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Abstract—Natural rock tile classification, with the use of 

computer vision and machine learning techniques, is a 

methodology well documented in academic literature. The 

broad variety of textures present on the rock tiles’ surface, 

creates many ornamental patterns. This leads to rather 

different-looking surfaces being classified into the same group 

based on certain criteria. In this paper, regression is tested on 

dolomitic marble tiles to assign a quality value (QV) ranging 

from zero to one. Five Convolutional Neural Networks were 

tested on a dataset containing digital images of natural rock tiles 

and their QV assigned by an expert. The dolomitic samples were 

provided by Solakis Marble Industries S.A. The digital images 

were acquired by an automatic machine developed by Intermek 

S.A. MobilnetV2 achieved the best result with a Mean Absolute 

Percentage Error (MAPE) of 21.17% to the actual QV assigned 

to the marble tile.  

Keywords—machine vision, regression, deep learning, marble 

tiles, dolomite 

I. INTRODUCTION 

The mineral industry in Greece has declined between 2007 
-2014. However, the production of marble has risen 
significantly by 44.4% during this period [1]. Greece holds a 
significant share in the world marble market. What started 
with the export of raw blocks in the 1960s, has grown into an 
industry that is supplying high-quality carbonate rock tiles 
shipped ready for installation. Natural rock is an extremely 
inhomogeneous material from which tiles are cut. No tile is 
similar to another even if cut from the same slab. Due to this 
fact, the selection of the tiles which are going to be installed 
on a surface is a task that requires special dexterity, if a high 
aesthetic value is expected. Although many parts of the 
production line have been automated over the years, this 
important task is still done manually by highly experienced 
workers at the quality control table. Fatigue, changing light 
conditions, and different shift workers can lead to very 
important flaws in this selection procedure. 

Machine learning (ML), coupled with computer vision 
(CV) already plays an important role in this part of the 
production line. The vast variety of natural rocks makes it 
important to train a new model for each type of ornamental 
stone. In the case of this paper, a model is created for the 
dolomite stone known as Grey  Lais [2] quarried in 
Kokkinogia, Drama in northeastern Greece. This type of stone 

is also known as Kokkinoghia Grey according to EN 12550 
[3]. 

In 2021, machine learning algorithms [4] were tested on 
the same dataset used in the current study in a classification 
scenario. Original RGB images and images produced by 18 
texture descriptors on a dataset provided by Solakis Marble 
S.A. were used. Furthermore, efforts were made to classify the 
same dataset by using pre-trained NN [5]. 

There has been much experimenting in classifying natural 
stone since 1995 when Neural Networks (NN) were tested to 
classify marble slabs. In this case, a multilayer perceptron 
(MLP) with Backpropagation (BP) was used [6] to achieve 
classification. In the following years, many attempts have 
been made using different approaches. The Learning Vector 
Quantization (LVQ) NN was used in 1999 for the clustering 
and classification of marble slabs according to their texture 
information [7]. In the following years, a classification rate of 
98.9% was achieved for classifying the “Crema Marfil Sierra 
de la Puerta” marble slabs into three categories by using MLP 
and BP [7]. The dawn of the 21st century saw the rise of 
computational power. This resulted in the use of more 
sophisticated NN like the functional neural networks to 
classify granite tiles [8]. In 2017 Convolutional Neural 
Networks (CNNs) were first tested on granite tile 
classification. Data augmentation was applied in this approach 
by using small patches of images taken from granites. 
Furthermore, a majority voting procedure was taken into 
account [9]. A recognition probability greater than 96% was 
achieved to identify images of peridotite, basalt, marble, 
gneiss, conglomerate, limestone, granite and magnetite 
quartzite by using the VISUAL Geometry Group 16 (VGG16) 
[10] CNN. By using multi-type hybrid images the recognition 
probability was greater than 80% [11].  

All former research used classification to sort tiles into distinct 
groups. The contribution of this work can be summarized as 
follows: 

1. In this paper regression will be used to overcome the 
problem of assigning the same label to rather different-looking 
tiles. As a result, tiles delivered will be assigned a QV, rather 
than a class code. This will make it easier to select the right 
tiles for a homogenous installation and therefore rise customer 
satisfaction. 



 

2. Five CNNs will be compared using MAPE as the metric to 
evaluate their effectiveness in the regression task of natural 
carbonate rock tiles produced in the Kokkinoghia quarries. 

 This paper is organized as follows: In section 2, the dataset,  
the methodology, data augmentation, the machine learning 
models, and metrics used are described. Section 3 presents the 
experiments and the corresponding results. Finally, section 4, 
discusses the results and delineates the future research. 

 

II. MATERIALS AND METHODS 

 

A. Dataset 

 
The complete dataset which was used in former research 

which experimented with classification consisted of 986 
digital images labeled into three imbalanced classes. In this 
research, a QV ranging from 0 to 1 with a 0.1 step was 
assigned to each tile by an expert based on the intensity of the 
texture features observed on the tiles (Figure 1). The initial 
dataset was reduced to 812 samples as cross-cut tiles were not 
used in this research (Fig. 2). 

The QV assigned is based on a set of characteristics observed 
on the tiles’ surface summarized in Table 1. The slabs were 
cut from the blocks in vein cuts (Figure 2). Tiles with no 
cracks on vein cuts of the block represent the tile type G-
EXTRA and were given the QV 1.0 (Fig.1a). The tiles with 
white veins (fig.1b) were given a QV of 0.9. The presence of 
black bands lowered the QV to 0.8 (fig.1c). The presence of 
cracks cutting the tile into two discreet pieces represents the 
GA tile type (fig. 1d.-1f). According to the number of cracks, 
these types of tiles lower the QV from 0.7-0.5 (fig. 1d.-1f 
respectively). Tiles with dark spots fall into the GM type 
(fig.1g – fig.1i). Based on the percentage of these dark spots 
covering the tile a QV of 0.4 is given if it is <10% (Fig. 1g) 
and 0.3 if it is >10% (Fig. 1h). Furthermore, if black bands are 
present the QV falls to 0.2 (fig. 1i). Reddish colored bands of 
Fe oxides were present on tiles characterized as GR and were 
assigned a QV of 0.1 (fig.1j). 

 

TABLE I. TILES’ QV AND TEXTURE DESCRIPTION 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

Fig. 1. Tiles cut from Lais-Grey blocks with QV ranging from 0.1 to 1.0:  

a. G-EXTRA (1.0), b. G-EXTRA (0.9), c. G-EXTRA (0.8), d. GA-1 (0.7),  

e. GA-1 (0.6), f. GA-2 (0.5), g. GM-1 (0.4), h. GM-1 (0.3), i. GM-2 (0.2), j. 
GR (0.1)  
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Figure 2. a. Vein cut b. cross cut 

 

B. Methodology 

 

Data acquisition and preparation of the dataset were achieved 

in 3 steps. In the first step, the digital images were acquired 

by using the automated system constructed by Intermek S.A. 

In step 2 the DI was preprocessed to remove the surrounding 

noise. In step 3 the imaged were downsized to 224x244 pixels 



 

and 299x299 pixels in respect to the CNN which was applied. 

In step 4 the models were trained using five CNNs (figure 3). 

In step 5 the models were validated. 

  

 

 

  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

Figure 3. Workflow 

 

C.  Image Data Augmentation 

 

Small datasets are a common problem when training 
models. The dataset provided was no different from that. To 
overcome this, image data augmentation was applied using 
ImageDataGenerator class [12]. Images were horizontally and 
vertically flipped. The width and height shift range was given 
a value of 0.2. Rotation was applied with a 30o angle. 
Brightness was set within the range of 0.9-1.1. All parameters 
used are listed in Table 2.  

 

D. Machine Learning Models 

 
In the first set of experiments, transfer training was 

applied. Five pre-trained CNNs were used, namely MobileNet 
(MN) [13], Resnet50 (RN50)[14], VGG16 and VISUAL 
Geometry Group 16 (VGG19) [10] and InceptionV3 (ICV3) 
[15]. These CNN’s were used with the weights of the pre-
trained CNN’s using the ImageNet database [12]. The output 
layer was replaced by an output layer consisting of one neuron. 
In MN a fully connected layer (FCL) consisting of 256 
neurons was added before the output. The same was done for 
VGG16 and VGG 19 using 256 and 128 neurons respectively. 
In RN50 and ICV3 no FCL were used. Before the full 
connected layers flatten layer was added (Table 4).  

In the second set of experiments, the model with the best 
results combined with the smallest size was selected to be 
completely trained from the start. MN was selected for this, 
achieving MAPE: 21.17% after 14 hours of training 
outperforming the pre-trained models. 

 

 

E. Metrics 

 

The CNNs will be compared using the Mean Absolute 

Percentage Error (MAPE). Equation (1) computes the MAPE 

where At stands for the real QV assigned at the control table 

while Ft stands for the QV computed by the model, n 

represents the number of samples used.  

                                                                             

 (1) 

 

III. SIMULATIONS RESULTS 

 

The simulations were implemented using the python 

programming language [16] and the Keras library [12] on a 

windows 10 personal computer with an i7-10700K 8c/16t 

processor. MAPE was used as the evaluation index. 70 % of 

the dataset was used for training, 20% for evaluation, and 

10% for testing.  

The results of the simulations using transfer learning with a 

batch size of 10 showed that MN reached the best results with 

MAPE reaching 34.19% after 40 epochs and using 256 

neurons in the time fully connected layer. VGG16 and 

VGG19 scored 31.20% after 200 epochs and 256 neurons and 

34.19% after 100 epochs and 128 neurons respectively.  After 

50 epochs and 0 neurons, RN50 achieved a MAPE of 42.58% 

whereas ICV3 scored worst with 45.32. When using MN 

without transfer learning MAPE reached 21.17% after 400 

epochs and using 128 neurons in the fully connected layers. 

In this instance batch size was 12. Furthermore, the adam 

optimizer was applied on all CNNs. In table 3 the overall 

results and parameters used are presented.  

The graphs from Figures 4 – 8 show the number of tiles 

(SUM) with respect to the deviation percentage from the real 

value. As it can be seen MN has an error percentage with a 

maximum of 120%. All CNNs have most instances in the 

error percentage range of 0 – 100. ICV3 has many instances 

over 100%. 
 

TABLE II. PARAMETERS FOR AUGMENTATION 

 

 

 

 

 

 

 

TABLE III. THE MODELS’ PERFORMANCE 

 

 

 

 

 

 

 

 

 

 



 

TABLE IV. NEW LAYERS ADDED TO PRE-TRAINED MODELS 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

 

Fig.4: MobileNet 

 

 
 

 

 
 

 
 

 

 
 

 

 
 

 

Fig.5: VGG16 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

 
Fig.6: VGG19 

 
 

 

 
 

 

 
 

 

 
 

 

 
 

 

Fig.7: ResNet50 
 

 

 
 

 

 
 

 
 

 

 
 

 

 
 

Fig.8:  InceptionV3 

 

IV. CONCLUSION AND FUTURE WORK 

 

This study showed that regression in tile sorting is an 

approach worth examining in depth. MN achieved a MAPE 

of 21.17% when fully trained and 34.91% when using a pre-

trained MN with image net.  

The tiles produced from the specific blocks quarried in 

Kokkinoghia by Solakis Marble Industries S.A. can vary 

more than described here. This can happen if cross cuts 

(Fig.2) are added to the present database and if more texture 

characteristics are incorporated in the training of the model. 



 

Furthermore, as the digital image acquisition machine will 

provide better images, more accurate datasets will be 

available. This will make it possible to achieve better results 

by using the MN CNN as a regression tool. 
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