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Abstract - The potential of using artificial neural network (ANN) in prediction the defects in tile manufacturing process have 
been presented in this study. This study offers a method capable of predicting the influence of each stage of manufacturing the 
ceramic tiles on the quality of the produced tiles. The tile data to be considered and collected for the preparation, pressing, and 
firing stages are as follows; tile thickness (THK), dry mechanical resistance (DMR) were collected in the preparation stage, 
water absorption (WA), Shrinkage (SHR)  were collected in the pressing stage while firing mechanical resistance (FMR), and 
tiles temperature (TEMP) were collected in the firing stage. All the previously mentioned factors and data were used as input 
data while concavity defect (CD) and surface defects (SD) in tile manufacturing process were the output of the process. The 
proposed model is proved experimentally by using different sets of inputs.. 
 
Index Terms - Artificial neural network, Tile manufacturing, Ceramic, Surface defects.  
 
I. INTRODUCTION 
 
Highlight Nowadays, ceramic tiles industry is one of 
the most agile industries, including greatly of 
improvements in various stages of manufacturing and 
mechanization. Ceramic tiles are produced by milling 
and mixing of raw materials with the help of alumina 
pebbles. The slurry is then delivered to spray drier for 
making into fine powder. The powder is compressed 
using hydraulic press to the required shapes followed 
by firing it [1]. The manufacturing steps for tiles 
production is shown in Figure 1. 
 
Because of various chemical and mechanical 
processes in the ceramic tile production line, diverse 
types of surface defects appear on the final product. 
These defects has been found to be affected by a 
number of influences, such tile thickness (THK), dry 
mechanical resistance (DMR) in the preparation stage, 
water absorption (WA), Shrinkage (SHR)  in the 
pressing stage  and firing mechanical resistance 
(FMR), and tiles temperature (TEMP) in the firing 
stage.. Surface defect (SD) and convexity defect (CD) 
are the most defects that represent the majority of the 
defects in ceramic tile manufacturing factories. 

 

 
Fig. 1. Production process of ceramic tiles. 

One of the main challenges that face the industry 
recently is the development of new products without 
defect. Resources are limited; however, investors are 
challenging ever-increasing rates of return. However, 
continuous research and development is an essential 
part of the process and the development of products. 
The process of tile manufacturing is very complex 
process that involves several different kinds of 
component, including milling, mixing, compaction, 
drying, and firing. 

 
Being able to identify a defect, at any stage of the 
production process of ceramic tiles, and knowing how 
to identify its causes are skills that are largely acquired 
by experience. 
 In general, defects are of the following sort:  
1. Surface: wrinkles, holes, bubbles, particles, flakes, 
crazing. 
2. Structural: flatness, cracks, laminations. 
3. Aesthetic: stains, decoration defects. 
4. Process: defects associated more with the handling 
and flow of materials than the product itself – 
overlapping tiles, chipping, sticking, jamming etc. 
Recently, many studies have used artificial neural 
network (ANN) to model complex processes. ANNs 
are powerful tools for model and predict output of the 
process under changing manufacturing or productions 
settings. They can learn from the training data 
provided and disseminate the results to similar data 
that are not involved in training data [2-3].  
Many studies have been carried out to study and model 
the defects in the tiles manufacturing. Hayajneh et al. 
[4] uses the fuzzy logic to predict and control the 
defects in production process of the tiles. Xie [5] 
developed texture analysis techniques to recognize 
irregularities in colour surfaces.  Farooq et al. [6] 
explored new procedure to identify the defect in tiles.  
In this study, artificial neural network is used to model 
and predict the defects of the tiles. The main purpose 
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of this work is to develop an ANN model to examine 
the effects of tile thickness (THK), dry mechanical 
resistance (DMR) in the preparation stage, water 
absorption (WA), Shrinkage (SHR) in the pressing 
stage and firing mechanical resistance (FMR), and 
tiles temperature (TEMP) in the firing stage on the 
surface defect (SD) and convexity defect (CD) of the 
produced tiles)..  
 
II. DETAILS EXPERIMENTAL  
 
Experiments were made to examine the influences of 
the process features on the surface and convexity 
defects of the tiles. The data was gathered over a 
period of 90 batches for six process parameters which 
were the FMR, WA, SHR, THK, DMR and TEMP and 
two outputs; the surface (SD) and the convexity (CD) 
defects. 
Artificial Neural Networks are biologically 
stimulating computer programs designed to mimic the 
way the human brain processes information. It is 
designed that of hundreds of single units, artificial 
neurons associated with weights, which create a 
nervous structure and are arranged in layers. The 
strength of neural computations arises from 
connecting neurons in the network. Each artificial 
nerve cell has a weighted input, one transfer function 
and one output. One of the advantages is that it has the 
ability to learn from the sample set, which is called the 
training set. Once the network structure is well defined, 
through the learning process, weights are planned to 
show the expected output [7-9]. 
The input to specific nodes should be numeric and 
enclosed in the interval [0, 1]. The normalization 
procedure was used in the suggested ANN as follows: 

 
The output values are also in the range [0, 1] and 
transformed to its corresponding values based on 
reverse process of normalization technique. Artificial 
neural networks are adaptive statistical tools. This 
means that they can repeatedly change the values of 
their parameters as a function for their performance. 
According to learning rules of gradient descent 
method, these changes are made. Full explanation of 
the mathematical formulation of the back propagation 
procedure has been explained systematically by 
Larose [7], Negnevitsky [8] and Rogier and Geatz [9]. 
 
Sigmoid function is the common activation function in 
artificial neural networks because it is related to 
almost linear, curved, and fixed behavior, depending 
on the value of inputs. The sigmoid function is at times 
termed a squashing function, because it accepts any 
real input value, and returns to the output bounded 
between 0 and 1 [7-9]. 

 
Back propagation artificial neural networks symbolize 
a supervised learning mode, requiring a wide range of 
complete records, containing the target variables.  
 
Since each observation from the training group is 
processed through the network, output value is 
produced from the output nodes. These values are then 
compared with the actual values of the target variables 
for this training group observation and the errors are 
calculated. Normalized square error value (NSE) was 
used to assess the training effectiveness of the artificial 
neural networks [10]. 
 

NSE =
∑(θ − θ )

∑θ  

where θ designates the experimental value and θ0 
exemplifies the predicted output value. 
 
It is essential to assess the effectiveness of the artificial 
neural network model. This is accomplished by 
splitting the data into two sets namely: the training and 
the validating. The parameters of the network are 
subtracted using the training set. When the error target 
is obtained, the learning process is stopped and the 
network is evaluated with data from the validation set 
[7-9]. 
 
In this study, the validation iteration was made every 
100 cycle of training cycles. This will keep ANN 
under control to avoid any over-prediction that might 
occur during the training process. Sigmoid activation 
function was chosen to be the transfer function 
between all layers. 
 
III. RESULTS AND DISCUSSION 
 
Feed forward back propagation neural network has 
been used to train the ANN model. For the problem in 
this study, the following parameters were approved to 
give the best performance and coverage rapidly: six 
input nodes; namely FMR, WA, SHR, THK, DMR 
and TEMP; two hidden layer with 6 neurons for first 
hidden layer and 3 neurons for the second hidden 
layer; and 2 output neurons for the tile properties 
under study; i.e. surface defect (SD) and convexity 
defect (CD).  
 
It is important to mention here that convexity defect 
(CD) and surface defect (SD) data were collected 
randomly for each of the 90 batches. All 90 original 
cases were randomly divided into two sets of data, 
training group and test group as shown in Tables 1 and 
2.  The ANN structural design is shown in Fig. 2.  
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Fig. 2. The ANN structural design 

To examine the effectiveness of the trained network in 
training and validating processes, the actual values 
were compared to the forecasted values resulted from 
model as shown in Fig. 4. The experimental versus 
forecasted values of training group set is shown in Fig. 

4a. As it can be noticed, the expectedness of artificial 
neural network fits very well. However, the main 
quality index of the network is its generality, its 
capability to expect precisely the output of unobserved 
data and this was accomplished by validating group set 
as shown in Fig. 4b. A total of 90 samples were used to 
learn the proposed national network. Of these, 60 were 
randomly used in the training process and 30 randomly 
chosen points were used in the validation process. 
After many experiments, the learning rate and 
momentum are experimentally selected to be 0.35 and 
0.2, respectively. The training ended after 15518 
cycles, and further runs had little effect on reducing 
errors. Figure 3 shows the NSE error with a number of 
iterations for both training and validation. When the 
network reached its termination criterion, the found 
NSE values were 0.00454 and 0.1161 for training and 
validation processes, respectively. 

Table 1: Inputs and Outputs of ANN Model (Training Set) 
Batch No. Inputs Outputs 

Batch No. Inputs Outputs 

No. FMR WA SHR THK DMR TEMP. SD CD 

3 155.6 8.7 2.42 0.73 16.9 90 40 69 

5 142.7 10.5 2.33 0.76 18.6 125 35 5 

12 180 9.7 2.25 0.75 21 165 25 11 

22 175 9.8 2.12 0.74 27 110 30 7 

27 175.9 11 2.03 0.77 18.4 110 40 4 

31 160 10.5 2.21 0.76 21.1 150 50 9 

41 186.9 10.3 2.08 0.77 19.4 147 60 18 

51 163.5 10.8 2.11 0.77 21.7 140 35 7 

62 155.6 8.7 2.42 0.73 16.9 90 40 69 

85 183.8 11.3 1.94 0.72 24.2 145 35 3 

 
Table 2: Inputs and Outputs of ANN Model (Testing Set) 

Batch No. Inputs Outputs 

No. FMR WA SHR THK DMR TEMP. SD CD 
3 155.6 8.7 2.42 0.73 16.9 90 40 69 

5 142.7 10.5 2.33 0.76 18.6 125 35 5 

12 180 9.7 2.25 0.75 21 165 25 11 

22 175 9.8 2.12 0.74 27 110 30 7 

27 175.9 11 2.03 0.77 18.4 110 40 4 

31 160 10.5 2.21 0.76 21.1 150 50 9 

41 186.9 10.3 2.08 0.77 19.4 147 60 18 

51 163.5 10.8 2.11 0.77 21.7 140 35 7 

62 155.6 8.7 2.42 0.73 16.9 90 40 69 
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85 183.8 11.3 1.94 0.72 24.2 145 35 3 

 
Fig. 3. Iteration number versus normalized error 

 

 
Fig. 4. Actual vs. forecasted values: (a) training set and (b) 

validating set 
Figure 5 shows the relative sensitivity of the input 
vector. Relative sensitivity tests the influence of 
certain input differences from the smallest to the 
highest on the resulting network output resulting from 
other inputs. The results showed that the relative 
sensitivity of FMR factor is 0.1482 compared to 
0.1376 for WA factor and so on for other input factors. 
This means that any adjustment in FMR level will be 
somewhat more effective on the network output than 
that result of varying WA levels. 

 
Fig. 5. Sensitivity of input factors 

 
CONCLUSIONS 
 
The artificial neural network was used to study and 
predict the surface defect and convexity of ceramic 
tiles. The results showed that the results were 
satisfactory compared to experimental measurements. 
The error for forecasted values does not go beyond 
5%. Consequently, the use of the artificial neural 
network as a prediction tool will lead to acceptable 
prediction rather than real measurements and thus 
reduce test time and cost. 
.” 
 
REFERENCES 
 
[1] W. Kingery, K.H. Bowen and R.D. Uhlmann, Introduction to 

Ceramics, John Wiley & Sons, New York, 1976. 
[2] M. R. Azimi-Sadjadi and S. A. Strieker, “Detection and 

classification of Buried Dielectric Anomalies Using Neural 
Networks-Further Results”, IEEE Transaction on 
Instrumentation and Measurement, Vol. 43, No. 1, pp. 34-39 
February 1994. 

[3] X. Miao, M. R. Azimi-Sadjadi and B. Tian, “Detection of 
Mine and Minelike Targets Using Principal Component and 
Neural-Network Methods”, IEEE Transaction on Neural 
Networks, Vol. 9, No. 3, pp. 454 – 463, May 1998. 

[4] M. T. Hayajneh, A. M. Hassan, F. Al-Wedyan, "Monitoring 
defects of ceramic tiles using fuzzy subtractive 
clustering-based system identification method," Soft 
Computing, vol. 14, no. , pp. 615-626, 2010. 

[5] X.  Xie, “Defect Detection in Random Colour Textures,” PhD 
Thesis, University of Bristol, April 2006. 

[6] R.  Farooq, M.  L. Smith, L.  N. Smith and S.  Midha, 
“Dynamic photometric stereo for on line quality control of 
ceramic tiles,” England May 2005. 

[7] D.T. Larose. Discovering Knowledge in Data. John Wiley & 
Sons, pp. 105–120, 2005. 

[8] M. Negnevitsky. Artificial Intelligence, (second edition) 
Addison-Wesley, pp. 185–189, 2005. 

[9] J.R. Rogier, M.W. Geatz. Data mining: A Tutorial-based 
Primer, Addison-Wesely, pp. 104–113, 2003. 

[10] A.M. Abdelhay. Application of artificial neural networks to 
predict the carbon content and the grain size for carbon steel. 
Egypt J. Solids, Vol. 25, No. 2, pp. 229–243, 2002. 

 

 
 
 
 
 

 
 
 
 
 

 


