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Abstract— With the increasing complexity of mobile networks, it has become more and more diffi-7 

cult to perform effective management of mobile networks, which has led to more data to be evalu-8 

ated and optimized. This article focuses on the performance evaluation of Long Term Evolution 9 

(LTE) networks by using two unsupervised learning techniques. Besides, this paper aims to identify 10 

the pros and cons of these two clustering algorithms as well. To achieve the above goals, different 11 

dimensional datasets for learning a process based on two classic unsupervised clustering methods 12 

are introduced to this work. A Self-organized map (SOM) neural network and k-means are as a 13 

comparison algorithm and the sample data with three different degree correlation coefficients fea-14 

tures with 63 LTE cells, which is from a major European city. The purpose behind using these two 15 

methods is to see how different dimensions of the datasets can be used for testing clustering effec-16 

tiveness and we propose a method based on the features extracted from key performance indicators 17 

(KPIs) and Euclidean distance is used as the evaluation standard for the distance between different 18 

clusters and samples within clusters. The comparing results show that k-means has a better cluster 19 

performance in low dimension data set, whereas the SOM’s performance unsatisfactory. On the 20 

other hand, the SOM’s clustering performance is better than k-means in high dimension and big 21 

data set and it could visualize results. It was verified that there is a significant difference in the 22 

obtained results using different clustering algorithms. 23 

 24 

1. Introduction 25 

In recent years, the large-scale construction of LTE networks has ensured the cover-26 

age advantages of 4G networks, but the huge network scale has further increased the dif-27 

ficulty of network optimization. At the same time, Mobile Access Networks produce a 28 

large number of Operations, Administration, and Maintenance (OAM) data used by op-29 

erators for network operational assurance. These data include multiple and diverse per-30 

formance measurements and indicators that characterize the behavior of the radio cells. 31 

The task of how to organize and manage limited wireless resources has become more and 32 

more important and urgent, which the telecom operators need to face. For this goal, the 33 

emergence of intelligent network planning tools will provide a reference for solving this 34 

problem and it could adjust the allocation of wireless resources in real-time by evaluating 35 

the cells and user performance.  36 

To measure the above problems, mobile network operators (MNOs) increasingly fo-37 

cus on creating tools and processes, which is not only designed to help engineers maintain 38 

and optimize mobile radio network but also aims to make the network more autonomy. 39 

Machine learning (ML) has recently become a hot technology, aiming to balance the com-40 

putational complexity of the problem and accuracy issues, and aroused widespread con-41 

cern in the mathematical optimization community [1]. This trend has inspired researchers 42 

to use limited resources to solve the problem of wireless network optimization methods 43 

based on machine learning [2]. 44 

 



 

Unsupervised learning is a type of automatic learning method, which is a type of 45 

machine learning that looks for previously undetected patterns in a data set with no pre-46 

existing labels and with a minimum of human supervision [3]. The difference from super-47 

vised learning is that unsupervised learning usually makes use of human-labeled data. 48 

But, unsupervised learning allows for the modeling of probability densities over inputs. 49 

It does not think over samples' labels and the datasets are treated as random variables, the 50 

goal of it is to look for the probability density distribution that accommodates them [4]. 51 

Usually, the methods of unsupervised learning are to sort out the datasets with similar 52 

characteristics; this dealing process is called clustering, which consists of separating each 53 

group with different feature characters in sets called clusters. The output of these methods 54 

represents familiarity or similarity of the information presented at the input. These meth-55 

ods have a memory capacity, learning ability, and pattern recognition capacity [5]. 56 

The main purpose of this work is to detect mobile cells showing similar performance 57 

based on the KPIs collected from the network, thereby determining cell groups with dif-58 

ferent performances. Since there is no basic fact about the performance of the cells de-59 

ployed in the network, the system should apply unsupervised learning techniques to find 60 

groups of cells that exhibit similar performance. Besides, the system should classify these 61 

groups according to the performance of their cells, depending on the performance level 62 

specified by the mobile network characteristics. This work also aims to analyze the pros 63 

and cons of different traditional ML algorithms (i.e., k-means, spectral clustering, and 64 

Gaussian Mixture Models) and neural networks for cell clustering. Therefore, we make a 65 

deep analysis of the Self-Organizing Map (SOM) and k-means in data analyzing and pro-66 

cessing. We compared the SOM model and k-means algorithm for the exploration of large 67 

datasets with different features consisting of temporally referenced values of numeric at-68 

tributes with the use of clustering by using Matlab and represented different parameters 69 

of RAN performance by suitable feature vectors and compared the clustering outcomes 70 

of the SOM and k-means.  71 

The rest of the paper is organized as follows. Section 2 provides a background and 72 

overview of the related work. Section 3 presents the OAM data collected from the LTE 73 

network. Section 4 describes the clustering scenario with the SOM model and k-means 74 

algorithm being explained. Section 5 provides simulation results and discussion. Finally, 75 

Section 6 draws the conclusions.  76 

2. Related Work 77 

The latest developments in the field of data processing capabilities have paved the 78 

way for the use of machine learning (ML) technology to provide the impetus for the ex-79 

ploration of solutions for automatically evaluating mobile network performance [6]. At 80 

the same time, data for assessing the network performance based on the key performance 81 

indicators (KPI) are general used in the wireless mobile network. For instance, as de-82 

scribed in [5] and [7], a cellular network fault diagnose system related to applying support 83 

vectors machine (SVM) along with a Continuous Time Markov Chain (CTMC) analytical 84 

model and an automatic diagnosis system based on SOM technology to KPIs collected 85 

from mobile networks has been developed respectively, and their methods get a better 86 

network fault evaluation when compared to a traditional Proactive Self-Healing method. 87 

At the same time, authors in [8]present a mobile cells/UEs capacity architecture, which is 88 

enabling data-driven intelligence for performance monitoring in mobile networks and 89 

they are comparing four supervised learning (SL) algorithms (i.e., random forest, shallow 90 

multi-layer perceptron, support vector regression and k-nearest neighbors) with deep 91 

learning in predicting and estimating cell and user throughput in the downlink in busy 92 

hours from radio measurements collected on a cell basis in the Operation Support System 93 

(OSS), the results show that these four non-SL methods have a better performance in eval-94 

uating since they provide higher accuracy with reduced datasets. Network performance 95 

also could be evaluated by the anomaly detection in the wireless area, for instance, authors 96 

in [9] investigate a network intrusion detection based on comparing SOM, k-means, Ad-97 



 

versarial Learned Anomaly Detection (ALAD), and Deep Auto-encoding Gaussian Mix-98 

ture Model (DAGMM), and the results show that k-means works the better than the other 99 

three. [10] set up a detection model, which is consisting of a support vector machine 100 

(SVM), spectral cluster, and deep learning methods to evaluate the wireless performance 101 

by detecting anomaly UEs, and results show that traditional ML methods, such as spectral 102 

cluster have a better performance in anomaly detection. The data using in this work has 103 

clear positive and negative labels and it is easy to calculate the accuracy of each algorithm. 104 

Authors in [11] [12] mainly focus their work on UEs clustering by analyzing the UEs ac-105 

tivity and page views on the social network based on the SOM model and k-means. In this 106 

study, the results show that the SOM has a better performance in clustering analysis. At 107 

the same time, authors in [13] compared SOM, k-means, and hierarchical clustering algo-108 

rithm for classified telecommunication UEs dataset in the 3G network, and the results 109 

show that SOM and k-means have a better performance than hierarchical clustering algo-110 

rithm on classified data clustering. Different from previous works, our task is using the 111 

SOM and k-means algorithm to analyze the performance of the LTE radio access network 112 

and evaluate the quality of cluster results based on the SOM and K-means, respectively. 113 

At the same time, similar research to our work was conducted in [14]and this article ana-114 

lyzes the call detailed records by comparing the detected anomalies with ground truth 115 

information to verify whether the two algorithms correctly assess user mobility and traffic 116 

usage and it only uses a feature corresponding to mobile user activity, namely counting 117 

the number of incoming and outgoing calls and text messages. Finally, a study closer to 118 

ours was conducted in [15], which compared three clustering algorithms using perfor-119 

mance indicators. The research revealed that there were no significant differences in the 120 

obtained results with both Expectation-Maximization (EM) using Gaussian Mixture Mod-121 

els (GMM) and spectral clustering in LTE cells clustering based on different KPIs when 122 

compared to the ones obtained with K-means. However, although closer to our work than 123 

the aforementioned investigation, this article focuses on network optimization and cell 124 

subscription capacity evaluation based on comparing three traditional ML methods.  125 

Contrary to our research, the main contributions of this paper can be summarized as fol-126 

lows: 127 

 The achievement of a proposed unsupervised method for the number of clusters of 128 

LTE cell performance. For this goal, different groups of KPIs are tested to evaluate the 129 

cluster results.  130 

 Compared to [13] using classified UEs datasets under the 3G network, we investigate 131 

the performance of all unsupervised learning algorithms on clustering based on dif-132 

ferent correlated groups dataset to analyze the results of LTE cell clusters in the low 133 

dimensional field. 134 

 Compared to [15] using traditional ML algorithms (i.e., EM-GMM and spectral clus-135 

tering), this is the first time that k-means has been compared with SOM neural net-136 

work (NN) for LTE high/low-dimensional datasets clustering in RAN.  137 

3. Collected Data 138 

The analyzed data samples come from the performance measurement results of dif-139 

ferent cells extracted from 4G networks deployed in major European cities. From Septem-140 

ber 12 to September 26, 2017, a 15-day measurement and monitoring were carried out, 141 

which is including 11 macrocell base stations (BS) and 6 microcell BSs distributed within 142 

a total of 63 cells and a range of approximately 3.2 km2 LTE cell data. The geographic 143 

distribution of BS is shown in Figure 1. The red dot represents the macrocell BS, and the 144 

blue cross represents the microcell BS. The macrocell BS contains 63 LTE cells, and the 145 

microcell BS is configured with 7 UMTS cells, they are microcells BS 2, 11, 13, 14, 15, 16, 146 

and 17. for example, microcell 2, 11, 13, 16, 17 are working and covering 2 cells with 42 147 

Mbps bandwidth respectively, microcell 15 is working and covering 4 cells with 42Mbps. 148 

For the macrocells under different base stations, BS1, 6, 7, and 8 respectively cover 6 cells 149 



 

with a bandwidth of 20 MHz, and also cover 3 cells with a bandwidth of 10 MHz. Base 150 

stations 3 and 10 have the same number of cells, and they include 3 cells with a cell band-151 

width of 20 MHz and 3 cells with a bandwidth of 10 MHz. Meanwhile, the base stations 4 152 

and 5 have the same number of cells, which are comprised of three 20MHz bandwidth of 153 

the cell respectively. Finally, base station 9 is comprising two cells with a cell bandwidth 154 

of 20MHz and 10MHz bandwidth respectively.  155 

A total of 29 characteristic performance metrics are collected for each cell. These char-156 

acteristics are illustrated in Table 1, which is grouped into 9 categories. Except that the 157 

average/maximum of each eNB UE, CQI, and SINR PUCCH / PUSCH mean measurement 158 

are sampling per one hour, the other characteristics of the measured values are sampled 159 

for 15 minutes. In this way, each 4G cell contains 1404 samples (14 days with 96 samples 160 

per day, and 60 samples/day on the last day). There are a total of 85,977 input samples 161 

(i.e., we have 63 cells, and there are 1404 samples in each cell, except for the U, V, and W 162 

cells of BS 10 to retain one week of data (each cell has only 579 samples), and each input 163 

sample contains 29 different characteristics. Table 1 provides the global statistics (maxi-164 

mum, average, and minimum) of the collected performance measurements to illustrate 165 

their range of variation. 166 

 167 

Figure 1. Base stations distribution of LTE. 168 

Table 1. Characteristic performance measurements collected per cell 169 

Category Features 
Values 

(Max/Mean/Min) 

UEs  

Average #UEs in UL  48.2/1.3/0 

Average #UEs in DL 100.6/1.5/0 

Max #UEs in UL 79.6 /4.98/0 

Max #UEs in DL 213/5.9/0 

Total Max #UEs in eNB  1388/712/3 

Total Average #UEs in eNB  1186/606/0 

Carrier Aggregation capable UEs (%) 45/7.45/ 0 

Data volume 
Data Traffic (MB)– Hourly data traffic in UL 2307/ 19/0 

Data Traffic (MB)– Hourly data traffic in DL 4431/208.3/0 



 

Throughput Max Cell Throughput (Mbps) in UL 48.2/2.87/0 

Max Cell Throughput (Mbps) in DL 232.8/ 31.2 /0 

Mean Cell Throughput (Mbps) in UL 87/12.7/ 0 

Mean Cell Throughput (Mbps) in DL 26/ 0.7/ 0 

Physical Re-

source Block 

(PRB) Utilization 

Average PRB Usage per Time Transmission Interval 

(TTI) (%) in UL 

95.8/4.6/ 0 

Average PRB Usage per TTI (%) in DL 97.9/7.6/ 0 

Handover (HO) 

Failure Indica-

tors 

 

Intra eNB HO Failure Rate (%) 66.7 /0.36 / 0 

Inter eNB HO over X2 Failure Rate (%) 25/ 0.17/ 0 

Inter eNB HO over S1 Failure Rate (%) 
2.8/0.01/ 0 

Radio Resource 

Control / Data 

Radio Bearer 

(RRC(DRB) Fail-

ure Indicators 

RRC Drop Ratio (%) 15.9/ 0.6/0 

DRB Setup Failure Rate (%) 44.4/ 0.72/ 0 

RRC Setup Failure Rate (%) 

8.97/0.41/ 0 

Channel Quality 

Average CQI 15/9.83/ 0 

Average Physical Uplink Share Channel (PUSCH) 

SINR 

34/ 13 /-9 

Average Physical Uplink Control Channel 

(PUCCH) SINR 

28/ 7 /-10 

MCS Distribution (%)  

Low (MCS0-9) 15.5/7.84/0  

Medium (MCS10-19) 32.1/16.7/0 

High (MCS20-28) 52.4/31.6/0 

Circuit Switched 

fallback (CSFB) 

attempts 

CSFB attempts in idle mode 1421/ 24.7/ 0 

CSFB attempts in connected mode 
898/10.7/ 0 

Latency 
Intra eNB Latency in DL (ms) 526/0.87/ 0 

Intra eNB Latency in UL (ms) 1381/22.9/ 0 

4.  Clustering Methodology Using SOM and k-means 170 

4.1.  General 171 

For both SOM and k-means, the same simulation and experiment were executed, 172 

exploring architectures of 4 clusters/neurons and selecting the solution with the ratio of 173 

intra-cluster and inter-cluster distance among the achieved results. After finding these 174 

two methods, intra-cluster and inter-cluster distances were calculated for the entire 175 

dataset, and with the latter, comparing similarities and differences of the cluster centroid 176 

at SOM and k-means algorithms, which are based on three degrees’ Pearson correlation 177 

coefficient features. Moreover, CPU occupation and simulation time were determined to 178 

make a statistical comparison of these two algorithms under high dimension with huge 179 

input samples. Before training the SOM model and k-means, input data have to be 180 

normalized. Otherwise, directly using raw data as input data, might cause huge 181 

deviations because of the range of numerical values taken but each of the features differs 182 

greatly. Therefore, standardization is applied using the following formula[16]: 183 



 

𝑂𝑖𝑗 = 𝑥𝑖𝑗 − 𝑚𝑖𝑛(𝑥𝑗)𝑚𝑎𝑥(𝑥𝑗) − 𝑚𝑖𝑛(𝑥𝑗)                                       (1)    184 

Where 𝒙𝒊𝒋 is the raw value of feature j in data item i, 𝐦𝐢𝐧(𝒙𝒋) 𝐚𝐧𝐝 𝐦𝐚𝐱 (𝒙𝒋) are the 185 

minimum and maximum data values of feature j in whole data items respectively.𝑶𝒊𝒋 is 186 

the normalized value and the result of normalization is in the range of [0,1]. 187 

 188 

Figure.2 Optimal number of clusters fitting values of clusters 189 

All the simulation work was programmed by using Matlab and three groups of data 190 

were tested. In each test, the best results for the structure from 2 to 15 clusters were 191 

achieved. Two clusters were used as a minimum cluster and fifteen as a maximum cluster. 192 

In every test, 3000 iterations were carried out, reorganizing randomly the database in each 193 

one of them, because the algorithm is a heuristic process. 194 

The “elbow” method help data scientists select the optimal number of clusters by fit-195 

ting a range of values for k. If the line chart resembles an arm, then the “elbow” (the point 196 

of inflection on the curve) is a good indication that the underlying model fits best at that 197 

point. In the visualizer, “elbow” will be annotated with a dashed line. In cluster analysis, 198 

the elbow method is a heuristic used in determining the number of clusters in a data set. 199 

The method consists of plotting the explained variation as a function of the number of 200 

clusters and picking the elbow of the curve as the number of clusters to use. Figure 2 shows 201 

an elbow graph to determine the number of clusters, the X-axis represents the number of 202 

clusters, Y-axis represents the ratio of intra-centroid and inter-centroids’ distance of clus-203 

ters [17]. Intra-centroid cluster distance is also called within-cluster distance, which is rep-204 

resenting the distance of samples in the cluster to the cluster centroid. On the contrary, the 205 

inter-cluster distance is the distance between two different clusters’ centroids. These are 206 

two very important unsupervised learning clustering indicators. We can find that when k 207 

<4, the curve drops rapidly; From this work, we can find that when k > 4, the curve tends 208 

to have fluctuated and more and more stable in the end. We consider inflection point 4 to 209 

be the best value of k through the elbow method. Therefore, we set the initial number of 210 

clusters to 4, at the same time, the neurons of the SOM model are the same as well. 211 

4.2.   Self-organizing maps algorithm 212 

SOM is a kind of unsupervised neural network, the main part of its algorithm. The 213 

idea is to project the n-dimensional input data onto certain representations. By reducing 214 

the data dimension, visual clustering can be used to obtain intuitive representations[18]. 215 

Its structure includes a vector input layer and a competitive output layer. It allows 216 



 

visualizing the output via a competing layer[7]. SOM could change its structure according 217 

to external stimulation to make suitable clusters. 218 

In the network, SOM is a single neural network, whose N nodes are distributing in a 219 

grid mode. Most distribution modes are hexagonal and rectangular. These could make a 220 

high dimension data project a low dimension space[19]. In the SOM model, an input node 221 

is widely connected with other nodes, and each other stimulates each other, and the 222 

strength of its interaction is determined by the connection weight. The connection weights 223 

include the weights between the input layer and the competing layer neurons, and the 224 

competing output layer nodes. The former represents the response of neurons to external 225 

input, and the latter represents the interaction between neurons. Figure.3 shows the 226 

topology of SOM and the training steps of the SOM network are as follows: 227 

 Initialization: Assign and normalize the weight vector 𝑊𝑗 = [𝑤𝑗1 , 𝑤𝑗2, … , 𝑤𝑗𝑛]𝑇, where 228 

j=1,…, p, of each neuron node in the competition layer. 229 

 Select the winning neuron: Randomly select an input sample 𝑋𝑖 in the training set and 230 

normalize it. The weight vector 𝑊𝑗 of each neuron is compared with the input vector 231 

for similarity. The Euclidean distance is selected so that the winning neuron 𝑤𝑞 232 

satisfies: 233                                 𝑚𝑖𝑛𝑗{‖𝑤𝑗 − 𝑋‖} = ‖𝑤q − 𝑋‖                    (2) 234 

 Adjust the weight: The winning neurons and their topological neighbors are moved 235 

closer to the input vector. Adjust learning rate ρ(t) and neighborhood function  ℎci(t) 236 

The update rule for the prototype vector of neurons is: 237 𝑤𝑗 (t+1) =  𝑤𝑗 (t)+ρ(t)*ℎ𝑐𝑖 (t)[X- 𝑤𝑗 (t)], jϵ 𝑁𝑗 (t)        (3)Where t is the time, ρ(t) is the 238 

learning rate, which range is from 0 to 1, ℎci(t) is the neighborhood neuron and ℎ𝑐𝑖(t) is 239 

usually a Gaussian function, which is centered around the winning neurons.  240 

 The iterative operation, set t=t+1, repeat work in 2 and 3 until the network is 241 

convergence. 242 

The SOM network is defined in the measurement vector space. Since only the 243 

samples in the cluster have the greatest similarity, they can be mapped to adjacent 244 

neurons in the competition layer. Therefore, in the topological neighborhood of the 245 

competitive layer, updating neurons with weights close to the input sample can make 246 

the neurons of the competitive layer sensitive to the corresponding samples[20]. 247 

 248 



 

Figure.3 Network topology of SOM 249 

4.3.   k-means algorithm 250 

The basic idea of the k-means algorithm is to take the mean value of the data samples in 251 

each cluster subset as the representative point of the cluster and through iteration. The 252 

process divides the data set into different categories so that the evaluation of clustering. 253 

The criterion function of energy can reach the optimal so that each cluster is generated. 254 

Compact and independent between classes [22]. In the iterative process, the objects in the 255 

clustering set are constantly moved until the ideal cluster set is obtained, and each class 256 

uses this class. The average value of the objects in the middle is expressed. Using the clus-257 

ter obtained by k-means, the similarity of the objects in the cluster is very high, and the 258 

degree of dissimilarity between different cluster objects is also very high [23]. The basic 259 

principle of k-means for samples clustering can be depicted as follows: 260 

 Initialization: Suppose the number of cluster centers in a given sample space is K, and 261 

the K initial centers are 𝐶 = {𝐶1, 𝐶2, 𝐶3, … , 𝐶𝑘},X={𝑋(1), 𝑋(2), … , 𝑋𝑛} represents all input 262 

sample vectors. 𝑆𝑖 = {𝑋|𝑋 ∈ 𝑆𝑖}, which is representing all sample sets belonging to the 263 

i-th cluster center. Setting the threshold of iteration is ξ. 264 

 Sample division:𝑋𝑝 ∈ 𝑆𝑖  , if ‖𝑋𝑝 − 𝐶𝑖‖ ≤ ‖𝑋𝑝 − 𝐶𝑗‖, j=1, 2,…, K, and i≠ 𝑗. 265 

 Calculate new cluster centers: 𝐶𝑖∗=
1𝑁𝑖 ∑ 𝑋𝑝𝑋𝑝∈ 𝑆𝑖 , 𝑁𝑖 is the number of samples in the 266 

cluster 𝑆𝑖. 267 

 Check convergence: If ‖𝐶𝑖∗ − 𝐶𝑖‖ < 𝜉, iteration stopped, otherwise repeat 2 and 3. 268 

The advantage of the k-means clustering algorithm is: it can cluster dynamically and 269 

has a certain adaptive. The convergence of the algorithm depends on the characteristics 270 

of the sample and the number of different regions that it can form. After the k-means 271 

algorithm is divided, the objects in the same cluster have the greatest similarity or 272 

correlation, while the objects in different clusters the similarity between them are as small 273 

as possible, and the k-means clustering method finds that spherical clusters are very 274 

suitable in small and medium-sized databases. 275 

5. Performance evaluation 276 

5.1.   Low dimension clusters with different correlation features 277 

In this simulation, firstly, we use 2-dimension data as an input, whose characters are 278 

low, medium, and high degree features. For instance, CQI (Channel Quality Indicator) is 279 

the downlink spectral efficiency indicator, which is indicated the quality of the network 280 

measured from terminal UEs, i.e. how much downlink throughput a UE, under certain 281 

radio conditions (i.e., interference conditions) [24]. Therefore, CQI could reflect the spe-282 

cific radio conditions accurately [25]. The downlink throughput or downlink network 283 

throughput is the rate of successful message delivery from the communication channel to 284 

the UEs. Throughput is usually measured in Mega-bits per second (Mbps), and sometimes 285 

in data packets per second (p/s) or data packets per time slot. This simulation is to explore 286 

the low correlation feature on data set clustering. Due to the correlation coefficient has 287 

different degrees of strength, therefore, we can calculate correlation-ship between differ-288 

ent features. The correlation coefficient could be divided into three degrees, which are 289 

high, medium, and low. For instance, the high degree range is 0.6 to 1, and the medium’s 290 

range is from 0.4 to 0.6. Finally, the low degree is from 0 to 0.4. These two features have a 291 

low correlation; whose correlation coefficient is 0.225. Drop rate is an important indicator 292 

in mobile communication, also known as the call interruption rate, which refers to the 293 



 

probability of unexpected communication interruption during mobile communication. 294 

The call drop rate reflects the quality of mobile network communication to a certain extent. 295 

The latency is the time takes to get a packet from a specific point. The latency time is gen-296 

erally the sum of response delay and transmission delay and it is also measured in ms. 297 

These two features have a high correlation and its correlation coefficient is 0.512. Down-298 

link data traffic is the rate of message delivery from the base station to different UEs and 299 

it is usually measured in Mega-bits. The downlink maximum throughput or downlink 300 

network throughput is the highest rate of successful message delivery from the commu-301 

nication channel to the UEs. Throughput is usually measured in Mega-bits per second 302 

(Mbit/s or Mbps), and sometimes in data packets per second (p/s or pps) or data packets 303 

per time slot. This simulation is to explore the low correlation feature on data set cluster-304 

ing. These two features have a high correlation and its correlation coefficient is 0.873. 305 

From Table.2 we can find that the SOM intra cluster’s distance is a little bit larger 306 

than k-means when they all have 4 clusters. For instance, clusters #1, #2, #3 and #4 in SOM 307 

are all larger than the same cluster of k-means. The distance gap among these three clus-308 

ters is 0.12,0.14,0.02 and 0.17 respectively. The inter-cluster distance of them is very close 309 

when compared to the intro clusters. According to the shorter intra distance of clusters, 310 

the better cluster performance [26], we can conclude that the intra-cluster distance of k-311 

means and SOM are closer. At the same time, Table 2. shows the average distance of inter-312 

cluster centroids as well. For instance, cluster #1 and #4’s distance is almost the same, the 313 

#2 and #3 are also similar, that means inter-distance of SOM and k-means in low dimen-314 

sion have little difference, the larger inter centroids’ distance, the better cluster perfor-315 

mance, therefore, we can only set the intra-cluster distance as evaluation criteria. Figure.4 316 

illustrates the scatter distribution of SOM and k-means cluster centroid in 63 sample cells 317 

within throughput and CQI features. We can find the coordinate of the centroid in clus-318 

ter#3 at the SOM model is the same as cluster#4 at the k-means algorithm.  319 

 320 

Figure.4 Scatter of Throughput and CQI by using SOM and k-means cluster 321 

Comparing Table.3 and 4 we can find, the k-means cluster #3 and #4’s characteristic 322 

is similar to SOM cluster #3 and #2. The only difference between these two kinds of the 323 

cluster is #1and #4, for instance, the character of k-means clauter#2 is the lowest downlink 324 

throughput and the CQI span of cluster #2 is very large, it from 0.013 to 1, which include 325 
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the low to high CQI within similar downlink throughput. But the character of cluster #4 326 

at SOM has the lowest CQI and downlink throughput. So we can conclude that cluster #4 327 

in SOM is similar to cluster#2 at k-means, however, samples in #2 of k-means have covered 328 

the samples of #4 at SOM. Finally, cluster#1at k-means and cluster#1of SOM are also dif-329 

ferent. For cluster#1of SOM, it has a medium CQI and high downlink throughput. At the 330 

same time, cluster#1 of k-means has high CQI and medium downlink throughput, there-331 

fore, these two clusters’ character is very close. All in all, we can find in the low dimension 332 

features, there are certain differences, but their clustering characteristics are generally sim-333 

ilar in a cluster of SOM and k-means, and the clustering result of k is more intuitive.  334 

Table.2. Location of centroids and intra-cluster distance with SOM and k-means (low correlation features) 335 

 SOM Centroid k-means Centroid Intra-cluster distance  Inter-cluster distance  

X(SOM) Y(SOM) X(k-

means) 

Y(k-means)  SOM  k-means  SOM  k-means 

Clus-

ter#1 

0.40 0.11 0.79 0.57 0.29 0.17 0.41 0.37 

Clus-

ter#2 

0.78 0.11 0.58 0.10 0.36 0.21 0.35 0.42 

Clus-

ter#3 

0.49 0.49 0.74 0.85 0.34 0.32 0.30 0.37 

Clus-

ter#4 

0.77 0.67 0.49 0.49 0.31 0.14 0.39 0.40 

Table.3. Description of Obtained Cell Patterns of k-means Cluster 336 

Patterns Characteristics Comments 

Cell pat-

tern#1 

(Cluster#1) 

High CQI and medium down-

link throughput 

The inter-cell interference among these cells in #1 is relatively 

small and traffic flows usage is huge 

Cell pattern 

#2 

(Cluster#2) 

 Lowest downlink throughput The CQI span of cluster #2 is very large, from 0.013 to 1, but the 

throughput is the lowest, which means #2’s inter-cell interference 

is high 

Cell pat-

tern#3 

(Cluster#3) 

Medium CQI and medium 

downlink throughput 

The inter-cell interference among these cells in #3 is relatively 

small and traffic flows usage is huge 

Cell pat-

tern#4 

(Cluster#4) 

Highest CQI and downlink 

throughput 

Little inter-cell interference among these cells in #3 and best qual-

ity of UEs 

Table.4. Description of Obtained Cell Patterns of SOM Cluster 337 

Patterns Characteristics Comments 

Cell pat-

tern#1 

(Cluster#1) 

Medium CQI and high downlink 

throughput 

The inter-cell interference among these cells in #1 is relatively 

moderate and traffic flows usage is huge 

Cell pattern 

#2 

Highest CQI and highest down-

link throughput 

Little inter-cell interference among these cells in #2 and the best 

quality of UEs 



 

 338 

From Table.5 we can find that SOM intra-cluster distance is smaller than k-means 339 

when they are in the first three clusters. But in cluster #4, the intra-cluster distance of SOM 340 

is quite larger than k-means. At the same time, Table.4 also shows the average distance 341 

between inter-cluster centroids, we can find that the inter-cluster distance of k-means and 342 

SOM are closer. For instance, only cluster #4’s distance has a big difference between SOM 343 

and k-means, but SOM performance in #2 and #3 are better than K-means, but the inter-344 

distance of #1 in K-means is better than SOM, and we can comprehensively consider the 345 

performance of SOM and k intra-cluster distance and inter-cluster distance. Therefore, 346 

according to the shorter distance of intra clusters and the larger inter-cluster distance the 347 

better cluster performance. Comparing the clustering performance in Table.2, no matter 348 

the intro-cluster distance of SOM or k-means in Table.5 are all smaller than Table. 2. There-349 

fore, we conclude that k-means cluster performance is worse than SOM in medium corre-350 

lation features at this simulation and the scatter of k-means. Figure.5 shows the distribu-351 

tion of SOM and k-means cluster centroids within drop rate and latency. 352 

Comparing Table.6 and 7 we can find, the k-means cluster #1, #3 and #4’s character-353 

istic is similar to SOM cluster#1 #2, and #4. At the same time, the similar two kinds of the 354 

cluster are #1 in k-means and #1 in SOM, whose performance is all higher drop rate and 355 

latency. And the #3 in k-means and #2 in SOM have similar performance, which is mod-356 

erate latency and drop rate. Finally, the performance of #4 at K-means and SOM are hav-357 

ing the same characters, which all have the lowest latency and drop rate. So the only subtle 358 

difference is #2 in k-means and #3 in SOM, they all have high latency and medium drop 359 

rate. We can conclude that the SOM and k-means are having a similar performance under 360 

medium correlation features in low dimensions. 361 

From Table.8 we can find that the intra-cluster distance of SOM is close to k-means 362 

but smaller than k-means. For instance, in these four clusters, the gap distance between 363 

SOM and k-means are different, which are 0.03,0.1,0.04 and 0.3 respectively. Table.8 also 364 

shows the inter-cluster centroids, we can find that the inter-cluster distance of k-means 365 

and SOM are closer. For instance, cluster #1 distance is almost the same, the SOM perfor-366 

mance in #2 and #3 are better than k-means, but the inter-distance of #4 in k-means is 367 

better than SOM, and we can comprehensively consider the performance of SOM and k 368 

intra-cluster distance and inter-cluster distance. According to the shorter the distance of 369 

inter-clusters and the larger inter-cluster distance the better cluster performance. There-370 

fore, we can conclude that k-means cluster performance is worse than SOM in high corre-371 

lation features at this simulation. Figure.6 illustrates the scatter distribution of SOM and 372 

k-means cluster centroid in 63 sample cells within throughput and data traffic features. 373 

Comparing to Table.1, 4, and 7, we can find that the higher value of the correlation coeffi-374 

cient, the better cluster performance we will get no matter in the SOM model or k-means. 375 

(Cluster#2) 

Cell pat-

tern#3 

(Cluster#3) 

Medium CQI and medium down-

link throughput 

The inter-cell interference among these cells in #3 is relatively 

small and traffic flows usage is huge 

Cell pat-

tern#4 

(Cluster#4) 

Lowest CQI and downlink 

throughput 

The cells in #4 have far from the base station and the interference 

of these cells are high 



 

 376 

Figure.5 Scatter of Latency and Drop rate by using SOM and K-means cluster 377 

 Table.5. Location of centroids and intra-cluster distance with SOM and K-means (medium correlation features) 378 

 SOM Centroid K-means Centroid Intra-cluster distance Inter-cluster distance 

X(SOM) Y(SOM) X(k-

means) 

      Y(k-

means) 

SOM k-means SOM k-means 

Cluster#1 0.36 0.33 0.36 0.73 0.14 0.36 0.33 0.56 

Cluster#2 0.11 0.075 0.30 0.33 0.09 0.1 0.43 0.32 

Cluster#3 0.37 0.73 0.1 0.21 0.06 0.08 0.54 0.32 

Cluster#4 0.13 0.29 0.12 0.05 0.32 0.11 0.32 0.39 

Table.6. Description of Obtained Cell Patterns of k-means Cluster 379 

Patterns Characteristics Comments 

Cell pat-

tern#1 

(Cluster#1) 

Highest drop rate and 

latency  

The inter-cell interference among these cells in #1 is big and traffic flows 

usage is huge 

Cell pat-

tern #2 

(Cluster#2) 

Moderate drop rate 

and latency  

The inter-cell interference among these cells in #2 is not big and channel 

quality is moderate. 

Cell pat-

tern#3 

(Cluster#3) 

Moderate drop rate 

and latency 

The inter-cell interference among these cells in #3 is not big and channel 

quality is moderate 

Cell pat-

tern#4 

(Cluster#4) 

lowest drop rate and 

latency 

Little inter-cell interference among these cells and best channel quality  

Table.7. Description of Obtained Cell Patterns of SOM Cluster 380 

Patterns Characteristics Comments 
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Cell pat-

tern#1 

(Cluster#1) 

Highest latency and 

drop rate  

The inter-cell interference among these cells in #1 is big and traffic flows us-

age is huge 

Cell pat-

tern #2 

(Cluster#2) 

Medium latency and 

the drop rate   

The inter-cell interference among these cells in #2 is not big and channel qual-

ity is moderate. 

Cell pat-

tern#3 

(Cluster#3) 

High latency and the 

low drop rate  

The inter-cell interference among these cells in #3 is not big and channel qual-

ity is moderate 

Cell pat-

tern#4 

(Cluster#4) 

Lowest drop rate and 

latency  

Little inter-cell interference among these cells and best channel quality 

Comparing Table.9 and 10 we can find, the k-means cluster #1and #3’s characteristic is similar 381 

to SOM cluster #2 and #3. These two group clusters are all medium data traffic. At the same time, 382 

the similar two kinds of the cluster are #1 in k-means and #4 in SOM, whose performance is all 383 

higher data traffic and downlink throughput. Finally, the performance of #2 at k-means and #4 384 

at SOM are having the same characters, which all have the lowest data traffic and throughput. 385 

Therefore, we can conclude that the SOM and k-means are having a similar performance under 386 

the high correlation features in the low dimension. And the specific number of each cluster in k-387 

means. 388 

 389 

Figure.6. Scatter of data traffic and throughput by using SOM and k-means cluster 390 

Table.8. Location of centroids and intra-cluster distance with SOM and k-means (high correlation features) 391 

 SOM Centroid k-means Centroid Intra-cluster distance Inter-cluster distance 

X(SOM) Y(SOM) X(k-means) Y(k-

means) 

 SOM k-means SOM k-means 

Cluster#1 0.17 0.39 0.25 0.48 0.08 0.11 0.31 0.30 

Cluster#2 0.71 0.82 0.024 0.09 0.14 0.24 0.52 0.40 

Cluster#3 0.04 0.14 0.09 0.29 0.09 0.13 0.44 0.30 
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Cluster#4 0.33 0.58 0.65 0.76 0.11 0.41 0.31 0.53 

Table.9. Description of Obtained Cell Patterns of k-means Cluster 392 

Patterns Characteristics Comments 

Cell pat-

tern#1 

(Cluster#1) 

Medium downlink throughput 

and data traffic  

The inter-cell interference among these cells in #1 is not big and 

traffic flows usage is moderate 

Cell pat-

tern #2 

(Cluster#2) 

Lowest downlink throughput and 

data traffic  

The CQI span of cluster #2 is very large, from 0.013 to 1, but the 

throughput is the lowest, which means #2’s inter-cell interfer-

ence is high   

Cell pat-

tern#3 

(Cluster#3) 

Medium downlink throughput 

and data traffic  

The inter-cell interference among these cells in #3 is not big and 

traffic flows usage is moderate 

Cell pat-

tern#4 

(Cluster#4) 

Highest data traffic and downlink 

throughput 

Little inter-cell interference among these cells and best quality of 

UEs 

Table.10. Description of Obtained Cell Patterns of SOM Cluster 393 

Patterns Characteristics Comments 

Cell pat-

tern#1 

(Cluster#1) 

Highest downlink throughput 

and data traffic  

The inter-cell interference among these cells in #1 is relatively 

small and traffic flows usage is huge 

Cell pattern 

#2 

(Cluster#2) 

Medium downlink throughput 

and data traffic  

Little inter-cell interference among these cells in #2 and the best 

quality of UEs 

Cell pat-

tern#3 

(Cluster#3) 

Medium downlink throughput 

and data traffic   

The inter-cell interference among these cells in #3 is moderate 

and traffic flows usage are medium 

Cell pat-

tern#4 

(Cluster#4) 

Lowest downlink throughput and 

data traffic  

The cells in #4 have far from the base station and the interference 

of these cells are high 

5.2.   High dimension clusters with different samples 394 

Different from section 5.1 using the low dimension and different correlation features, 395 

we will use the high dimension features (i.e. 29 features) to test SOM and k-means 396 

performance. In the first stage, from Table.11, we can find that the overall difference is not 397 

obvious between the average distance of cluster and samples in k-means and SOM. For 398 

instance, cluster #2 and #3 in k-means and SOM is similar and closer.  However, the only 399 

huge difference is cluster #4, which is 0.93 and 0.53 respectively. The average distance of 400 

different cluster centroid in k-means is smaller than SOM. The average distance of cluster 401 

centroid and samples and an average distance of different cluster centroid in k-means are 402 

similar, for example, these two values in cluster #3 are 0.56 and 0.64 respectively, which is 403 

much closer. From this, we can conclude that, firstly, k-means can cluster high-404 

dimensional data, but the intra-cluster distance and the inter-cluster distance of the cluster 405 

are very close. On the other hand, SOM has a good performance in the distance of cluster 406 

centroid. Therefore, for high dimension datasets, researchers prefer to using the other 407 

algorithms except for the k-means. Table.12. shows the cluster hits of SOM and k-means 408 



 

and Figure.7 shows the sample's distribution at SOM topology, we can find that the 409 

number of hits in cluster#1 and #2 are similar between these two methods, which are 12 410 

and 23 in k-means and 11 and 21 in SOM. The only difference between the hits’ number 411 

between SOM and k-means are cluater#3 and #4. 412 

In the second stage, we try to obtain cell behavior based on the short-term 413 

performance of the cell observed during the entire measurement time domain. It is 414 

different from the long-term behavior capturing the cell behavior within 24 hours (1 day)， 415 

In the short-term community behavior analysis, we hope to perform a similar cluster 416 

analysis, but now we will capture the performance indicators of the behavior of the cells 417 

with a sampling period of 1 hour as the input sample, and the entire 15 days will be 418 

divided into 350 hours ( there are only 14 hours of data in the last day), and the U, V, and 419 

W cells of BS 10 also have only one week of cell behavior data. Therefore, based on the 420 

preprocessing of 63 groups of cell data, we obtained a total of 21341 hours of data in this 421 

work. Finally, according to the average of the entire measurement period of all cells, 29-422 

dimensional features are selected as the column vector, and 21341 sets of time samples are 423 

used as the input data array of the row vector (one for each feature). Therefore, the input 424 

data sample section is expressed as a 21341x29 matrix.   425 

 426 

Figure.7.  Hits of SOM for 63 samples with 29 features 427 

From Table.13, we can find the distribution of the hits of SOM topology is located in 428 

neurons #1, also named cluster#1. On the contrary, most samples of k-means are 429 

distributed in cluster#2, which value is 20159. Figure 8 also shows the distribution of the 430 

hits of samples in the SOM topology. Such as, different from k-means, SOM’s most 431 

samples are located in cluster#1 and its value 18101, and SOM’s distribution is more 432 

evenly distributed when compared to k-means. 433 

  Table.11. distance comparison between k-means and SOM 434 

 The average dis-

tance of cluster cen-

troid and samples 

(k-means ) 

The average dis-

tance of cluster cen-

troid and sam-

ples(SOM) 

The average dis-

tance of different 

cluster centroid 

(k-means)  

The average 

distance of dif-

ferent cluster 

centroid(SOM) 

Cluster#1 0.21 0.35 0.67 1.46 

Cluster#2  0.38 0.43 1.25 1.93 

Cluster#3  0.56 0.64 0.97 1.8 

Cluster#4  0.93 0.53 1.13 1.27 



 

  Table.12. Hits of K-means and SOM for 63 samples with 29-dimension features 435 

 Cluster#1 Cluster#2 Cluster#3 Cluster#4 

k-means  12 23 8 20 

SOM 11 21 22 9 

     Table.14 illustrates that the overall difference is not big between the average distance 436 

of cluster and samples in k-means and SOM except for cluster #4. For instance, cluster#1 437 

and #2 in k-means and SOM is closer and the only huge difference is cluster#4, which are 438 

1.1 and 0.023 respectively. The average distance of different cluster centroid in k-means is 439 

higher than SOM. However, the average distance of cluster centroid with samples and an 440 

average distance of different cluster centroid in k-means are different, and the degree of 441 

it is smaller than the SOM algorithm. For example, these two values in cluster#3 are 0.01 442 

and 1.02, respectively, which is almost a hundred times the gap. And the other distance’s 443 

gap is also huge, which is two or three times gap as well. From Table.15, we also could 444 

find that, although SOM is better than the k-means in high-dimensional large datasets 445 

clustering, SOM neural network algorithm has high complexity and slow learning speed. 446 

For instance, the CPU occupation of SOM is much higher than the k-means, the simulation 447 

time is almost a 5 times gap when compared to k-means. Therefore, although the k-means 448 

algorithm is more concise and fast than SOM with a large dataset in high dimension, the 449 

cluster performance and accuracy are worse than SOM.   Therefore, researchers prefer to 450 

using the other algorithms except for the k-means to cluster complicated and high 451 

dimensional datasets. We can conclude that for large and complex datasets clustering, the 452 

SOM’s performance is better than the k-means and SOM has a good cluster effective on 453 

complex data. 454 

   455 

Figure.8. Hits distribution of SOM for 21341 samples with 29 features 456 

 Table.13. Hits of k-means and SOM for 21341 samples with 29-dimension features 457 

 Cluster#1 Cluster#2 Cluster#3 Cluster#4 

k-means  1145 20159 35 2 

SOM 18101 2066 1119 55 

 Table.14. Distance comparison between k-means and SOM for 21341 samples with 29-dimension features 458 



 

 The average distance of 

cluster centroid with 

samples (k-means) 

The average distance of 

cluster centroid with 

samples (SOM) 

The average distance 

of different cluster 

centroid 

(k-means)  

The average dis-

tance of different 

cluster centroid 

(SOM) 

Clsuter#1 0.028 0.023 0.51 1.01 

Clsuter#2  0.01 0.015 0.42 1 

Clsuter#3  0 0.049 0.01 1.02 

Clsuter#4  1.1 0.023 0.82 2.78 

Table.15. Performance comparison between k-means and SOM for 21341 samples with 29-dimension features 459 

 CPU Occupation Simulation time (s) 

k-means 34% 201 

SOM 78% 1618 

 460 

6.  Conclusions 461 

This article discusses the performance evaluation of real LTE networks using unsu-462 

pervised learning techniques. Since the data set to be applied to the clustering algorithm 463 

depends on the set of defined targets, it can be easily pointed out that the definition of 464 

these targets is the key aspect of the proposed method. Therefore, the target of each KPI 465 

should be specified by the mobile network operator according to the performance level 466 

required by the network. 467 

Regarding the clustering results using SOM and K-means, the optimal number of 468 

clusters given by the elbow method is mainly four, one of the clusters mainly contains the 469 

best performing cells, and the other mainly consists of the worst-performing cells, the last 470 

two are mainly composed of cells with moderate performance. Besides, different dimen-471 

sions of data are used in the simulation of this article. In low-dimensional data clustering, 472 

compared with the results obtained using K-means, the results of clustering using SOM 473 

are not significantly different. Therefore, considering the ease of adjusting the input pa-474 

rameters of the K-means algorithm, this method is considered the best method of the two 475 

methods. In comparison to other high dimensional data set, LTE cell data has many KPIs 476 

and they are also acting as vectors in the high dimensional feature space, the results of 477 

clustering using SOM are significantly different from K-means and it gets better perfor-478 

mance in cells clustering, but it cost much more time and CPU occupation when working 479 

at the simulation. All in all, using big data analytics and mining in network optimization 480 

also means that network performance tuning can now be done on a highly scalable 481 

method and our method successfully leverages big data to identify regions of interest in 482 

almost real-time, which could provide business value in terms of reducing operational 483 

expenditure for a cellular network operator. 484 
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Figures

Figure 1

Base stations distribution of LTE.

Figure 2



Optimal number of clusters �tting values of clusters

Figure 3

Network topology of SOM



Figure 4

Scatter of Throughput and CQI by using SOM and k-means cluster



Figure 5

Scatter of Latency and Drop rate by using SOM and K-means cluster



Figure 6

Scatter of data tra�c and throughput by using SOM and k-means cluster



Figure 7

Hits of SOM for 63 samples with 29 features



Figure 8

Hits distribution of SOM for 21341 samples with 29 features


