
The 13th INTERNATIONAL SCIENTIFIC CONFERENCE  

INFORMATION TECHNOLOGIES AND MANAGEMENT 2015 

April 16-17, 2015, Information Systems Management Institute, Riga, Latvia Abdilmanova, Sainova S 

73 
CM24 Computer Modelling and Information Technologies 

Comparative quality estimation of recognition algorithms 

A Abdilmanova, S Sainova* 

Institute of Information Technology and Computer Science, Pushkina 125, Almaty, Kazakhstan 

*Corresponding author’s e-mail: 31saida@gmail.com 

 
 

Abstract  

In this research were defined the best recognition algorithm, with aim to train system to recognize particular rocks. The data applied in the 
research was got from Inkai uranium deposits, Kazakhstan. The system was trained on 4 and on 8 boreholes using three machine learning 
algorithms: Neural Network, k-NN and Decision Tree. Learning algorithms were tested on 1 borehole. Using predicted data, we chose 
indicators to define the quality of recognition. This research may direct future research on machine learning, what could lead to replacement 
of experts by machines. 
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1 Introduction 

This research was done with aim to define the best learning 
algorithm of machine learning, by estimation of the quality 
recognition and classification. 

In this research was analyzed different machine learning 
algorithms by applying them into logging data from Inkai 
uranium deposits. 

In section Methods of the research we describe how the 
experiment was done, used software and its operators. Dis-
cussion of the results part contains collected data and des-
cription of results. In Conclusion we define most promising 
algorithm of machine learning. 

As the hypothesis we subjectively selected the Neural 
Net as best learning algorithm. 

2 Methods of the research 

Machine Learning - is a subsection of artificial intelligence, 
which studies methods for building models that can be 
taught, and algorithms for their construction and training. 
There are two types of training. Training on precedents and 
inductive training, based on identifying patterns in empirical 
data. Deductive learning involves the formalization of 
expert knowledge and transfers them to your computer in 
the form of a knowledge base. Deductive learning can be 
carried to domains of expert systems, therefore [1]. In this 
work was used deductive learning. 

Data mining process was done on RapidMiner 5.3 appli-
cation, applying its operators: Neural Network, k-Nearest 
Neighbors (k-NN), Decision Tree, Performance (for Classi-
fication purposes) and Apply model (for testing purposes). 

Since, our aim is to find the best recognition algorithm, 

the system was trained on existing borehole’s data, from 
uranium deposits Inkai and then tested its recognition 
ability on other boreholes, which were not used in training. 

For training process, we applied machine learning algo-
rithms: Neural Network, k-NN and Decision Tree.  

Neural Network operator has parameters like hidden 
layers and number of neurons in each layer. Its values were 
changed from default values to 2 and 10, respectively, for 
training the system better. 

K-NN operator’s value of k was changed to 150, because 
that number of neighbors could be recognized more properly. 

In Decision Tree algorithm all parameters left without 
any changes, by default. 

Firstly, the system was checked how particular algorithm 
works. For training purpose was chosen 4 boreholes, and 1 for 
test. Boreholes for testing were replaced 5 times. Then we 
incremented amount of training boreholes by 4. The amount 
of testing boreholes was the same - 1. We just replaced them 
each time. Replacement operation was needed to get required 
error indicators and to calculate correlation properly. 

Indicators which are calculated in the experiment: kappa, 
accuracy, Pr(expected), weighted mean recall, weighted 
mean precision, correlation. 

Kappa – prediction of accuracy, which recognizes the 
correct prediction made at random.    

Accuracy - relative number of correctly classified examples 
or in other words percentage of correct predictions [2, 3]. 

Pr(e) – hypothetical probability of accurate prediction 
done randomly [2, 3].  

Weighted mean recall - the weighted mean of all per 
class recall measurements. It is calculated through class 
recalls for individual classes [2]. 

Weighted mean precision - the weighted mean of all per 



The 13th INTERNATIONAL SCIENTIFIC CONFERENCE  

INFORMATION TECHNOLOGIES AND MANAGEMENT 2015 

April 16-17, 2015, Information Systems Management Institute, Riga, Latvia Abdilmanova, Sainova S 

74 
CM24 Computer Modelling and Information Technologies 

class precision measurements. It is calculated through class 
precisions for individual classes [2].  

Correlation refers to any of a broad class of statistical 
relationships, in our case dependence of two indicators. 

Data of each borehole was represented in 2 methods: 
pointwise and moving-point method. 

In pointwise method, we get data for each 10 sm. We have 
approximately 750-1100 points in each borehole, which have 
values of КС (apparent resistance), ПС (spontaneous polari-
zation potentials) and lithological type code. In our experiment 
we used third value as label type of attribute to train the system. 

In moving-point method, the size of interval depends on 
the nature of the distribution and processing of geological 
features usually involves 3-5 nearby points of observation. 
In our experiment, we used 5 nearby points above and 5 
points below, 11 points in one interval. It means we have in 
every interval 110 sm of borehole data, i.e. 11 points of КС 
values, 11 points of ПС values and lithological type code. 

3 Discussion of methods  

3.1 POINTWISE METHOD 

Using pointwise method, the system was trained to classify 
the objects in the borehole correctly. From the results we got: 

TABLE 1 Average value of each quality indicator derived from training 

on Neural Net algorithm 

Number 

of training 

boreholes 

kappa 
Accu-

racy 
Pr(e) 

Weighted 

mean 

recall 

Weighted 

mean 

precision 

4 0.370 0.573 0.360 0.319 0.304 

8 0.285 0.466 0.255 0.245 0.223 

TABLE 2 Average value of each quality indicator derived from training 

on k-NN algorithm 

Number 

of training 

boreholes 

kappa 
Accu-

racy 
Pr(e) 

Weighted 

mean 

recall 

Weighted 

mean 

precision 

4 0.315 0.533 0.323 0.327 0.339 
8 0.286 0.581 0.364 0.323 0.357 

TABLE 3 Average value of each quality indicator derived from training 

on Decision Tree algorithm  

Number 

of training 

boreholes 

kappa 
Accu-

racy 
Pr(e) 

Weighted 

mean 

recall 

Weighted 

mean 

precision 

4 0 0.370 0.369 0.175 0.059 

8 0 0.370 0.369 0.175 0.059 

 
As seen from results, average kappa for Neural Net and 

k-NN are quite same, and show results more than 0. In 
comparison with Decision Tree training operator, which 
shows kappa = 0 in all cases, and previous experiments, 
where kappa = 0 or kappa < 0, the values which we got from 
Neural Net and k-NN, allow us to suggest that, classification 
procedure passed relatively successfully. The difference 
between Neural Net and k-NN also is in time of processing, 
k-NN is much faster.  

The correlation matrix, which we used in order to 
calculate how attributes affect each other showed, that: 

TABLE 4 Correlation matrix between quality indicators derived from 

training on Neural Net algorithm on 4 boreholes 

Correlation kappa Accu-racy Pr(e) WMR WMP 

kappa 1.0 0.986 0.518 0.517   0.669 

Accuracy 0.986 1.0 0.570 0.464 0.627 
Pr(e) 0.518 0.570 1.0 0.440 0.530 

WMR 0.517 0.464 0.440 1.0 0.596 

WMP 0.669 0.627 0.530 0.596 1.0 

TABLE 5 Correlation matrix between quality indicators derived from 

training on k-NN algorithm on 4 boreholes 

Correlation kappa Accu-racy Pr(e) WMR WMP 

kappa 1.0 0.981 0.729 0.515 -0.142 

Accuracy 0.981 1.0 0.842 0.413 -0.301 

Pr(e) 0.729 0.842 1.0 -0.006 -0.649 
WMR 0.515 0.413 -0.006 1.0 0.585 

WMP -0.142 -0.301 -0.649 0.585 1.0 

3.2 MOVING-POINT METHOD 

These are results derived from classification of 3 algorithms 
applied on moving-point method, i.e. on divided into inter-
vals data.  

TABLE 6 Average value of each quality indicator derived from training 

on Neural Net algorithm 

Number 

of training 

boreholes 

kappa 

Accu-

racy 
Pr(e) 

Weighted 

mean 

recall 

Weighted 

mean 

precision 

4 -0.540 0.484 0.186 0.166 0.130 

8 -0.029 0.467 0.037 0.165 0.136 

TABLE 7 Correlation matrix between quality indicators derived from 

training on Neural Net algorithm on 4 boreholes 

Correlation kappa Accu-racy Pr(e) WMR WMP 

kappa 1,000 0,621 0,574 0,651 0,348 

Accuracy 0,621 1,000 0,050 0,997 0,522 

Pr(e) 0,574 0,050 1,000 0,070 0,117 
WMR 0,651 0,997 0,070 1,000 0,569 

WMP 0,348 0,522 0,117 0,569 1,000 

TABLE 8 Correlation matrix between quality indicators derived from 

training on Neural Net algorithm on 8 boreholes 

Correlation kappa Accu-racy Pr(e) WMR WMP 

kappa 1,000 0,450 0,650 0,549 0,585 
Accuracy 0,450 1,000 0,186 0,976 0,441 

Pr(e) 0,650 0,186 1,000 0,311 0,870 

WMR 0,549 0,976 0,311 1,000 0,576 
WMP 0,585 0,441 0,870 0,576 1,000 

TABLE 9 Average value of each quality indicator derived from training 

on k-NN algorithm 

Number 

of training 

boreholes 

kappa 
Accu-

racy 
Pr(e) 

Weighted 

mean 

recall 

Weighted 

mean 

precision 

4 0.022 0.452 0.059 0.175 0.154 

8 0.016 0.461 0.194 0.169 0.176 

TABLE 10 Average value of each quality indicator derived from training 

on Decision Tree algorithm 

Number 

of training 

boreholes 

kappa 

Accu-

racy 
Pr(e) 

Weighted 

mean 

recall 

Weighted 

mean 

precision 

4 0.005 0.500 0.806 0.168 0.136 

8 0 0.503 0.503 0.167 0.084 
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As we can see from TABLE 6, the kappa values even 
negative values. This is a sign, that the two observers, expert 
and the system, agreed less than would be expected just by 
chance. The same we can say for TABLE 10, its kappa 
values are almost 0, which is also bad sign, despite high 
values of accuracy. K-NN algorithm has better results.  

From the results above we can conclude that k-NN 
algorithm is better algorithm for using it on logging data 
divided into intervals, than 2 others.  

Also there given correlation matrices for quality indica-
tors. The correlation coefficient between kappa and WMR 
is almost 1, which means they are closely interconnected, 
they influence to each other. But indicators kappa and P(e) 
have lowest correlation coefficient, they cannot influence to 
each other’s values. Other indicators have average level of 
interconnection. 

5 Conclusions 

In general, Neural Network recognized better in pointwise 
method. Its accuracy higher for 9%, when training on 4 

boreholes in pointwise method, but it has the same values of 
accuracy when training on 8 boreholes in two interpretations 
of logging data. Despite high values of accuracy, kappa 
coefficient shows huge difference as shown in tables 1 and 4. 
This algorithm suitable to use in pointwise interpreted data. 

K-NN algorithm’s accuracy is bigger for 8-12%, what 
means that it recognized better in pointwise interpretation. 
Its kappa coefficients are better than in other algorithms, in 
both cases. 

Decision Tree show worst results among others. This 
algorithm is not suitable to use for logging data. 

From these suggestions, we can conclude that k-NN algo-
rithm is the most appropriate algorithm to use for logging data. 
It could be used for divided data by points and by intervals. 
This algorithm shows best results in quality recognition. 
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