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Using a classification tree to identify seepage in flood 
embankments 

 
 

Abstract. The article presents a method of controlling infiltration in flood embankments by means of impedance tomography with the use of 
classification tree prediction. The analysis was performed using electrical impedance tomography and image reconstruction using machine learning 
methods, the results of the reconstruction were compared and various numerical models were used. The main advantage of the presented solution 
is the possibility of analyzing spatial data and high processing speed. The key parameters in electrical tomography are the speed of analysis and the 
accuracy of the reconstructed objects. The reconstruction algorithm is obtained by solving the inverse problem. Classification trees were used to 
obtain feedback on the degree of water permeability of the embankment. 
 
Streszczenie. Artykuł przedstawia metodę kontroli przesiąków w wałach przeciwpowodziowych za pomocą tomografii impedancyjnej z 
wykorzystaniem predykcji drzewa klasyfikacyjnego. Analizę przeprowadzono z użyciem elektrycznej tomografii impedancyjnej i rekonstrukcji obrazu 
z wykorzystaniem metod uczenia maszynowego, porównano wyniki rekonstrukcji i zastosowano różne modele numeryczne. Główną zaletą 
prezentowanego rozwiązania jest możliwość analizy danych przestrzennych oraz duża szybkość przetwarzania. Kluczowymi parametrami w 
tomografii elektrycznej są szybkość analizy i dokładność rekonstruowanych obiektów. Algorytm rekonstrukcji uzyskuje się poprzez rozwiązanie 
problemu odwrotnego.  Drzewa klasyfikacyjne zostały wykorzystane do uzyskania informacji zwrotnej o stopniu przesiąkliwości nasypu 
(Wykorzystanie drzewa klasyfikacyjnego do identyfikacji przesiąkania wałów przeciwpowodziowych). 
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Introduction 
Many different methods are used to solve optimization 

problems [1-11]. The presented solution is based on 
electrical impedance tomography [12-18]. Ordinary 
destructive methods cannot research identifying the 
problem of seepage or moisture inside flood embankments. 
Non-destructive methods must be used for this purpose. 
One of such methods is the impedance tomography 
method, which works very well in this type of research. The 
task of tomography is to reconstruct what is happening 
inside the examined area. It can be said that the task is to 
define a model in which conductivity should be calculated 
based on xϵRm signals from individual electrodes. Finite 
elements are used for the calculations in this paper. Thus, 
the reconstruction model can be defined as a set of 
classification trees corresponding to the finite elements in 
the analysed visual field [19-20]. 

 

Classification tree 
In tomography, the task consists of the reconstruction of 

the viewing area. In other words, the task is to define a 
model, where based on signals xϵRm from electrodes, we 
should estimate a conductivity for the finite elements. The 
viewing area is created as a set of finite elements. Thus the 
reconstruction model can be defined as a set of 
classification trees corresponded to finite elements in the 
analysed viewing area. Let D={(x(i),yi):x(i)ϵRm,yiϵ{0,1},1≤i≤n} 
be the learning set for established finite element. For i-th 
observation,1≤i≤n the vector x(i)ϵRm  denotes the 
realisations of independent (input) variables, in tomography 
usually there are the signals obtained from the electrodes, 
whereas yiϵ{0,1} denotes the belonging to appropriate class 
concerning the conductivity. The tree-based method 
consists of partition (splitting) of the feature space into a set 
of separable regions and fitting constant values to 
appropriate regions. This method is straightforward and 
powerful. Below we consider a classification problem for 
response variable Y. Entire space of features Rm we split 
into S1,S2,…,Sk regions, where Si∩Sj=0 for 1≤i≠j≤k and 
S1∪S2∪…∪Sk=Rm. Based on input vector x ϵ R  we predict 
the output variable Y as follows 
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and constant ciϵR for 1≤j≤k denotes the mean value of 
response variable when the features belong to Sj region, i.e 
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Nj is a length of subsequence for which the features belong 
to Sj region. From (1) we see, that the main task of building 
the classification tree consists in splitting the entire space of 
features into separated regions[12-26]. An objective 
function is defined as the sum of squares error, and the 
solution of the presented problem consists of the following 
task  
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To apply the regression tree in EIT, we utilise CART 
(Classification And Regression Tree) algorithm [25]. 
 

Receiver Operating Characteristic (ROC) 
In the following, we will analyse the embankment model 

where the viewing area consists of kϵN finite elements. For 
each finite element, we determine the classification tree (1). 
Based on the signal xϵRm obtained from electrodes, we 
estimate Pj(Y=1|X) probability that the j-finite element 
belong to the seepage area, 1≤j≤k. The reconstruction of 
viewing area is defined as a sequence 
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for the level lϵ(0,1). 
Some assumptions have to be taken into account, such 

as the finite element does not belong to the drainage zone 
and we take as a negative case (N) (elements belong to the 
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ground), while the finite element is contained in the 
drainage zone, we take as a positive case (P). To assess 
the quality of the reconstruction, the values of the confusion 
matrix are determined as follows: TP (True Positive) is the 
number of finite elements that correctly belong to the 
seepage zone, TN (True Negative) is the number of finite 
elements that were correctly identified as belonging to the 
background, FP (False Positive) is the number of finite 
elements that belong to the background but were identified 
as belonging to the seepage zone (false alarm), FN (False 
Negative) is the number of finite elements that belong to the 
seepage zone but were identified as background.  
 
Table 1. The confusion matrix 

 Positive Negative 
Positive Prediction  TP FP 
Negative Prediction  FN TN 

 
To describe the quality of seepage detection of the 

viewing area based on classification tree (1), we calculate 
the classical characteristics (ratios) [21-22]. Accuracy 
represents the part of the visual area that the model 
correctly recognised. On the other hand, it is only one 
possible measure that presents the correctness of 
recognition. In the EIT, the possibilities of seepage finding 
should also be described during the recognition of the 
embankment state. To determine the ability of the classifier 
based on the application of the classification tree [21-22], 
we determine the Receiver Operating Characteristic (ROC 
curve) curve. This curve shows the relationship between 
sensitivity and specificity during the reconstruction. The 
diagonal of the square on the ROC curve describes a 
strategy based on guessing the seepages during the 
recognition. If the ROC is above the diagonal, the 
recognition technology is much better than guess.  
 

 
Fig.1. Model 1 - pattern 

 
Fig.3. Classifier evaluation, for model, 1 
 
Table 2. Confusion Matrix for example 1 

 Positive Negative 
Positive Prediction  5269 36 
Negative Prediction  90 4458 

 

 
Fig.2. Image reconstruction – model 1 

 
Fig.4. Model 2 - pattern 
 

Table 3. Confusion Matrix for model 2 
 Positive Negative 

Positive Prediction 8333 139 
Negative Prediction 229 1152 

 

 
Fig.5. Image reconstruction – model 2 
 

 
Fig.6. Classifier evaluation for model 2 
 

 
Fig.7. Model 3 - pattern 
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Table 4. Confusion Matrix for model 3 
 Positive Negative 

Positive Prediction  8539 0 
Negative Prediction  3 1311 

 

 
Fig.8. Image reconstruction – model 3 
 

 
Fig.9. Classifier evaluation for model 3 
 
 

 
Fig.10. Model 4 - pattern 
 
Table 5. Confusion Matrix for model 4 

 Positive Negative 
Positive Prediction  8717 136 
Negative Prediction  156 844 

 
 

 
Fig.11. Image reconstruction – model 4 
 

 
Fig.12. Classifier evaluation for model 4 
 

 
Fig.13. Model 5 - pattern 
 
Table 6. Confusion Matrix for model 5 

 Positive Negative 
Positive Prediction 6555 189 
Negative Prediction 358 2751 

 

 
Fig.14. Image reconstruction – model 5 
 
Table 7. Evaluation metrices for models 

 Ex. 1 Ex. 2 Ex. 3 Ex. 4 Ex. 5 
Accuracy 0.9872 0.9627 0.9997 0.9704 0.9445 
Sensitivity 0.9920 0.8923 1.0000 0.8612 0.9357 
Specificity 0.9832 0.9733 0.9996 0.9824 0.9482 
Pos Pred 

Value 
0.9802 0.8342 0.9977 0.8440 0.8849 

Neg Pred 
Value 

0.9932 0.9836 1.0000 0.9846 0.9720 

Precision 0.9802 0.8342 0.9977 0.8440 0.8849 
Recall 0.9920 0.8923 1.0000 0.8612 0.9357 

Prevalence 0.4561 0.1310 0.1331 0.0995 0.2984 
Detection 

Rate 
0.4525 0.1169 0.1331 0.0857 0.2792 

Detection 
Prevalence 

0.4616 0.1402 0.1334 0.1015 0.3155 

 
Conclusion 

The article presents an analysis of leaks in flood 
embankments using a specially prepared numerical model. 
An electrical impedance tomography approach was used to 
measure and reconstruct the images. The results of the 
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work show that the presented method is effective. The 
image reconstruction was obtained thanks to the use of 
decision trees, which allowed for the analysis of spatial data 
and high processing speed. 
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