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Abstract. Previously, the Logit-Logistic Fuzzy Colour Constancy (LLFCC) 
algorithm has been developed and tested to improve colour object classification 
significantly by compensating for the effects of variations in illumination 
conditions.  However, the implementation was only achieved in serial, and 
requires tedious hand calibration to extract the colour contrast rules used for 
optimal colour classification.  Furthermore, as colour calibration for object 
detection entails repetitive colour classification and tuning of the colour 
descriptors, running these algorithms in serial proves to be extremely slow.  
Hand-calibrating the rules involve trial and error runs, and can take up to 1 hr to 
complete.  In light of these problems, this paper presents a novel parallel 
technique which dramatically improves the speed of the LLFCC algorithm, as 
well as automates the colour contrast rule extraction system.  
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1   Introduction 

Colour descriptors are considered to be one of the essentials for achieving object 
recognition.  Among many other object properties, colour descriptors rise above the 
rest in achieving the object identification task as it serves as a necessary precursor to 
calculating size, shape, location and orientation [1], [2], [3].  However, common to 
these object identification algorithms is that they are slow due to their sequential 
nature of colour classification and object identification.  Such identification and 
colour classification tasks are complex, requiring a lot of data movement.  In 
particular, the complete colour calibration process is extremely difficult to execute in 
real-time.  One plausible solution to the above problem is to use more than one 
processor to carry out the identification/classification task. Many algorithms have 
ventured this avenue. In [4] and [5] a parallel approach has been used to track objects 
in an image. The identification system carries out a series of image processing tasks 
such as segmentation, and adaptive thresholding to name a few.  Parallelism is 
achieved by breaking up the image into as many parts as there are processors. The 
master node opens up the image and distributes parts of the image to several other 
processors. This, however, slows down the process as the master needs to 
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communicate respective image coordinates, and pixel values to each processor, before 
any parallel processing can take place.  On the other hand, the Parallel LLFCC 
(pLLFCC) algorithm and the Automatic Parallel Rule Extraction System (ApRES) 
work differently in this regard.  Parallelism in these algorithms is not dampened by 
image communication anymore, as only the results are communicated.  All nodes 
open up the same image and start processing as soon as they open the image.  This 
saves communication time, and also, no two nodes are dependant on one another (i.e.  
a slave node does not depend on the master node).  Interestingly, using the proposed 
approach, we were able to classify colors in approximately 0.04 sec. 

Another problem encountered in [1], [2], [3], [4], [5] is that they often use classical 
colour sets [8], where a pixel is strictly labeled as either a member or non-member of 
a certain group of pixels.  This can lead to incorrect colour classification results, 
especially if the lighting conditions are not uniform throughout.  This problem is 
largely due to hue and saturation drifting caused by changes in the illumination – a 
non-linear transformation of the sensed colour tri-stimulus in the colour space.  This 
colour instability problem has been tackled by various algorithms using different 
techniques.  In [1] an evolutionary algorithm (EA) working in the YUV colour space 
(which is most efficient in skin detection applications) has been used.  The EA is used 
for an efficient colour classification which corresponds closely to a certain threshold 
value.  It uses “1 + 1 Evolutionary Strategy” (OOES) [1] as the evolutionary strategy 
and uses a fitness function to test the outcome at each step. The fitness function is 
defined as the ratio of correctly classified pixels to misclassified ones. However, the 
problem with this method is that approximately 25 steps need to be completed before 
a successful classification is achieved.  The classical colour set problem is approached 
in [3] by using a set of parameters in HLS colour space to classify the colour of a 
pixel.  The parameters examined are, a lower (L) value set to 0.5, an upper (S) value 
set to 1.0 and hue intervals that define similar colors.  However, as the Saturation 
component is being disregarded (as it is a constant), this algorithm is likely to fail in 
distinguishing between colours that have the same Hue component, but different S 
components (e.g. yellow and light green). 

Another promising approach to solving the classical colour set problem is to use 
Fuzzy Logic.  Fuzzy set theory has made several inroads into the treatment of 
uncertainty in various aspects of image processing and computer vision [2].  The 
boundaries between colour sets are inherently ill-defined due to the ambiguities in the 
colour descriptors itself, making Fuzzy Logic an amenable solution to the problem.  
The pLLFCC and ApRES algorithm explained in this paper uses a fuzzy mechanism 
which is lenient towards pixel classification, which is to say that the mechanism gives 
a degree of membership to each pixel believed to be a member of a certain group of 
pixels, rather than asserting strict member or non-member values.  Fuzzy colour 
contrast operators explained in [6] have been used to reduce the number of 
misclassifications and increase the number of correct classifications. 

However, rule extraction using Fuzzy color contrast operators depends on hand 
calibration to find the most optimal solution.  Hand calibration involves trial and error 
runs, and is thus very slow (approx. 1 hr. to get to an optimal solution).  The 
automatic rule extraction algorithm we present in this paper uses a calibration 
technique which when executed in serial gives a result in approximately 3 seconds, 
and 0.0019 seconds in parallel using three processors. 



2   General System Architecture 

The classification algorithm is comprised of two parts: the ApRES and the pLLFCC.  
The system was developed on the Linux operating system with the Fedora Core 
Distribution version 5.  Parallelism was achieved using the Sisters Cluster [7] 
provided by Massey University. The cluster consists of a main server which runs on a 
Dual P3 processor at 677MHz, 30GB SCSI disks and a memory of 512MB, eleven 
other nodes (or processors) running on a P3 processor at 677MHz and 256MB RAM, 
four other nodes running on a Celeron processor at 500MHz and 256MB RAM. The 
cluster is connected via a 16 port 3Com fast Ethernet switch [7]. The system was 
developed in a C programming language.  Further, for the purposes of creating a GUI 
and a camera interface, OPENCV was used.  Also, for enabling message passing 
between processors, the MPI (Message Passing Interface) library was used.  All 
experiments were carried out in an enclosed room, with a ceiling-mounted camera.  
Lastly, the camera used was the AVT-Marlin F-033B firewire (1394a) camera, 
operating in 8-bit mode, RGB format with a frame rate of 60fps, ensuring high quality 
images. 

3   The pLLFCC and the ApRES 

3.1   rg-Chromaticity Colour Space and the Pie-Slice Technique 

The rg-Chromaticity colour space is a normalized RGB space, which reduces the 
effects of brightness.  In order to extend its colour classification potential, new colour 
descriptors introduced in [6] have been used. The new colour descriptors enable the 
separation of similar colours, and are called rg-Hue and rg-Saturation. 

The pie-slice technique is used for colour classification, and is able to reduce the effects of 
glare and hue drifting on colour classification.  The pie-slice decision region is characterized by 
rg-Hue (bounding angles) and rg-Saturation (radius) values in rg-chromaticity colour space.   

Sample colour classification rule using the pie-slice approach, given that the pixel being 
examined is characterized by rg-Hue and rg-Saturation values:  

If ( rg-Hue >= θ1 and rg-Hue <= θ2 ) and ( rg-Sat >= rmin and rg-Sat <= rmax ) 
Then Colour is Pink. 

(1) 

3.2   Hits and Misses 

Hits: If a pixel’s angle and radius lies within the pie-slice decision region of the target 
colour, and the coordinates of that pixel lies within the bounds of the target object, 
then the pixel is considered to be a hit.  Miss: If a pixel’s angle and radius lies within 



the pie-slice decision region of the target colour, and the coordinates of that pixel lies 
outside the bounds of the target object, then the pixel is considered to be a miss.  
Score = Hits / Hits + Misses. 
 

 

Fig. 1. Pie-slice decision region. 

3.3   The ApRES 

The automatic rule extraction system works as follows: 

For each node: 
   Open the captured image. 
   Loop: 

Extract different colour contrast rule combinations of green and 
blue, while keeping the red component   constant. 
Apply colour contrast rule combination to acquire the new RGB 
values. 
Transform new RGB values into rg-Hue and rg-Saturation. 
Perform pie-slice colour classification. 
Calculate the total number of hits and misses over all patches 
in the image. 
Store results in a structure (i.e. Rule combination, Hits and 
Misses). 

   Until end of image. 
 

For the Master node: 
Use the results stored in the structure to calculate the score for   
each rule combination. 
Determine the combination with the highest score. 

3.4   The pLLFCC 

Figure 3 illustrates the inner workings of the parallel LLFCC algorithm. Fig. 2 shows 
2 processors (1 master, 1 slave); however, in practice, n number of processors can be 
used to carry out the classification task.  Rx denotes no operation for the Red 



component, while RE and RD stands for Red-Enhance and Red-Degrade respectively.    
The pseudo-code is shown below: 

 
Step 1.  Each node opens up the same image. 
Step 2.  Master Node: 
Select primary patch. 
Calculate minimum and maximum values for the angles and radii. 
Send above values to slaves. 
Step 3.  Slave Node: 
Receive data from master. 
Scan part of the image based on the slave id 
Apply rule extracted from ApRES. 
Perform colour classification. 
Send classified colours back to master. 
Step 4.  Master Node: 
Receive data from slave(s) 
Detect objects. 

 

 

Fig. 2. The ApRES and the Parallel LLFCC. 

4   Results and Analysis 

In testing the pLLFCC and ApRES algorithms, we used a maximum of 7 nodes and 5 
colour patches, with each patch containing either green, pink, blue or yellow for 
colour classification.   



4.1   Speedup Factor in Colour Classification Using Varying Number of Nodes 

The results shown in the table below were calculated using different configuration of 
the number of nodes used and the number of patches selected by the user. Each 
configuration was run 5 times, and then the average of those 5 readings was 
calculated, this average is the final result.  

From the results showed in Table 1, it can be observed that the number of target 
colour patches does not really affect the speed of colour classification.  Moreover, it 
can be seen that the configuration using 4 nodes returns the best result.  Utilizing 
more than 4 nodes does not improve the classification speed anymore as it only 
increases the communication delay between the master node and the slave nodes until 
the communication time between the master and the slave nodes is more than the 
colour classification time.  

Table 1.  Speedup factor in colour classification using varying number of nodes and patches.  

Number of 
Patches 

3 Nodes 4 Nodes 5 Nodes 6 Nodes 7 Nodes 

2 1.99676 2.98626 2.1834 2.0062 1.98 
3 1.85437 3.0142 2.188 2.4108 2.248 
4 1.9457 2.863 2.3908 2.3426 2.2765 
5 1.996 3.059 2.1843 2.146 2.171 
6 1.99676 2.98626 2.1834 2.0062 1.98 
7 1.85437 3.0142 2.188 2.4108 2.248 

 

4.2   Effects of Colour Contrast Rule Combinations to Colour Classification 
Accuracy 

Shown below in Fig. 3 are the scores achieved by applying the various R, G, B colour 
contrast rule combinations (enhance, degrade or no operation) over the image.   

A sample colour contrast operation combination is as follows:  

If (rg-Hue depicts Pink) Then Enhance red, Degrade Green and No operation 
on blue. 

(2) 

 
A closer look at the results in Fig. 3 show that a few combinations of colour contrast 
for R, G and B produce low scores. Thus these combinations can be excluded in 
further executions.  



 

Fig. 3. RGB combinations and colour classification scores.  R0 denotes red enhance, R1 
denotes red degrade, R2 denotes no contrast operation.  The combination numbers correspond 
to a specific Green and Blue colour contrast combination.  

Table 2 compares the calibration speed when the calibration is done manually (i.e. 
by hand), using one processor in the automatic calibration system and using three 
processors in the automatic calibration system.   

Table 2.  Calibration Speed Comparisons. 

Calibration Technique Speed (sec.) 
  
By hand 3600 
Serially 3.5985 
Using 3 Processors 0.001948

 4   Conclusions and Future Work 

A parallel colour calibration technique (pLLFCC) has been developed and tested for 
use in the robot soccer game.  From the empirical results, it is evident that parallelism 
improves the speed of colour classification task to a good extent.  By increasing the 
number of nodes from two to three, a 50% increase in speed is achieved, and on the 
average, a speedup factor of almost 45% is acquired. 

The automatic parallel rule-extraction system (ApRES) developed achieves a much 
higher speed, with better accuracy as compared to manual colour contrast rule 
extraction.  Furthermore, when the ApRES is executed using three processors, the 
speed achieved is greater than running it in serial.   



As an extension to ApRES, we are currently in the process of incorporating an 
intelligent colour guidance system for colour rule extraction which would 
automatically filter out combinations that confer low scores. 
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