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Abstract 
  
 In the manufacturing control of Fuel Element Plates for Research Reactors, one of the problems to be 
addressed is how to determine the U-density homogeneity in a fuel plate and how to obtain qualitative and 
quantitative information in order to establish acceptance or rejection criteria for such, as well as carrying out 
the quality follow-up. 
 
This paper is aimed at developing computing software which implements an Unsupervised Competitive 
Learning Neural Network for the acknowledgment of regions belonging to a digitalized gray scale image. 
This program is applied to x-ray images.  These images are generated when the x-ray beams go through a fuel 
plate of approximately 60 cm x 8 cm x 0.1 cm thick. A Nuclear Fuel Element for Research Reactors usually 
consists of 18 to 22 of these plates, positioned in parallel, in an arrangement of 8 x 7 cm. 

 
Carrying out the inspection of the digitalized x-ray image, the neural network detects regions with different 
luminous densities corresponding to U-densities in the fuel plate. This is used in quality control to detect 
failures and verify acceptance criteria depending on the homogeneity of the plate.  This modality of inspection 
is important as it allows the performance of non-destructive measurements and the automatic generation of 
the map of U-relative densities of the fuel plate. 

Introduction 
A way of measuring the U-density of the plate is to measure the optical intensity on an x-ray 

radiographic plate. 
 
By means of using calibrated patterns, it is obtained the relation between the U-surface density and the 
luminous intensity.   Then, by applying this relationship to the x-ray image of the fuel plate, the U-surface 
density map is generated.  Dividing into regions of similar density (which we shall consider homogeneous 
regarding their surface density) we can determine failures in the plate. 
  
At present, the measurement of the surface density is made by using an optical densitometer (which covers 
circular surfaces of a diameter of approximately 0.3 cm) which measures the integral of luminous intensity in 
the object-surface. 
 
Another way of measuring the surface density is by means of the digitalization of the x-ray image (using a 
scanner on the x-ray radiographic plate or with an x-ray direct detector) taking isolated rectangular sections of 
a certain size, in each of which the intensities are averaged out in order to obtain the luminous intensity of 
such section. 
 
The number of samples that are taken in order to feature the plate and their location depends on the 
specification of the acceptance criterion defined by the agreed quality regulations. Usually, the number of 
rectangular or circular sections of 1 cm2 is of around five.  
 
This way of featuring the plate is insufficient as method for failure detection, as failures outside these regions, 
may be overlooked. A way of analyzing the whole plate and summarizing all such information is to divide the 
whole image in fixed rectangles covering the entire surface. Each rectangle is characterized by an average 
intensity.  This method is called the Fixed Rectangle Method (FRM). 



 
Nevertheless, when fixing “a priori” the size and shape of the regions, information is lost: the complete 
observation of the image shows that there appear extensive regions of similar intensity and other very 
localized and of high intensity.  
 
For instance, in the dog-boning zone there are both, a horizontal region of higher density and regions in the 
shape of veins of a lower density, parallel to the edges, created by the cutter during the manufacturing. 
Instead, in the central zone of the plate there are, in general, extensive regions of a same density, with fuzzy 
boundaries. 
 
The way to solve the problem lies in generating a method that determines the regions in relation to their 
homogenous density.  The so-defined regions shall be of different sizes and morphologies coinciding with 
different features (homogenities or failures). These regions shall be recognized by a skilled technician by 
means of a visual inspection, applying his experience. This work consists of developing an algorithm capable 
of determining in the digitalized image similar regions, which the skilled technician shall recognize. 

Unsupervised Competitive Learning Neural Network 
As it has been previously explained, the regions are not clearly defined and it is not easy to build an 

algorithm in a deterministic way. That is the reason why we resort to one of the tools of Artificial Intelligence, 
the Unsupervised Competitive Learning Neural Network. In this kind of networks there is no feedback from 
the environment in the learning stage indicating whether those outputs are correct or not. By means of an 
iterative learning process, the network must discover for itself, patterns, features, regularities, correlations or 
categories in the input data and code for them in the output. 

 
These networks, specially, have the capability of clustering or categorizing the input data. Similar 

inputs are classified as of the same cluster or category. And these clusters are found by the same network 
from the correlation of the input data.  

 
Given the input set X, which is the data that we wish to cluster, belonging to Rn-space (the n-

dimensional space of real numbers), the work of the network is to generate a set of K-clusters (K is an input 
parameter) and to say to which cluster each input belongs. Each one of these clusters is represented or 
featured by a weight Wi (with 0 ≤ i < K) in the same Rn-space than the input set.  The weight Wi of each 
cluster i, is the closest weight (using the Euclidian distance) to all the elements of this cluster i. The set of 
weights Wi is the one updated during the training in order to identify the clusters. 
 

In our problem, we implemented an Unsupervised Competitive Learning Neural Network where the 
input data are the pixels -with their coordinates (x,y) and their luminous intensity I(x,y)- of the x-ray image, 
and the clusters are the regions in which we wish to divide this image. 

 

Neural Networks applied to the definition of regions in a fuel plate 
 

In the matter we are analysing, the image is an N x M matrix and each matrix position has a value of 
luminous intensity (between 0 and 255 for the case of 8 bits-depth grey scale images). Based on this 
information, we define a function of luminous intensity: 

 
I(x: natural, y: natural) → natural. (with 0 ≤ x < M, 0 ≤ y < N, 0 ≤ I(x,y) < 256). 

 
We have defined the surface of the function I in R3, where each pixel located in the position (x,y) within the 
image, is a R3- vector given by (x,y,z) with z = I(x,y). 
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In the previous graphics we see three miniplates of Uranium Silicide with different surface densities and the 
graph of the intensity function I(x,y) as a surface in three dimensions. The first graphic (1) is the digitalized x-
ray raw image.  In the second graphic (2) we see the surface of the function in the (x,y) plane with the I (x,y) 
represented by different colours.  The third (3) graphic is the projection of the surface I(x,y) in the plane (x,z) 
and the fourth (1), is the function I(x,y) in the volume (x,y,z). 
 

At present, we implement an Unsupervised Competitive Learning Neural Network, of the kind previously 
explained, defining: 
 

• The input set X of the network as the vectors in R3 defined by the image pixels. 
• The number of K-clusters as the number of regions in which we wish to divide the image. 
• Each cluster i (0 ≤ i < K), featured by an R3-vector Wi as a region of the x-ray image. 

           
In this manner, the neural network defines the regions of the plate according to the correlation of the location 
data (x,y) and of the luminous intensity I(x,y) of each image pixel. That is to say that, the way of working with 
the neural network makes it possible the division in regions, taking into consideration the three values, (x,y,z) 
with z = I(x,y). 
 



Algorithm mechanism of Neural Networks 
  
The learning stage of the Neural Network is an iterative process where the weights Wi featuring the regions, 
are updated.  Pixels are selected one by one, randomly and the closest Wi (which we called Wi*) is looked for.  
Afterwards, the Wi* is updated in such a manner that it gets even closer to the selected pixel.  
 
In this way, each Wi gets closer to a set of pixels (dots in R3) defining a region. Each image pixel belongs to a 
region which weight Wi is closer in R3.  This is the reason why we say that Wi of the region represents all the 
pixels composing it, i. e., it summarizes information from all of them.  
 
When exploring the three-dimension space to generate the regions, the algorithm has the capability of: 

1. Discarding pixels which luminous intensity strays from the intensity of the region, even when this 
pixel is close in the plane to the rest of the region pixels.  

2. Incorporating to the region, pixels of similar intensity even when they are far -in the position they 
have in the plane- from the rest of the region pixels.  

 
Both capabilities make that the weights Wi define regions with different morphologies in the plane. 
 
Once the regions have been defined, it is calculated the average of luminous intensity of the composing 
elements of each region.  This value is the one used as intensity of the homogenous region, according to 
which the evaluation criteria are applied.   
 

 
The function I(x,y) represented by dots in the three dimension and the result of regionalizing it. 

 

Algorithm Tuning 
 
The number of iterations of the learning stage limits the time that the algorithm uses to generate the Wi, with 
the subsequent limitation in the definition of the region boundaries.  By adjusting this parameter the execution 
time and definition is tuned, according to the needs of the operator. 
 
The parameter K is the one determining the number of regions in which the image shall be divided.  As we 
have previously stated, the weight Wi of each region represents or summarizes the pixels composing said 
region.  Thus, the algorithm operator may use this parameter when looking for a greater summarizing power 
(generalization), or greater definition of the regions.   



 
There is another parameter to be tuned, the scaling α-parameter. This method allows to scale the third 
coordinate of the pixel, multiplying the luminous intensity value by α (i.e. (x,y,z) when z=αI(x,y)).  With this 
parameter, the operator decides the weight of the luminous intensity within the regionalization. On the one 
hand, low values of α make the network only use the plane location of the pixel. On the other hand, using 
high α values, the network takes into account only luminous intensity. Taking intermediate values correctly 
makes it possible to achieve the desired result.   
 



Results  

Comparative analysis of the Neural Networks Method with the Fixed Rectangle 
Method  
 

There are three bullet points by means of which we evaluate the performance of the proposed 
regionalization using the Neural Networks Method (NNM), in comparison to the regionalization used in the 
Fixed Rectangle Method (FRM). 

 

1. Image Preservation Level  
 

The capability of adapting to reality allows us to preserve details of the raw image, which would be 
otherwise erased or smeared in FRM. This can be proved by means of quantifying the errors between the raw 
images and the regionalized images by using the Mean Absolute Error and the Mean Square Error. Both 
measurements indicate the level of error introduced by each regionalization in order to achieve a greater 
generalization. 
 
After several tests, the results have shown that the defined error measured when using the NNM, have been 
always smaller than using the FRM.  This outcome shows a better preservation of the existing information in 
the raw image. 

 

2. Region Luminous Homogeneity Degree  
 
We regard luminous homogeneity degree as the standard deviation from the luminous intensity of the 

pixels of a region in relation to the luminous intensity of that region. We should remember that the luminous 
intensity of a region is the average of the intensities of the pixels composing it. 

 
The luminous homogeneity of each region is directly related to the homogeneity of the U-surface density.  
Therefore, a more approximate calculus of the luminous homogeneity led us to an improvement in the 
calculus of the homogeneity of the U-surface density. 
 
The luminous homogeneity degree shall be measured by using the mean standard deviation of each region’s 
luminous intensity.  The results from the tests carried out showed that the NNM achieves a greater 
homogeneity degree than the FRM, even when using fewer regions. 
 

3. Generalization 
 
In the raw x-ray image, there is no quantification, just the complete information, point by point, 

which can only be qualitatively interpreted by the skilled technician, but this information does not define the 
regions. 
 
In the regionalization process information is lost, but, instead, it is obtained a global vision which allows 
defining regions of similar intensity, i. e., with certain degree of homogeneity.  

 
The regionalization by NNM allows the operator to diminish the number of generated regions (K), improving 
generalization. This is possible due to the preservation of information of the raw image, the greater 
homogeneity degree and the morphological adaptability. These algorithm improvements allow us to 
generalize, keeping the information loss to the lowest values.  This information loss in the details is quite 
important when using the FRM. 
 



All this, allows the possibility of an objective decision on the quality controls referred to the homogeneity of 
the U-surface density, with a lower error than when using the FRM. 
Furthermore, the NNM allows the possibility of new controls as those depending on the surface or 
morphology of each region which are not possible with the other method, as all the regions are rectangular 
and have the same surface. 
 

Example 
 
Below, we compare the regionalization applied to the x-ray image of the dog-boning zone of a U3O8/Al fuel 
plate. Firstly, we carry out a visual inspection in order to compare the images generated by the 
regionalization.  Then, we perform two numerical measurements in order to contrast both methods’ results. 
 

• The first is the raw x-ray image, with no regionalization, which we shall call IRaw.  
• The second, called IFR, is the regionalization generated by the FRM, in which we appreciate a loss 

of definition, mainly in the region boundaries1. 
• The third, the image called INN, is the regionalization performed by the proposed NNM, where 

regions with different intensity and well-defined boundaries, can be distinguished. 
 

 
IRaw 
 

 
X-ray image of a U3O8/Al plate  
 
Dimensions: 
• Width 25.6cm. 
• Height 9.1cm. 

 
IFR 
 

 
Regionalization by FRM 
 
Generated Regions: 
• Number: 184. 
• Area: 1.1 cm2 each 

rectangular region. 

 
INN 
 

 
Regionalization by NNM 
 
Generated Regions: 
• Number: 64. 
• Area: from 0.60 in the 

edging regions to 7 cm2 in 
the central zone regions. 

                                                           
1 Blurring effect. 



 
 
 

A way of numerically comparing the performance of both methods is to calculate the error 
introduced by each regionalization regarding the raw image. We do this by calculating the Mean Absolute 
Error (MAE) and the Mean Square Error (MSE) for each method. 
 
Given that each image is an N x M matrix, we define the following values: 
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In the example below, we can see that the error introduced by the generalization when regionalizing is lower 
in the NNM than in the FRM: 
 

 IRaw - IFR IRaw - INN 
MAE 15.818 9.944 
MSE 628.393 160.235 

 
 

Another numerical performance comparison between the methods is that of measuring the luminous 
intensity variation of the pixels belonging to each one of the regions.  
 
For these purposes, we calculate the standard deviation of each region, then we average out the deviation of 
all the regions generated by each method and finally, we obtain the Mean Standard Deviation (MSD) of the 
regionalization of a given image. 
 
In the example we are analyzing, the results are as follows: 
 

MSD IFR INN 
Average 19.40 12.60 
Maximum 72.93 24.27 
Minimum 8.163 4.19 

 
Knowing that the luminous intensity is related to the U-surface density, we can affirm that the lower the 
standard deviation of a region, the higher the homogeneity degree of the U-density. 
 
It must be taken into consideration that, in this example, the NNM uses the third part of the regions used by 
the FRM. In spite of the fact that the lower number of regions goes against the measurements previously 
taken, even then, better results are obtained.   



Conclusions 
 

An automatic method of regionalization of U-surface density x-ray images of a whole fuel plate, 
called Neural Network Method (NNM) was presented.  We analyzed its performance and the regionalization 
produced by such method.  We observed a very good definition of homogenous regions and a high degree of 
detail in the boundaries of such regions, which gets closer to which the skilled technician would define at first 
sight. 
 
We compared the results with the results of a method currently used, the Fixed Rectangle Method (FRM). 
 
In the visual comparison, we observed a greater sharpness in the definition of regions and the capability of 
adapting to the morphology of the regions.  FRM is much more rigid due to the fixed size of the rectangular 
sections, which generates a blurring effect in the region boundaries. 
 
Two objective comparison parameters were defined between the regionalization methods: the preservation 
level and the luminous homogeneity degree.   
In all the tests carried out, it could be seen a better performance of NNM over FRM, both under the same 
working conditions. 
 
This better quantitative performance of NNM permitted us to lower the number of regions used, allowing a 
greater generalization, when necessary.  Even using a third of the regions used by FRM, a superior 
performance in relation to it, has been maintained.  FRM can not use such a lower number of regions without 
a significant loss of information, especially in critical zones as the dog-boning zone.      
 
Therefore, these improvements allow: 

• To extend these controls to zones where their application is not completely possible, as the dog-
boning zone 

• To add new controls, impossible to be measured with the other method, as those referring to the 
regions’ area. 

 
The control broadening and the method’s automatic nature make it possible the accurate follow-up of the 
manufacturing quality, detection of changes in the manufacturing processes and failure control. 



Appendix A – Unsupervised Competitive Learning Neural Network 
performance  
 

The aim of the Unsupervised Competitive Learning Neural Network is to cluster or categorize the 
input data in clusters which must be found by the network itself.  

 
There is an input set X, belonging to Rn-space. An initial set of clusters is generated, where the number of 
clusters is a parameter K. Each one of these clusters is represented or featured by a weight Wi (with 0 ≤ i < K) 
in the Rn-space.  
 
Given an input vector Xµ, the network yields Wi*, whereas 

 
| Wi* – Xµ | ≤ | Wi – Xµ |  (for all 0 ≤ i < K).  
 
This means that the winning cluster i*, which weight is Wi*, is the one best representing (the 

“closest” cluster) the element Xµ. 
 

As from here, the algorithm initiates the learning stage, where the network shall determine the clusters in 
which the input data shall be divided. Basically, the performance of this stage can be explained in the 
following pseudo-code: 
 
1. It is selected a learning set Xlearning of the input data. 
2. The weights Wi

0 are initialized with values randomly generated. 
3. For each iteration it of the learning: 
3.1. For each element Xµ.of Xlearning is applied to the network. 
3.1.1. The network yields Wi*

it (representing the cluster i*) to which Xµ belongs. 
3.1.2. It is updated the weight Wi*

it+1 for the following iteration from Wi*
it according to the 

learning rule. 
 
The learning rule used to update the Wi*

it is the following: 
 
Wi*

 it+1
  = Wi*

 it  + ∆ Wi*
 it , where  

 
∆ Wi*

 it = η(Xµ – Wi*
 it ),  

 
moving the winning cluster towards the input vector in a small proportion η. This makes that, in the following 
iteration, there is more probability that, before the input Xµ,, the winning cluster be the one represented by Wi*

 

it+1. 
 

Thus, the set Wi progressively moves in the input space so as to represent the input data, with no 
feedback from the environment. 



Appendix B – Examples 

 

Algorithm Tuning 

K-Parameter 

 

K = 8 

 

K = 16 

 

K = 48 

 



α-Parameter 
 

 
α = 0.2 α = 0.5 

 
α = 1.0 α = 2.0 
 
 

Examples of Fuel Plate Quality Control   
 

1. A fuel plate is accepted when: 
a. the area of the regions with the nominal U-density (for instance 55 mg/ cm2 +/- 5%) is 

higher than the 95% of the fuel plate. 
b. the remaining 5% can not have a density superior to the maximum density value and 

inferior to minimum density value of U235 (for instance 50 mg/ cm2 and 62 mg/ cm2 
respectively)   

2. A fuel plate is rejected when:  the dog-boning area is superior to the 4% of the fuel plate or its 
density superior to 70 mg/cm2. 
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