
Webology, Volume 18, Special Issue on Artificial Intelligence in Cloud Computing 

April, 2021 

211                                                      http://www.webology.org 

Opposition based Spider Monkey Optimization Algorithm for Load 

Balancing in LTE Network 
 

M.R. Sivagar* 

Research Scholar, Department of Computer Science, Sathyabama Institute of Science & 

Technology, Chennai, Tamil Nadu, India. 

 

N. Prabakaran 

Associate Professor, Department of Electronics and Communication Engineering, Koneru 

Lakshmaiah Education Foundation, Deemed to be University, Guntur District, Andhra Pradesh, 

India. 

E-mail: Jrp557791@gmail.com 

 

Received October 28, 2020; Accepted November 25, 2020 

ISSN: 1735-188X 

DOI: 10.14704/WEB/V18SI01/WEB18055 

 
Abstract 

 
At Present telecommunication is progressed due to the development of Long-Term Evolution 

(LTE) standard. This LTE network provides high-speed wireless communication for mobile 

devices and satisfies requirements of customers from multi-cells. However, due to the 

congestion of mobile devices, each cell in the network may get overloaded. So, load balancing 

is the main challenge to the LTE network for reducing congestion or load in the cell. For load 

balancing, optimal cell selection method is presented in this paper. Initially, load factor of 

each cell is estimated. The load factor is compared to the pre-defined threshold load value. 

After comparison, the high load cell handles users to the optimal cell or low load cell. This 

optimal cell has been selected with the Opposition-Based Spider Monkey Optimization 

Algorithm (OSMOA). Simulation results show that the proposed approach works better than 

previous methods in terms of call blocking rate (CBR) and call Dropping Ratio (CDR). 

 

Keywords 

 
Long-Term Evolution (LTE) Standard, Load Balancing, Optimal Cell Selection, Opposition 

Based Spider Monkey Optimization Algorithm. 

 

Introduction 

 

Recently, with the advancement of the fourth (4G) versatile correspondence innovations, 

key services of mobile communication systems for small customers have shifted from 

voice calling to versatile mobile multimedia applications [1-10]. The LTE was called the 
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Universal Mobile Telecommunication System (UMTS) from the previous 3GB system, 

which evolved from the Global System for Mobile Communication (GSM). Related 

Details Officially developed as UMTS Terrain Radio Access (E-UTRA) and UMTS 

Terrain Radio Access Network (E-UTRAN). With the rapid increase in mobile data usage 

and new applications, for example, MMOG (Multimedia Online Gaming), Mobile TV, 

Web 2.0, Streaming Content, Long Evolution (LTE) Third Generation Partnership 

Program (3GPP) [11 - 14]. 

 

As the demand for mobile fast communication is expanding exponentially, remote access 

improvements to meet such needs face many more problems.4G mobile communication 

enhancements should give higher performance and transfer rate, lower transmission delay 

and better nature of-benefit (QoS) [15-19]. Additionally, because of uneven appropriation 

of clients and their heterogeneous administration types in the coverage area, distinctive 

base stations have offbeat traffic load changing every once in a while. So as to enhance 

the framework execution, Load Balancing is viewed as a standout amongst the most 

imperative Radio Resource Management (RRM) instruments in LTE framework. The 

essential thought of load balancing is to offload the unnecessary traffic from problem 

areas to neighboring low-load cells. The improvement targets are reasonable range use in 

neighboring cells, higher by and large framework throughput and giving better QoS to the 

end clients. More often than not, the authorization of load balancing can be acknowledged 

by cell breathing and constrained handover of explicit clients. For load balancing few 

methods had been presented before. These methods seemed to equalize the loads on the 

network; however, the performance of the system should be further improved in terms of 

call blocking rate and performance. 

 

Contributions of this proposed approach are described as follows, 

 

• Load factor of each cell is estimated based on the Signal to Interference plus Noise Ratio 

(SINR) and bandwidth efficiency of UEs in the cell. 

• For optimal cell selection to balance load, Opposition based Spider Monkey Optimization 

Algorithm (OSMOA) is presented. The optimization process of SOMA is enhanced by 

opposite based Learning (OBL) method. 

• This proposed approach is executed in the Network Simulator (NS2). 

• The execution of this proposed approach is assessed regarding throughput, call blocking 

rate and call distribution rate. 
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Related Works 

 

In this section, some past literature are endure that centered around load balancing with 

handover component in LTE network. Due to the mobility of UEs, a cell in the network is 

supposed to cover number of UEs so the cell becomes the state of overload. To balance 

the loads on the network, many researchers have proposed efficient load balancing 

methods. Among them, Fanqin Zhou et al [20] proposed a load balancing technique for 

the LTE downlink network. The authors meant to adjust the heap size of the organization 

by decreasing the load vector. To achieve their goal, they briefly proposed a load 

balancing scheme based on load vector reduction as LVMLB. Using this method, the 

authors had calculated the load of each cell in the network and those calculated values 

were sorted in descending order. Finally, handover the users from the loaded cell to the 

cell has minimum LV. With the proposed approach, they had improved QoS of the 

network. 

 

Diego Castro-Hernandez and Raman Paranjape [21] had proposed a Distributed Load 

Balancing Algorithm which is abbreviated as DLBA. This method was presented to 

achieve goal of solving the problem of utility maximization. The authors had presented 

adaptive bias regulation along with the DLBA to achieve their goal. In this approach, base 

station of each cell determined the users who were negatively smashing its utility sum and 

it handed over the users to the neighbor base stations or cells with maximum reserve 

capacity. By providing this algorithm, the authors have improved the average data rate 

gain. Optimization of handover is the significant process to satisfy the user’s 

requirements. Thus, Rana D. Hegazy, Omar A. Nasr and Hanan A. Kamal [22] had 

proposed fuzzy Q-learning based handover optimization. Using this method, the authors 

had optimized two different problems such as radio link failures and ping-pongs. By 

presenting this method, the authors had solved the solved the handover problems than 

other methods.  

 

Hashem Kalbkhani et al [23] had proposed optimal cell selection for load balancing in 

HetNets or Heterogeneous Networks. The authors had aimed to maximize the data rate of 

UEs in the macro cell. To achieve their aim, they had estimated the femtocell with 

maximum received signal strength and has maximum number of Resource blocks. By 

introducing this proposed technique, the creators have improved the presentation of the 

organization. WANG Hao et al [24] proposed a motion-based load balancing system on 

the 3GPP self-regulatory network. They intended to improve the system execution 

regarding call blocking rate and throughput. They had accomplished their point by 

introducing a unified algorithm and had applied this calculation for both ensured bit rate 
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and non-ensured bit rate clients. By presenting this algorithm, the authors had increased 

the throughput and decreased the call blocking rate.  

 

Chuai Gang, Meng Fanfan and Sun Li [25] had introduced a load balancing algorithm 

dependent on QoS-need in LTE network. The authors had aimed to satisfy the 

requirement of non- guaranteed bit rate users and best effort users. To achieve their aim, 

they had proposed an innovative multi-objective optimization modeling scheme. This 

method balanced the load due to mixed users such as non- guaranteed bit rate users and 

best effort users in the network. They had improved the throughput in LTE network by 

presenting this proposed scheme. Because of the significant of Handover Optimization 

and Load Balancing in LTE network, P. Munoz, R. Barco and I. de la Bandera [26] had 

proposed Fuzzy Logic and Reinforcement Learning based unified self-management 

mechanism. The authors had adjusted the handover ascribes for advancing significant key 

execution markers of Handover Optimization and Load Balancing. By proposing this 

proposed approach, they decreased congestion in the organization. 

 

Problem Statement and Solution 

 

In LTE network, an UE or user in a cell is satisfied by obtaining the requested service 

seamlessly with the corresponding eNB. Due to the mobility of the UE, it moves to the 

nearby cell which already has eNB with allowable load or UEs. The eNB of the neighbor 

cell couldn’t provide the service to the new UE because of its overload. So, it is important 

to balance the load in the LTE network. For load balancing in LTE network, several 

techniques have been proposed before, some of which are discussed in Section 2. Among 

them, authors Fanqin Zhou and others [20] seemed to balance loads on the network by 

proposing a load vector reduction approach. Using this approach, the authors had 

estimated load vector of each cell in the network. Then the calculated load vector of each 

cell was sorted in descending order. By analyzing this order, UE from the loaded cell was 

handed over to neighbor cell with minimum load vector. Like this approach, Diego 

Castro-Hernandez and Raman Paranjape [21] also had proposed a distributed load 

balancing algorithm.  Using this proposed algorithm, they had handed over the UE from 

the loaded cell to the cell with the maximum capacity. Although both approaches seemed 

to balance the load in the network, the performance of the system is to be improved in 

terms of throughput, call blocking rate and delay.  

 

Unlike [20] and [21], for efficient load balancing, an optimization process is the one of 

the best solutions to select the optimal cell or cell with minimum load why because call 

blocking rate of the network can be reduced significantly compared to other load 
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balancing techniques. In this approach, the Opposition based Spider monkey Optimization 

Algorithm (OSMOA) algorithm is provided for optimal cell selection, which leads to 

optimal balance of loads in the network. By proposing this proposed approach, delivery 

probability, delivery time and call delivery rate can be significantly improved. The basics 

of the Spider Monkey optimization algorithm are described in the following section. 

 

Opposition based Spider Monkey Optimization Algorithm for Load Balancing 

 

1). Overview  

 

Initially, base station or evolution node B (eNB) of each cell in LTE network calculates 

the load factor of the corresponding cell. Then the calculated load factor information of 

each cell is exchanged between eNBs of neighbor cells. If a cell attains maximum over 

load or the eNB in the cell couldn’t provide service to the new users, then the eNB is 

supposed to handover the service request of new user to the cell with minimum load. This 

process will balance the load in LTE network. For selecting optimal cell or cell with 

minimum load, Opposition Based Spider Monkey Optimization Algorithm (OSMOA) is 

presented. Based on this algorithm, optimal cell will be selected and service request of the 

user from the overloaded cell will be handover to the eNB of the selected cell. This 

proposed approach may decrease the call blocking ratio significantly. Figure 1 shows the 

workflow of the proposed system.  

 

 
Figure 1 Workflow of the proposed system 

 

2). System Model  

 

Figure 2(a) and 2(b) shows the system model of the LTE network. As shown in the figure 

2(a), 7 macro cells User Equipment’s (UEs) and evolution Node Bs (eNBs). UE is a 

 Load factor of each cell in the network is 

estimated 

Cell with minimum load factor is selected 

using OSMOA algorithm 

Service request of user from the loaded 

cell will be handover to the selected Cell 

LTENetwork 
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terminal used for communication. ENP to control mobile phones in each cell. UEs in a 

cell are forwards the service request to the corresponding eNB in a cell. After receiving 

the service request, the eNB is interfaced with the evolved packet core using S1 interface 

as shown in figure 2(b). HSS acts as a central database for storing subscriber information 

on the network. S-GW acts as a router and transmits data between P-GW and eNB. P-GW 

interacts with the external environment, i.e., it provides pocket data to the UE. The 

interface between S-GW and P-GW is referred to as S5 / S8, where S5 refers to the 

interface between two devices on the same network, while S8 refers to the interface 

between the other two devices on different networks. 

 

Depend on the received service requests; the eNB estimates the load factor of the cell.  

Each eNB in a cell communicate with the neighbor eNBs using the X2 interface. With the 

X2 interface, load status of a cell is exchanged between the neighbor cells. For example, 

maximum allowable users or load in a cell are 4 users. But the center cell has five 

numbers of UEs so this cell is considered as loaded cell. Due to the load the eNB1 in the 

cell couldn’t provide service to the new UE. So, it has to select the cell with the minimum 

load. For selecting the optimal cell, OSMOA is presented. To this selected optimal cell, 

service request of UE from the center cell will be handover. 

 

 
(a) 

 
(b) 

Figure 2 (a & b): System model 
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3). Load Factor Estimation 

 

Estimation of load factor of each cell is the significant phase to decide whether the eNB 

handover the service_request of UEs to neighbor eNBs. Initially, each cell i in the 

network calculates Signal to Interference plus Noise Ratio (SINR) for lth UE as follows, 

 

NPG
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li
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,
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,
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(6) 

 

Where, Gi,l denotes the gain of the channel between ith eNB and lth UE, PTx denotes the 

transmitting power of the user, PG Txli ,  denotes the received signal strength of the lth UE 

from the cell i and S denotes the set of cells in the network.  

 

Depend on this calculated SINR li, , bandwidth efficiency of UE l from the cell i is 

calculated as follows, 

 

 1log ,2, += SINRE lili (7) 

 

Where, Ei,l denotes the bandwidth efficiency of UE and it is represented as bps/Hz. 

According to this bandwidth efficiency of l UE, load occupied by l UE at cell i is 

calculated as follows, 

 

( )
B

E
tLF
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li
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,
, =     (8) 

 

Where, ( )tLF li, denotes the load factor of the lth UE in cell I at time t and BTotal denotes 

total bandwidth or resources in cell i. Then the total load factor of cell i is calculated as 

follows, 
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i



= =1
,

   (9) 

 

Where, L denotes the total number of UEs in cell i.  

 

After calculating the load factor of all cells in the network, the load status information is 

exchanged between eNBs of neighbor cells. Then the overloaded cell is detected by 

comparing the LF of cell i with the predefined threshold load value (LTh) i.e., 
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( )



 

OtherwiseHandoverNo

LtLFifHandover Thi

,

,
(10) 

 

As stated in the above condition, If load factor of the ith is greater than the LTh, then the 

eNB of cell I initiates handover among the UEs from the cell i to the neighbor cell j. 

Otherwise, service is continued in cell i. During the process of handover, the eNB of 

overloaded cell handover the service_request of UEs to the neighbor cell with the 

minimum load. For optimal cell selection, Oppositional Spider Monkey optimization 

algorithm (OSMOA) is presented and this selection process is described in the following 

section.  

 

Algorithm 1: Load Factor Estimation 

 

1. SINR for each UE in a cell is calculated using equation (1).  

2. Using equation (1), bandwidth efficiency of each UE is calculated using equation (2). 

3. Load occupied by each UE in the cell is estimated by using equation (3). 

4. Based on the bandwidth efficiency of the UEs, total load factor (LFi (t)) of the cell is 

calculated using equation (4).  

5. If ( ) LtLF Thi   

6. Then  

UEs are Handover to optimal neighbor cell 

7. Else  

 Service is continued inside the cell 

8. End  

 

4). Load Balancing Using OSMOA 

 

To balance the loads on the LTE network, the load factor of each cell is estimated and 

compared with the LTH. If the load factor of the cell exceeds the threshold load value, the 

service_ request of the UEs in the corresponding cell will be sent to the eNBs of the 

neighboring cells. During this allocation process, UEs must be connected to the cell at low 

loads, thus selecting the optimal cell available on the network is a major challenge for the 

LTE network. To select the optimal cell, the Opposition based Spider Monkey 

Optimization Algorithm (OSMOA) is provided. The basics of SMOA are described in 

Section 4. The optimization process of this algorithm is enhanced by integrating opposite 

based learning (OBL) method. For each solution in the search space, an opposite solution 

is generated using this OBL method which has the shortest distance to attain the optimal 



Webology, Volume 18, Special Issue on Artificial Intelligence in Cloud Computing 

April, 2021 

219                                                      http://www.webology.org 

solution. Phases of optimal cell selection using the proposed OSMOA algorithm are 

described as follows: 

 

Initialization: To start with, the estimations of the accompanying boundaries must be 

thought of. The neighborhood head is believed to be in the range [Z/2, 2 × Z], where the 

mass of Z indicates is. The all universal leader range is viewed as d × W, where d speaks 

to the dimensional space. The Perturbation proportion is thought to be in the range [0.1, 

0.9]. At that point, candidate solutions or spider monkeys (Mi) are dispatched in the dth 

dimensional space. In this methodology, the accessible cells in the organization are 

considered as competitor arrangements and are started as follows: 

 

( ) ( ) ( ) ( ) dnMdMdMnM ,,......,,2,,1= (11) 

 

Where, M (n, d) denotes the position of nth candidate solution or available cell in dth 

dimensional space.  

 

Oppositional solution: Oppositional solutions are evaluated with the M (n, d) OBL 

method for each solution initiated. The Oppositional solution of M (n, d) is estimated as 

follows: 

 

( ) ( )dnMbadnM nn ,,' −+= (12) 

 

Where, ( )dnM ,'  represents oppositional solution in dth dimensional search space, an 

represents the lower limit of solution M (n, d) and bn represents the upper limit of solution 

M (n, d).  

 

Fitness: The best solution or optimal cell is chosen by assessing the appropriateness of 

every arrangement and its counter arrangement. Exercise esteem is assessed as follows: 

 

( )( )tLFMinFit jm = (13) 

 

The best and most noticeably awful wellness of the solutions is sorted. An answer with 

negligible wellness is viewed as the ideal arrangement or ideal cell. The UEs of the high 

burden cell are relegated to this chose cell. In the event that the ideal arrangement isn't 

reached, the solutions will be refreshed until an optimal solution is found. 

 

Updation: Subsequent to ascertaining the fitness and counter-arrangement of every 

arrangement, they are refreshed utilizing conditions (2), (3) and (5). 



Webology, Volume 18, Special Issue on Artificial Intelligence in Cloud Computing 

April, 2021 

220                                                      http://www.webology.org 

 

Figure 3 shows the flowchart of this proposed algorithm. 
 

Algorithm 1: Load balancing based on optimal cell selection using OSMOA 

Input: Available cells in the network
 

Output: The optimal cell (COptimal)
 

1. Initialize PR, Local leader limit, Global leader limit, r1[0, 1], r2 [-1, 1], maximum group 

and candidate solutions ( )dnM ,  

2. Find Opposite solution to each initialized solution using equation (12). 

3. Evaluate the fitness of the counter solution using each candidate solution (13) and select 

the local leader and the global leader. 

4. Use the best and worst fitness of normal and oppositional solutions. 

5. For j=1 to Maximum group 

Local leader phase: 

6. If PRu 
1

 

( ) ( ) ( ) ( )( ) ( ) ( )( )dmMdnMudmMdLLudmMdmM i ,,,,,1 21 −+−+=+

 
7. Else  

( ) ( )dmMdmM ,,1 =+
 

8. End  

Global leader phase: 

9. Calculate probability (Pri) using (18) for case 1 and case 2. 

10. If Pr1 mu   

( ) ( ) ( ) ( )( ) ( ) ( )( )dmMdnMudmMdGLudmMdmM ,,,,,1 21 −+−+=+

 
11. Else  

( ) ( )dmMdmM ,,1 =+
 

12. End  

Learning phase of IL and GL: 

13.  If the local head is not renewed, the local limit is increased by 1. 

14. If the global leader is not renewed, the local limit is increased by 1. 

Decision phase of local leader: 

15. If Local limit countj>Local leader limit 

( ) ( ) ( ) ( )( ) ( ) ( )( )dnLLdmMudmMdGLudmMdmM i ,,,,,1 11 −+−+=+

 
16. Else  

( ) ( )dmMdmM ,,1 =+
 

Decision phase of global leader:  

17. If Global limit count >Global leader limit 

Update the position of local leaders 

Divide the population into subgroups 

18. Else   

Joint all groups into a single group 
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19. End 

20. Steps 3-19 are continued until finding the optimal solution or optimal cell (COptimal). 

 

 

 
Figure 3 Flowchart of the OSMOA algorithm for load balancing 
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Results and Discussion 

 

The proposed Opposition Based spider monkey optimization algorithm for load adjusting 

(LB-OSMOA) is executed in the Network Simulator (NS2). This proposed approach is 

reproduced over a region of 1000 × 1000 m2.100 number of hexagonal shape cells are 

considered. Coverage area of an eNB inside a cell is 375m of circular radius. Distance 

between eNBs is 400m. Constant bit rate-based service model is utilized multipath fading 

channel model is considered. Bandwidth of the system is 10MHz. Threshold load value 

(LTh) for load balancing approach is 0.85 of the maximum estimated loads. 100 seconds 

simulation time is taken to analyze the proposed approach. Table 1 shows the setting of 

simulation parameters.  

 

Table 1 Simulation background 

Parameters Values 

Cell design Hexagonal cell,  

Sum of cells 100 

eNB reporting area Circular with radius=375m with one cell 

System Bandwidth 10MHz 

Transmit Power 43dBm 

Channel model Multipath fading 

Service model Constant bit rate (voice call) 

Receiver Sensitivity -110 dBm 

Area 1000×1000m2 

eNBs Distance 400m 

Simulation time 100s 

Threshold load value (LTh) 0.85 of the maximum estimated load 

 

1). Performance metrics  

 

The performance of this proposed LB-OSMOA is evaluated based on the following 

performance metrics. 

 

Delay: The delay of the network depicts how long it takes for the organization to 

communicate a piece to the ENP. The unit of this boundary is seconds (s). 

 

Delivery ratio: This is the number of packets successfully received and the ratio of total 

packets sent. 

 

dtransmittepacketsofAmount

receivedpacketsofAmount
ratioDelivery = (14)
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Network lifetime: This is characterized as the time during which the organization is 

separated because of the disappointment of the correspondence association. The unit of 

this boundary is seconds (s). 

 

Call Dropping Ratio (CDR): It is defined as the ratio between the number of dropped 

calls and number of finished calls. It is calculated as follows: 

 

callsfinishedofNumber

callsdroppedofNumber
CDR = (15) 

 

Call Blocking Ratio: It is defined as the ratio between the number of blocked calls and 

number of received calls. It is calculated as follows: 

 

callsreceivedofNumber

callsblockedofNumber
CDR = (16) 

2). Performance Analysis 

 

Performance based on Number of Cells 

 

Figures 4-8 show comparisons of performance metrics such as delay, delivery rate, 

network lifetime, CBR and CDR. The performance of the proposed LB-OSMOA is 

comparable to existing load balancing schemes such as LVMLB [20] and DLBA [21]. 

Figure 4 shows the examination of the postponement between various load balance plans 

of various cells. As appeared in the figure, the organization postpone increments as the 

quantity of cells increments. Be that as it may, contrasted with LVMLB and DLBA, the 

deferral of the proposed LP-OSMOA is diminished to 31% and 35%, separately. Due to 

the selection of the optimal cell in the network using the proposed OSMOA algorithm, the 

load on the network is uniform, thus serving the network users with minimal delay. 

 

A comparison of the distribution ratio between different load balance schemes of different 

cells is shown in Figure 5. If the cell load exceeds the pre-defined threshold value, the 

new user's service request will be sent to the neighboring country. Cell with minimal load. 

Due to this phenomenon, the user receives the services without any hindrance, thus 

increasing the distribution rate of LB-OSMOA to 14% and 39% respectively. Figure 6 

shows the transition between the network lifetime and the number of cells for different 

load balance schemes. As shown in the figure, the lifespan of the network decreases as the 

number of cells increases. Nevertheless, the network life of the proposed LB-OSMOA is 

12% and 38% longer than that of LVMLB and DLBA, respectively. 
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Comparison of CBR of various load balancing schemes for varying number of cells is 

shown in Figure 7. When the number of cells increases, call blocking ratio of the network 

also get increases. However, CBR of the proposed LB-OSMOA is decreased to 3% and 

6% than that of LVMLB and DLBA respectively. The number of blocked calls in the 

network is decreased because of the reduction of resource utilization as the connection of 

users from the loaded cell is handed over to the optimal cell. Figure 8 shows the 

comparison of CDR of various load balancing schemes for varying number of cells. As 

shown in the figure, the call drop rate of the network increases as the number of cells 

increases. Nevertheless, due to the optimal cell selection using the proposed OSMOA 

algorithm, number of dropped calls or CDR is reduced to 7% and 14% than the existing 

LVMLB and DLBA schemes respectively. 

 

 
Figure 4 Comparison of delay between different loading schemes for varying number of 

cells 

 

 
Figure 5 Comparison of delivery ratio between different loading schemes for varying 

number of cells 
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Figure 6 Comparison of Network lifetime between different loading schemes for varying 

number of cells 

 

 
Figure 7 Comparison of CBR between different loading schemes for varying number of 

cells 

 

 
Figure 8 Comparison of CDR between different loading schemes for varying number of 

cells 
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Performance based on Simulation Time 

 

Figures 9-11 show the comparison of performance metrics such as CBR, CDR and 

handover probability for varying simulation time. A comparison of the CBR of different 

load balance schemes for different simulation times is shown in Figure 9. As the 

simulation time increases, so does the network call blocking rate. However, the CBR of 

the proposed LB-OSMOA is 10% and 19% lower than that of LVMLB and DLBA, 

respectively. Figure 10 shows a comparison of CDRs of different load balance schemes 

for different simulation times. As shown in the figure, the network's call drop rate 

increases as the simulation time increases. Nevertheless, the CDR of the proposed LB-

OSMOA is reduced to 3% and 7%, respectively, in existing LVMLB and DLBA 

programs. Tradeoff between handover probability and simulation time for different load 

balancing schemes is shown in Figure 11. As shown in the figure, compared to LVMLB 

and DLBA schemes, handover probability of the proposed LB-OSMOA is increased to 

15% and 32% respectively. 

 

 
Figure 9 Comparison of CBR between different loading schemes for varying simulation 

time 

 

 
Figure 10 Comparison of CDR between different loading schemes for varying simulation 

time 
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Figure 11 Comparison of Handover probability between different loading schemes for 

varying simulation time 

 

Conclusion 

 

In this study, unbalanced cells in the LTE network are balanced using the load loading 

technique (LB-OSMOA) based on the proposed OSMOA algorithm. In this approach, the 

estimated load of each cell is initially compared with the pre-defined threshold load value. 

If the cell load exceeds the gateway value, the new user's service knowledge is assigned to 

the optimal cell. Before handing over the user's link, the low-load neighbor cell is selected 

using the proposed opposition spider monkey optimization algorithm. The performance of 

this proposed LB-OSMOA was estimated based on different cells and simulation time. 

  

References 

 
Bo, L., Wang, X.Y., & Yang, D.C. (2011). Inter-domain traffic balancing with co-channel 

interference management in multi-domain heterogeneous network for LTE-A. The 

Journal of China Universities of Posts and Telecommunications, 18(6), 68-77. 

Yang, Y., Xie, Y., & Wang, W. (2010). The Statistical-Sakagami model for the 4G Mobile 

Communication Systems. In Second International Conference on Networks Security, 

Wireless Communications and Trusted Computing, 462-465. 

Campos, R.S. (2017). Evolution of positioning techniques in cellular networks, from 2G to 

4G. Wireless Communications and Mobile Computing. 

https://doi.org/10.1155/2017/2315036 

Miki, T., Ohya, T., Yoshino, H., & Umeda, N. (2005). The overview of the 4 th generation 

mobile communication system. In 5th International Conference on Information 

Communications & Signal Processing, 1600-1604. 

Prabakaran, N. (2015). LTE performances of uplink PUSCH under AWGN & VA30 fading 

channel. In International Conference on Computing and Communications Technologies 

(ICCCT), 318-321. 

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

20 40 60 80 100

H
an

d
o

ve
r 

p
ro

b
ab

ili
ty

Simulation time (secs)

LB-OSMOA

LVMLB

DLBA



Webology, Volume 18, Special Issue on Artificial Intelligence in Cloud Computing 

April, 2021 

228                                                      http://www.webology.org 

Ajitha, V.M., & Prabakaran, N. (2014). Performance evolution of downlink mimo in LTE 

technology. In International Conference on Electronics and Communication Systems 

(ICECS), 1-5.  

Kumar, R., & Chaudhary, R.K. (2019). A New Bidirectional Wideband Circularly Polarized 

Cylindrical Dielectric Resonator Antenna using Modified J-shaped Ground Plane for 

WiMAX/LTE Applications. Radio Engineering, 29(2), 391-398. 

Reddy, S.S.S., Singh, B., Peter, A.J., & Rao, T.V. (2019). Genetic transformation of indica rice 

varieties involving Am-SOD gene for improved abiotic stress tolerance. Saudi Journal 

of Biological Sciences, 26(2), 294-300. 

Rajakumar, R., Amudhavel, J., Dhavachelvan, P., & Vengattaraman, T. (2017). GWO-

LPWSN: Grey wolf optimization algorithm for node localization problem in wireless 

sensor networks. Journal of Computer Networks and Communications, 

https://doi.org/10.1155/2017/7348141 

Dharani, K., Rajesh, V., Madhav, B.T.P., & Prudhvi Nadh, B. (2019). Reconfigurable 

monopole antenna for WLAN/ bluetooth/ ISM/GPS/ LTE applications. International 

Journal of Recent Technology and Engineering, 7(6), 161-164. 

Clerckx, B., Lozano, A., Sesia, S., Van Rensburg, C., & Papadias, C. B. (2009). 3GPP LTE 

and LTE-Advanced. EURASIP Journal on Wireless Communications and 

Networking (1), 472. 

Tran, T.T., Shin, Y., & Shin, O.S. (2012). Overview of enabling technologies for 3GPP LTE-

advanced. EURASIP Journal on Wireless Communications and Networking, (1), 54. 

Tangelapalli S., & Pardha Saradhi P. (2019). Simulation of fractional frequency reuse 

algorithms in LTE networks. International Journal of Recent Technology and 

Engineering, 7(5), 175-179. 

Sai Sivakumar, B., Pardha Saradhi, P., Madhav, B.T.P., Venkateswara Rao, M., & Kesava Sai, 

G. (2019). Meta-material inspired monopole antenna for LTE/bluetooth/Wi-max 

subsystems. International Journal of Recent Technology and Engineering, 8(1),         

3019-3022. 

Akyildiz, I.F., Gutierrez-Estevez, D.M., & Reyes, E.C. (2010). The evolution to 4G cellular 

systems: LTE-Advanced. Physical communication, 3(4), 217-244. 

Poncela, J., Gómez, G., Hierrezuelo, A., López-Martínez, F.J., & Aamir, M. (2014). Quality 

assessment in 3g/4g wireless networks. Wireless personal communications, 76(3),          

363-377. 

Ajay Babu, M., Madhav, B.T.P., Bhargavi, G., Sai Krishna, V., Hemanth Kumar Reddy, Y., 

Kalyan, G.V.S., & Venkateswara Rao, M. (2018). Design and analysis of stepped 

reconfigurable rectangular patch antenna for LTE, vehicular and ultra wideband 

applications. International Journal of Engineering and Technology(UAE), 7(1.1),         

548- 553. 

Rentapalli, V.R., & Madhav, B.T.P. (2018). Performance analysis of space time block codes in 

lte advanced system. ARPN Journal of Engineering and Applied Sciences, 13(1),         

411-416. 

Krishna, A.R., Chakravarthy, A.S.N., & Sastry, A.S.C.S. (2017). Utilization of sc-fdma and 

ofdma based uplink and downlink resources in lte-a network assisted device to device 



Webology, Volume 18, Special Issue on Artificial Intelligence in Cloud Computing 

April, 2021 

229                                                      http://www.webology.org 

communication for effective spectrum management. ARPN Journal of Engineering and 

Applied Sciences, 12(5), 1429-1439. 

Zhou, F., Feng, L., Yu, P., & Li, W. (2015). A load balancing method in downlink LTE 

network based on load vector minimization. In IFIP/IEEE International Symposium on 

Integrated Network Management (IM), 525-530. 

Castro-Hernandez, D., & Paranjape, R. (2017). Dynamic Analysis of Load Balancing 

Algorithms in LTE/LTE-A HetNets. Wireless Personal Communications, 96(3),          

3297-3315. 

Hegazy, R.D., Nasr, O.A., & Kamal, H.A. (2018). Optimization of user behavior based 

handover using fuzzy Q-learning for LTE networks. Wireless Networks, 24(2), 481-495. 

Aghazadeh, Y., Kalbkhani, H., Shayesteh, M.G., & Solouk, V. (2018). Cell Selection for Load 

Balancing in Heterogeneous Networks. Wireless Personal Communications, 101(1), 

305-323. 

Wang, H., Liu, N., Li, Z., Wu, P., Pan, Z., & You, X. (2013). A unified algorithm for mobility 

load balancing in 3GPP LTE multi-cell networks. Science China Information 

Sciences, 56(2), 1-11. 

Gang, C., Fanfan, M., & Li, S. (2015). QoS-priority based load balancing algorithm for LTE 

systems with mixed users. The Journal of China Universities of Posts and 

Telecommunications, 22(3), 9-17. 

Muñoz, P., Barco, R., & De la Bandera, I. (2015). Load balancing and handover joint 

optimization in LTE networks using fuzzy logic and reinforcement learning. Computer 

Networks, 76, 112-125. 


