 
SOM and NG based algorithms can calculate 2 times more 
faster than mnSOM based algorithm. Regards to the 
recognition rate, NG and mnSOM based algorithms show the 
best performance. 

In this problem, the NG based algorithm shows the best 
performance. mnSOM, an expansion of conventional SOM 
shows also good performance, however, this color constancy 
problem is not so complex as the mnSOM supposes. 

IV. RESULT
In this paper, we propose and develop the color recognition 

system of using the bio-inspired algorithm. Considering about 
mounting the autonomous mobile soccer robot, NG algorithm 
is the best of color detection algorithm. 
In this algorithm, the algorithm detect the thresholds under 

the non-linear light environment, however, in the future work, 
the algorithms of bio-inspired can also adjust the camera 
parameters (Iris, white balance, gamma parameter and so on.) 
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TABLE V RESULT OF EXPERIMENT

 SOM NG mnSOM

Learn speed [sec] 27.9 17.1 81.5 
Error 0.0007 0.0000 0.0367

Execution speed 
[fps] 16.3 17.1 8.7 

Recognize Rate[%] 83.3 85.4 85.4 

TABLE IV ENVIRONMENT OF THE NON LEARNING DATA

Light environment (Location) Illuminance [lx] 

FL (RoboCup room) 310
FL and SUN (RoboCup room) 69

SUN (RoboCup room) 2
FL and SUN (Entrance) 337
FL and SUN (Entrance) 168

SUN (Entrance) 30
SUN (Outside) 58
SUN (Outside) 980

SUN: Sunshine, FL: fluorescent light,  
   WM: white mercury lamp, OM: orange mercury lamp) 
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