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Abstract 

One of the most challenging topics in analyzing multi-dimensional geo-spatial data 

such as geophysical data-sets is detecting outlier data. The issue mainly originates from 

the difficulty in describing “normality” or “abnormality” due to the complexity of the 

relationships between the data elements. Considerable number of methods have been 

proposed and applied for detecting outliers whether they are assumed to be noise, 

anomalies within the data-set or simply isolated events. A new outlier detection method 

reached from automatic training of Local Linear Model Tree (LOLIMOT) network, 

and based on the data selected by K-Nearest Neighborhood (KNN) search is proposed 

in this research. The procedure of selecting data pairs is through decile analysis using 

distances calculated during KNN data grouping. Experiment on a synthetic 12 cluster 

3D data-set is indicative of the method’s robust performance where calculated 

Cumulative Error Percentage (CEP) is 13% for the method whereas the nearest value 

for the KNN is 19%. Also, by applying the method on a micro-gravimetric data and an 

earthquake catalogue related to the north Zagros- west Alborz, and based on the output 

of the analyses performed, the superiority of the method in outlier detection was 

confirmed. 

Keywords: outlier detection, LOLIMOT, KNN Search, Zagros, anomaly detection 

 

 

1.   Introduction 

In a set of objects or patterns, outliers refer to data that do not conform to the expected 

behavior, pattern or relations within the data and are considered as anomalies, 

discordant observations, noise or simply as isolated outliers (Seth and Babbar 2015; 

Steiner et al. 2018). There are a wide variety of domains and applications related to 

outlier detection namely GPS and remote sensing applications (Junior and Pires 2014; 

Balta et al. 2018) seismic data processing (Steiner et al. 2018; Rashed 2018) and 

earthquake data analysis (Arabelos et al. 2001; Onda et al. 2018), therefore diverse 

methods are introduced in this field.  

Outlier detection methods could be categorized according to what major concept the 

analysis is based on.  Such concepts can be statistical, density, deviation and clustering 

approaches (Xu et al. 20118). Based on the characteristics of geo-spatial data like 

earthquake catalogues or geophysical data-sets and their spatio-temporal distributions, 

choosing a proper method for outlier detection could be a challenging procedure. The 

difficulty arises from the fact that outliers are often determined based on the local 
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dissimilarity in the features space and in a high-dimensional space, which is not an 

easy task.  

Amongst efficient techniques for outlier detection, the methods based on clustering 

algorithms or neighbor ranking are often used as the basis of new researches (Xu et al. 

20118). These methods are reached through similarity measurement by calculating 

distance function for a multidimensional set of objects. Afterward, the most similar 

data are considered as the data originated from the same source or procedure and the 

last ones are considered as outliers or data that are labeled in another cluster. The main 

challenge in using this branch of methods is the problem of determining the total 

number of clusters or “K” as the number of the similar objects within each group. 

Hodge and Austin (2004) and also Divya and Sasidhar (2016) performed surveys on 

outlier detection methods from different aspects and the readers are referred to 

mentioned researches for more details about categorizations and comparisons of the 

outlier detection algorithms.  In the following, after introducing the materials used in 

the research and the method (section 2) for outlier and anomaly detection purposes, the 

method is applied on synthetic and real world data-sets in section 3 which is finally 

followed by conclusions in section 4. 

   

2.   Materials and Methods 

2.1   Local Linear Modeling Tree 

The local linear modeling approach is based on divide-and-conquer strategy. As 

depicted in Fig. 1, a complex modeling is divided into a number of smaller and thus 

simpler sub-problems which are solved (almost) independently by identifying simpler 

models, e.g., linear ones. The most important factor for the success of such an approach 

is the division strategy for the original complex problem. Therefore, the properties of 

local linear neuro-fuzzy model crucially depend on the applied construction algorithm 

that implements a certain division strategy. 

Nelles (1997) proposed a local linear model tree algorithm. The basic principles of the 

algorithm have been more or less independently developed in different disciplines in 

the context of neural networks, fuzzy logic, statistics, and artificial intelligence with 

different names such as local model networks, Takagi-Sugeno fuzzy models, operating 

regime-based models, piecewise models, and local regression (Nelles 2001). 

LOLIMOT is an incremental tree-construction algorithm that partitions the input space 

by axis-orthogonal splits. In each iteration, a new rule is added to the model and 
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therefore the method belongs to the class of incremental or growing algorithms and is 

based on Local Linear Neuro Fuzzy models (Nelles 2001). The fundamental approach 

in this model is dividing the input space into smaller linear subspaces with fuzzy 

validity functions. Any produced linear part with its validity function can be described 

as a fuzzy neuron. Thus, the total model is a neuro-fuzzy network with a hidden layer 

and one linear neuron in the output layer which simply calculates the weighted sum of 

the outputs of locally linear neurons. The general structure of a LOLIMOT is illustrated 

in Fig. 2 (Hajian et al. 2011).  

2.2   K Nearest Neighbor Search 

As an optimization problem, KNN search is a method for determination of the “K” 

nearest objects (multi-dimensional vectors) in a set of data that are most similar to a 

specific query object. Here, the similarity or closeness is calculated as dissimilarity or 

distance function (less distance is interpreted as more closeness). The distance function 

could be any distance function like simple Euclidean, Mahalanobis, City Block, 

Chebyshev, Correlation and Jaccard functions (Hu et al. 2016). For example, for an m 

dimensional set of data, the normalized Euclidean distance between X and Y points is 

calculated as: 

𝑑𝑖𝑠𝑡(𝑋, 𝑌) =  √
∑ (𝑥𝑖 −  𝑦𝑖)2𝑚

𝑖=1

𝑚
 (1) 

where xi and yi are the related values of X and Y in the dimension of i. 

2.3  Method 

In the method provided here, the KNN search algorithm alongside LOLIMOT, as a 

powerful supervised approach, are combined in order to automate and increase the 

efficiency of outlier detection procedure.  

Since the main problem with the KNN-based methods is their high sensitivity to the 

“K” parameter or the number of similar elements used in calculating the distance 

between the objects of the data-set, in the method proposed here, instead of using a 

specific “K”, a range of “K” value is used. The core of the provided method is based 

on identifying outlier data by supervised learning approach that uses the sorted data 

resulting from the KNN search. The detailed steps are as follows: 

Step 1: For each vector (object) in the set of data, groups of KNN are calculated with 

different “K”s each of which is determined based on the rounded percentage of the data 

from 1% to 20%. The range was corroborated empirically to make sure that it is 
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supportive of the stability of the results, and the values were established in the method 

as in-built fixed parameters, in consequence. 

Step 2: the sum of distances between the main vector and the KNN grouped vectors is 

calculated.  

Step 3: All vectors are then sorted based on the values calculated in the previous step. 

Step 4: Objects for which the calculated sum of distances are within the last (first) 

decile of the sorted values are considered as outliers (inliers). These values together 

with their corresponding “K” numbers constitute the input data for the LOLIMOT 

network. The output could simply be a categorical “0” or “1” labels for “inliers” or 

“outliers”, respectively.  

Step 5: Using the training pairs resulting from the previous steps, the LOLIMOT 

network is trained, and by generalizing the trained network to all data points, the output 

of the method is obtained as inlier or outlier labels.  The Flowchart of the method 

(hereafter called LKNN) is depicted in Fig. 3  

2.4 Performance Evaluation  

Due to the unavailability of appropriate promising data-sets, it is difficult to assess the 

performance of the outlier detection algorithms (Xu et  al. 2018). In this paper the 

results of the methods are compared using the Area Under the Cave (AUC) of the 

Receiver Operating Characteristic (ROC) that is originally a metric for checking the 

quality of the classifiers (Fawcett 2006). Calculating ROC is based on the confusion 

matrix which partitions the instance space into four sub-spaces that are named true or 

false positives and negatives (Fawcett 2006). True Positive (TP) that is also called 

sensitivity and False Positive (FP) ratios are calculated as bellow and ROC curve is 

then depicted by plotting the TP (y-axis) versus the FP Rate (x-axis): 

𝑇𝑃 =  
𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠 𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑙𝑦 𝑙𝑎𝑏𝑒𝑙𝑒𝑑 

𝑡𝑜𝑡𝑎𝑙 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒𝑠
 (2) 

𝐹𝑃 =  
𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠 𝑖𝑛𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑙𝑦 𝑙𝑎𝑏𝑒𝑙𝑒𝑑 

𝑡𝑜𝑡𝑎𝑙 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒𝑠
 (3) 

Since ROC is a two-dimensional graph and represents a relative tradeoff, alternatively 

AUC value is used for quantitatively comparing the performance. Higher AUC  value 

stands for better classification performance and vice versa. 

Aa another quantitative evaluation function, the Cumulative Error Percentage (CEP) 

as defined bellow is also used in the experiments: 



6 
 

𝐶𝐸𝑃 =  (
𝑁𝑜. 𝑜𝑓 𝑖𝑛𝑛𝑐𝑜𝑟𝑒𝑐𝑡 𝑜𝑢𝑡𝑙𝑖𝑒𝑟𝑠 𝑙𝑎𝑏𝑒𝑙𝑠 +  𝑁𝑜. 𝑜𝑓 𝑖𝑛𝑑𝑖𝑠𝑡𝑖𝑛𝑐𝑡 𝑜𝑢𝑡𝑙𝑖𝑒𝑟𝑠

𝑡𝑜𝑡𝑎𝑙 𝑁𝑜. 𝑜𝑓 𝑜𝑢𝑡𝑙𝑖𝑒𝑟𝑠
) ∗ 100 (4) 

 

3. Experiments 

In this section, four different experiments are described.. First, to have a quantitative 

estimation, a synthetic data-set and a real data named Stamps with outlier and inlier 

labels are used which the latter experiment makes it possible to evaluate the 

performance of the methods with a real world data-set although it is not a geo-spatial 

data. Afterwards, a 3-dimensional micro-gravimetric data and an earthquake catalogue 

are studied and the results are provided separately. 

3.1. Outlier Detection in a Synthetic Multi-Dimensional Data 

Due to the limitation of plotting objects when their feature space has a higher value 

than three dimensions, a set of 12-cluster three-dimensional data was produced by 

Gaussian random mixture using random centers and number of members in each 

cluster. The range of the values was limited to the band of [0, 50] and the standard 

deviation of the generated values was set to “three”. Also, using the standard deviation 

of 40, the outlier cluster was generated  containing 100 vectors. the experiment on this 

dataset was conducted using three methods namely, Isolation Forest (IF) proposed by 

Liu (Liu et al. 2008), KNN search (Dang et al. 2015), and LKNN. The main reason the 

IF method is used for comparing the performance is its fundamental difference from 

all other methods, which is detecting anomalies just based on the concept of isolation 

without using any distance function (Domingues et al. 2018). Detailed specifications 

for each method are given in Table 1. 

 

 

Table 1. Parameter specifications for the methods 

IF 

No. of Iterations=50 

No. of sub-samples=256 

No. of trees=100 

pre-determined percentage of outlier =10% 

KNN 
K= 30 

pre-determined percentage of outlier =10% 

LKNN - 
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Data contaminated with outliers and the results of detecting them by the mentioned 

methods are illustrated in Fig. 4. While the performance of the KNN and LKNN are 

relatively similar, IF’s performance lags noticeably and the visual comparison of the 

results reveals that the IF has distinguished less outliers (the red circles in the right 

column in Fig. 4) and has incorrectly labeled more inliers as outliers (the turquoise 
circles in the left column). In this experiment, the calculated CEP for KNN is 19 % 

where the value for LKNN is 13 %. For the IF method, CEP is much higher compared 

to the other methods and is therefore not specified. 

With reference to the ROC and AUC values calculations, plotted in Fig. 5,  the previous 

results are qualitatively and quantitatively confirmed. The red and black line 

(respectively for KNN and LKNN) are plotted closely where the blue line related to IF 

is lower almost for all false positive rates.  

3.2. Detecting the outliers of the Stamp Data-Set  

There are a variety of labeled data-sets available on the internet some of which have 

been described in detail by Xu (Xu 2018). Amongst hot referenced real world data-

sets, the “Stamp” 10-dimensional data is chosen in this research. The data is mainly 

collected for testing methods of distinguishing “scanned ore photocopied” stamps from 

“genuine” stamps and contains 325 instances where 16 instances are labeled as outliers 

(scanned stamps).  

The ROC calculation over the result of outlier detection algorithms is depicted in Fig. 

6, revealing completely the same and almost perfect performance (only one wrong 

labeling by both methods) for KNN and LKNN and weaker for the IF’s result. As the 

data-set is 10-dimensional, it is not possible to perform visual comparison based on all 

parameters’ variations. 

 

3.3 Anomaly Detection in Micro-Gravimetric Data 

In terms of outliers, anomalies are a relatively small group of isolated outliers within 

the data-sets. Performing automatic anomaly detection algorithms is mainly to have 

real time or near real time interpreted results especially in shallow explorations 

(Martyshko et al. 2016; Purkhauser and Pail 2018). 

In this experiment, alongside evaluating the performance of the methods in anomaly 

detection, it is shown how non-automatic determination of outlier percentage could 

lead to unacceptable results. The data used in this experiment is chosen from a dense 

micro-gravimetric study and is processed and ready for interpretation. Except the pre-

determined percentage of outliers, for KNN and IF methods, other settings are the same 

as privouse experminets (Table 1). The volumes of the outliers are considered to be 
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two and four percent in two successive runs of KNN and IF, and the results are 

illustrated in Fig. 7. Obviously, for the second run in which the pre-determined portion 

of outliers is set to four percent, anomalies are spread unnecessarily  in the data span 

(range) and this could result in wrong interpretation. 

 

3.4 Detecting Outliers in an Earthquake Data-set 

Outlier presence negatively affects analyzing earthquakes in many aspects such as 

earthquake clustering or energy release calculation (Font et al. 2004; Samadi et al. 

2020). Therefore, removing them prior to main steps of analysis may become a must 

in such studies. 

An earthquake catalogue related to north-Zagros and west-Alborz located in Iran, Iraq 

and southeastern Turkey was chosen for this experiment. Around 1500 events was 

originally reported in the catalogue (illustrated in Fig. 8) but a subset of data including 

841 earthquakes with magnitude ML > 3.6 was chosen for this experiment. For IF and 

KNN methods, five percent of the events were considered to be outliers but other 

settings were the same as those mentioned in Table 1. The results of performing outlier 

detection algorithm are plotted in Fig. 9. In the first row of the mentioned figure, all 

events selected for the experiment are plotted. In second to forth rows, results of the 

IF, KNN and LKNN are respectively shown where each column is for the same output 

plotted from different points of view for better comparison. Four marked zones are 

selected for evaluating the performance of the methods. The red rectangle in the first 

column is related to some events just below a dense group of earthquakes and could 

belong to the same cluster. While IF partially and KNN completely marked these 

events as outliers, LKNN has considered them to be inliers. In the second column, a 

small tringle is marking a group of events that again could just belong to the cluster of 

upper earthquakes but all three methods have marked some events as outliers. If this 

group of events is supposed to belong to inliers, then LKNN has the least and KNN 

has the most wrong indications here. In this column, also a reverse triangle is used to 

indicate some events obviously tailing previous earthquakes. While IF and KNN 

analysis resulted in some outliers here, LKNN has completely marked them as inliers. 

The last group of events belong to the west Alborz seismogenic province limited by a 

blue circle in the third column. While LKNN has marked all events as inlier data, the 

other two methods have some outlier markings in this region. Apart from these four 

zones, isolated deeper earthquakes are labeled as outliers by all methods as expected. 

 

4. Discussion and Conclusions 
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With the motivation to improve the efficiency and automation of the outlier detection 

procedure, especially in geo-spatial data-sets, the LKNN method was developed using 

KNN search alongside LOLIMOT network in this research. In the first experiment, a 

multi-dimensional well clustered synthetic data with around 10 percentage of outliers 

was generated for quantitative performance evaluation. One of the main challenges in 

such data type is to  properly discriminate the farthest data from the center of each 

cluster mainly because the calculated distance with other most similar objects may 

become large enough for the main object to be considered as an outlier. In this 

experiment, while IF output was relatively weak, both KNN and LKNN did well in 

responding to the mentioned challenge. Apart from performance that was proved to be 

slightly better for LKNN based on AUC calculation, the main  excellence here arises 

from the automation of the algorithm and belongs to LKNN. In fact, the performance 

of the KNN is attributed to the known information about the number of additive outliers 

and even with this important information, the CEP of the LKNN was six percent lower 

than that of the KNN method. The mentioned superiority also is valid for the 

experiment performed on “Stamp” data as a real world labeled data-set. In order to 

compare the efficiency of the methods in anomaly detection, the experiments continued 

using a real micro-gravimetric data and again the results were supportive of the 

mentioned advantages of the LKNN in automation and performance where lack of 

information about outliers led to unacceptable results for the IF and KNN methods 

(Fig. 7-e and f). Based on the last experiment specially comparing the data points 

within the marked zones in Fig. 9, the higher performance of the LKNN is resulted 

again. Finally, it is concluded that the proposed method could be considered as a robust 

non-parametric and automatic method for outlier detection in multi-dimensional data 

such as geo-spatial data-sets.  
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Fig. 1. Dividing a (complex) problem as the input space to smaller models in LOLIMOT after four 

iterations. 

Fig. 2: Schematic of a LOLIMOT network architecture (Hajian et al. 2011). 
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Start 

Grouping nearest neighbors for each data 

point over the range of all “K” values   

Calculating sum of distances for each 

point and each “K” values   

Sorting data points based on the 

calculated distances  

Constituting  the LOLIMOT network 

training pairs using “K” values and 

calculated distances by choosing first and 

last decile of the sorted data 

Training and generalizing the network to all 

data 

Labeled data 

Defuzzification of the network output  

Fig. 3: The overall flowchart of the LKNN 

method for outlier detection. The description 

of the steps are also provided in section 2.3. 
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Fig. 4: a) A synthetic 12 cluster data containing 1102 three dimensional vectors (light-gray to black 

colored circles) with 100 additive outliers both generated with gaussian random mixture and the results 

of outlier detection plotted from different angles, performed by IF (b and c), KNN (d and e) and LKNN 

(f and g). In the right column, orange and turquoise circles are indicative of properly determined outliers 

and improperly labeled outliers from inliers respectively. In the left column, olive circles are properly 

determined outliers and red circles are indicating outliers not distinguished by the methods. The two 

regions specified in the figures above are given to compare the results of the methods and their related 

explanations are given in the section 3.1. 
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Fig. 5: ROC curves (calculated using Eq. 2 and 3) and related AUC values calculated over the results of 

the IF, KNN and LKNN methods for a synthetic 12-clusters three-dimensional data with 10 percent of 

additive outliers.  

Fig. 6: ROC curves (calculated using Eq. 3 and 4) and related AUC values calculated over the results 

of the IF, KNN and LKNN methods for the “Stamps” data-set. The KNN and LKNN methods both have 

just one wrong indication and their ROC curves are almost the same 
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Fig. 7: (a) A micro-gravimetric 

data and the results of the outlier 

(anomaly) detection by (b) IF and 

(c) KNN with two percent as 

predetermined amount of outliers 

and LKNN (d). For the IF and 

KNN methods, the experiments 

were perform also with four 

percent of predetermined outliers 

in (e) and (f) respectively. 
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Fig. 8: The epicentral plot of an earthquake catalogue related to north-Zagros and west-Alborz located 

in Iran, Iraq and Turkey. The events are related to earthquakes instrumentally recorded from 1980 to 

2020 in mentioned region. Magnitudes are reported based on the local magnitude scale. 
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Fig. 9: Hypocentral plot of an earthquake catalogue (depicted in Fig. 8) from different points of view 

(first row) and the results of performing IF, KNN and LKNN methods for outlier detection (second to 

forth rows respectively). For the first two methods, it was assumed to have five percent of outliers in 

the catalogue. Some zones are marked in each column for better comparison and the discussions of 

them are given in section 3.4.  
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