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ABSTRACT 

Heterogeneous networks (HetNets) are a promising means of meeting the requirements of Long 

Term Evolution-Advanced (LTE-A) in terms of data traffic, coverage and capacity. In HetNets, 

power disparities arise between base stations in different tiers. The use of existing user association 

schemes will lead to load imbalances between these base stations, thus affecting network 

performance. Biased user association has been widely studied to improve load balancing in 

HetNets. Static biasing has been the focus of most existing work but this approach does not yield 

optimized performance because the optimal biasing values vary with user location. In this paper, 

we investigate the use of the Particle Swarm Optimization (PSO) algorithm to conduct dynamic 

user association by finding the optimal bias values. The simulation results demonstrate that the 

proposed scheme achieves better load balancing performance in terms of the network balance 

index compared to a baseline scheme. 

 

Keywords:  Heterogeneous network; Load balancing; Particle swarm optimization; User 

association 

 

1. INTRODUCTION 

The introduction of LTE-A HetNets aims to improve spectral efficiency per coverage area 

(Suryanegara, & Asvial, 2018). Using a mixture of macro and small cells (e.g., micro, pico, and 

femto cells), HetNets enable flexible and low-cost deployments (Mohamed et al., 2017) while 

providing a uniform broadband experience to users anywhere in the network (Wang et al., 2011). 

These small cells can be distinguished from macrocells based on physical size, transmission 

power, cost and deployment (Ye et al., 2013).   In a HetNet, users need to be associated to a 

macrocell or a small cell. In 3GPP LTE networks, a user is associated to the base stations (BSs), 

based on the highest received signal (Sheikhidris et al., 2018). Nonetheless, this association is not 

practical in an LTE-A HetNet because of the transmission power disparity between the macrocell 

and the small cells (Corroy et al., 2012). As a result, a small number of users will be connected 

to the small cells, thus leading to load imbalance between the macrocell and small cells. A 

technique called cell range extension (CRE), which is a modified user association method has 

been proposed by 3GPP, whereby a fixed bias value is added to the small cells to attract more 

users with lower signal strengths to them, hence leading to a higher offload from the macrocells 

(Borst et al., 2013). Even though the fixed bias value added to the user association process could 

result in better load balancing, it does not necessarily lead to a lower signal-to-interference-plus- 
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noise ratio (SINR) because of the added interference level (Corroy et al., 2012). 

Moreover, a static bias may not improve the user experience; however, in order to avoid excessive 

sacrifice in the user rates, dynamic biasing is necessary (Chou et al., 2015).  When there are 

limited resources available at a BS, there will be fewer available resources for certain users, 

leading to reduced aggregate throughput. For this reason, attaining load balancing among BSs 

during user association is essential (Boostanimehr & Bhargava, 2015).     

In a wireless cellular network, achieving the requirements of different load scenarios with the 

supplies of the BSs resources is known as load balancing (Feng et al., 2014). When traffic is 

offloaded from highly loaded BSs to lowly loaded ones, and the load distribution amongst the 

base stations is reasonable, then load balancing will be achieved. Consequently, better user 

experience and good network performance will be maintained (Mishra & Mathur, 2014). 

Different solutions for load balancing have been proposed, which can generally be classified into 

two types (Zhou et al., 2014). In the first type, the solutions are based on the number of resources 

used; heavily loaded cells offload extra traffic to other cells nearby by cell breathing techniques 

(Bejerano & Han, 2009) or by using a specific cell offset (Siomina & Yuan, 2012). Bejerano and 

Han (2009) presented a cell breathing technique to provide fairness based on finding the global 

optimal solution. They reduced the size of the congested cells by decreasing the transmission 

power and hence forcing the users of these cells to shift to less congested adjacent cells. Siomina 

and Yuan (2012) performed load balancing by optimizing the cell specific offset range of the low 

power nodes. They aimed to reach a fair load distribution by considering Jain’s fairness index as 

an objective function. 

In the second type, the solutions are based on the number of connected users, including several 

kinds of utility functions, the overall rate maximization (Ye et al., 2013), alpha optimal user 

association (Kim et al., 2010) and biasing methods (Cho & Choi, 2013; Tang et al., 2013). Ye et 

al. (2013) investigated a utility maximization problem considering the overall rate as an objective 

function and showed that a load-aware association reduces the congestion of heavily loaded 

macro base stations. Kim et al. (2010) studied load balancing in a wireless network under spatially 

inhomogeneous traffic distributions. By taking the base station’s load into consideration, Tang et 

al. (2013) proposed a load-aware model based on stochastic geometry and associated users 

determined by the strongest average long-term biased received power. Cho and Choi (2013) used 

repulsive cell activation and showed that the minimum separation distance between the base 

stations affects the load balancing of the cells. However, the metric used to determine their 

objective was average user throughput. In order to quantify a metric for load balancing, Chiu and 

Jain (1989) introduced a balance index to measure the balance of resources in a system (Ganco 

& Correia, 2015). Limitations were identified for this metric due to the chances that a certain user 

might generate several added loads based on the BS it is connected to (Ganço & Correia, 2015).   

In this paper, we propose a particle swarm optimization-based user association (PSO-UA) scheme 

for load balancing. PSO is an algorithm that mimics the foraging of a flock of birds or the 

navigation of fish (Baskoro et al., 2011). It has few parameters that need adjusting and hence is 

easy to be implemented. PSO shows good performance, together with fast convergence speed 

and low complexity. Shami et al. (2018) used PSO to control the load with the objective of 

maximizing the cell’s spectral efficiency, in which a spread control parameter was used to ensure 

that the number of users assigned to any base station neither exceeded nor went below a specific 

boundary. In this paper, we propose the use of a load balancing metric proposed by Huang et al. 

(2017). We show that the proposed PSO-UA leads to a more balanced network compared to the 

currently used association scheme and that the proposed metric is more suitable for measuring 

the load balancing of HetNets. The novelty of the current work is a new PSO-based technique for 

improving the network balancing index via dynamic adjustment of the small cell bias values.  
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The remainder of the paper is organized as follows: Section 2 describes the system model, 

presents the problem formulation and the proposed algorithm is discussed. In Section 3, 

performance evaluation of the proposed technique is presented. Finally, the paper is concluded 

in Section 4. 

 

2. METHODS 

2.1.  System Model and Objective Function  

In this paper we consider the downlink of a multi-tier wireless HetNet; specifically, a three-tier 

HetNet in which users are associated to the macrocell or to the picocells and femtocells, whereby 

small cells are deployed within the macrocell coverage area, as shown in Figure 1. The 

communication link shows that the user equipment is associated with the corresponding 

basestation. In this system model, each user’s equipment is associated with only one base station, 

as presented in Figure 1. There are several BSs, and the number of macrocells, picocells and 

femtocells are denoted by M, P and F respectively. 

 

 

Figure 1 Illustration of a three-tier wireless heterogeneous network 

The BSs set is denoted by B, where the macrocell is the first element, followed by the picocells 

and the femtocells. The user equipment (UE) set is denoted by U, with Uj denoting the total 

number of users associated with BS j. 

2.2.  Channel Modelling 
The path loss models and the shadowing standard deviation values used in this paper are based 

on 3GPP (3GPP, 2013), as shown in Table 1, where d is the distance between the BS and the UE 

in km. 

Table 1 Model details 

Parameter Description 

Macrocell pathloss 128.1+37.6 log d 

Picocell pathloss 140.7+ 36.7 log d 

Femtocell pathloss 127 + 30 log d 

Macrocell shadowing standard deviation 8dB 

Picocell shadowing standard deviation 10dB 

Femtocell shadowing standard deviation 10dB 

Noise figure 9 dB 

Noise spectral density -174 dBm 

Bandwidth 20 MHz 
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The received SINR denoted by Ѱuj, of a UE u from a BS j, is expressed as: 

 Ѱ𝑢𝑗 =
𝑡𝑗𝑔𝑢𝑗

𝐼𝑢+𝜎2
 (1) 

where 𝑡𝑗 is the transmission power of BS j; 𝑔𝑢𝑗 is the channel gain between UE u and BS j, which 

is a value that includes shadowing and path loss; Iu is the interference received from other BSs; 

and 𝜎2 is the additive white Gaussian noise power, which includes the noise figure and the noise 

spectral density.  

After biasing, the UE will be associated to the BS with the highest biased SINR (Shami et al., 

2017) which is denoted as: 

 Ѱ𝑢𝑗𝑏𝑖𝑎𝑠𝑒𝑑 =∝𝑗 Ѱ𝑢𝑗 (2) 

where ∝𝑗 is the bias value added to BS j. The bias values are added to all small cells (i.e., picocells 

and femtocells) and no bias value is added to the macrocell.  

2.3. Load Balancing Metric 

The network balance index (NBI) proposed by Huang et al. (2017) is used as shown in equation 

(3). Before determining the load balancing of the network, both the actual load of the cell and the 

predicted load should be determined. The predicted load denoted by pl is the load that can be 

supported by a BS which is directly proportional to its transmission power, while the actual load 

denoted by al is the load of each cell after user association has been performed. 

 NBI = 1 −
√(𝑝𝑙−𝑎𝑙)2

2×𝑈
 (3) 

where NBI is the deviation between the predicted and the actual load distributions (Huang et al., 

2017) that can have any value in the range of [0, 1], where 0 denotes no load balancing and 1 

denotes the best load balancing. 

2.4. Proposed User Association Scheme for Load Balancing 

In this section, the proposed PSO-UA scheme is presented in Table 2. In this scheme, users are 

first distributed randomly among random BSs within their receiving ranges. Thereafter, user 

association is performed to associate users with BSs to maximize the load balancing of the 

network. In this scheme, the bias values for the small cells are dynamically chosen for each BS 

to fulfill load balancing by increasing the NBI. In order to dynamically set the bias values, a PSO 

algorithm is proposed to find the best bias values, as it has been proven to be a low complexity 

scheme with a fast convergence speed (Al-Dujaili et al., 2015). 
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Table 2 Proposed PSO-UA scheme for improved load balancing 
 

Algorithm 1 Proposed PSO algorithm for improved load balancing 

Input: Initialize the system model settings. 

Input: Initialize the PSO control parameters. 

Input: Initialize the population of N particels. 

Initialize the variables to zero: 

1: Calculate the load balancing index of each cell. 

2: while the number of maximum iterations is not reached yet do 

3: for N = 1 to nbparticles do 

4: Calculate the load balancing index of the particle 

5: if PBEST > PBESTinitial then 

6: update PBEST 

7: end if 

8: if GBEST > GBESTinitial then 

9: update GBEST 

10: end if 

11: end for 

12: update the inertia weight 

13: for N = 1 to nbparticles do 

14:  update the velocity 

15: update  the position 

16: end for 

17: return GBEST as the best estimation of the global optimum 

18: end while 

 

In the proposed scheme, every single bias value for each small-cell BS is considered as one 

particle within the overall swarm of particles. Since the particles move in the search space, their 

positions must be updated depending on two formulas: position and velocity, as shown in 

Equations 4 and 5, respectively.    

 𝑋𝑖
𝑡+1 = 𝑋𝑖

𝑡 + 𝑉𝑖
𝑡+1 (4) 

 𝑉𝑖
𝑡+1 = 𝑤𝑉𝑖

𝑡 + 𝑐1𝑟1(𝑃𝑖
𝑡 − 𝑋𝑖

𝑡) + 𝑐2𝑟2(𝐺𝑡 − 𝑋𝑖
𝑡) (5) 

Equation 4 demonstrates the position of the particles in the search space, where 𝑋𝑖
𝑡 is the current 

position of the nth particle at the tth iteration and 𝑉𝑖
𝑡+1is the velocity of the nth particle in the next 

iteration. Equation 5 shows the direction and the intensity of the movement, where the first term 

𝑤𝑉𝑖
𝑡 is the inertia which maintains the current velocity and the current direction of the movement. 

The second term, 𝑐1𝑟1(𝑃𝑖
𝑡 − 𝑋𝑖

𝑡), is called the cognitive component and considers the distance 

between the personal best and the current location of each particle individually. The final term, 

𝑐2𝑟2(𝐺𝑡 − 𝑋𝑖
𝑡), is known as the social component, because the distance is calculated between the 

current position and the best position found by the entire swarm of particles. 

The position and velocity equations are updated in each iteration based on Equations 4 and 5. 

Subsequently, each particle will have a fitness function calculated based on Equation 3. The 

algorithm in Table 2 stores the best fitness value for each particle from the swarm under a term 

known as personal best (PBEST). The fitness values for all the particles in the swarm are 

compared with each other and the best particle that has the highest fitness value will be stored as 

a term known as the global best (GBEST). In this work, the fitness function to be maximized is 

the NBI, while the particles in the swarm represent possible bias values for the small cells. Upon 

convergence, this stochastic process is guaranteed to find the best bias value for each small-cell 
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BS, because each particle involved maintains the best bias value in the search space so this space 

becomes smaller and the search process becomes faster. 

3. RESULTS AND DISCUSSION 

In this section, we present the results of the proposed user association scheme for load balancing 

using PSO-UA. A three-tier wireless HetNet is considered, consisting of one macrocell with a 

transmission power of 46 dBm, overlaid with 19 small cells, four of which are picocells and the 

remaining 15 femtocells, with transmission power of 30 dBm and 20 dBm, respectively. The 

number of resource blocks is fixed to 100 as per a channel bandwidth of 20 MHz, based on 3GPP 

specifications (3GPP, 2011). For the proposed PSO algorithm, the swarm size is set to 30, with a 

maximum number of iterations of 100. The inertia coefficient w is set to 0.9, and the acceleration 

coefficients c1 and c2 are set to 2 (Clerc & Kennedy, 2002). All the results in this section are 

shown as the average of 100 simulation runs. First, we analyze and compare the NBI of the 

proposed PSO user association with an SINR association, which associates users to BSs based 

on the maximum received SINR (Dhillon et al., 2012). Figure 2 demonstrates the NBI 

comparison, with the number of users varying from 100 to 1000. We notice that in all cases the 

NBI of the proposed PSO-UA scheme is higher than the SINR-based scheme association. The 

proposed PSO-UA scheme outperforms the SINR-based one in terms of NBI because the former 

takes the load balancing into consideration when performing user association.  

 

 

Figure 2 Network balance index of the proposed scheme and existing scheme 

By varying the number of users from 100 to 1000 in increments of 100, the proposed PSO-UA 

scheme still outperforms the SINR-based one, even though the user locations and small cell 

locations vary in all the scenarios. This is due to the dynamic association performed by the 

proposed scheme to find the optimal bias values to improve load balancing. As shown in Figure 

2, in the 400 user scenario, the proposed scheme NBI 0.7972 is higher than the SINR based 

scheme NBI value of 0.7094. Overall, in all the different scenarios with varying numbers of users, 

there is an average improvement of 16% in terms of the NBI when using the proposed scheme 

compared to the SINR-based one. 

The number of users connected to each tier in the HetNet is then investigated. It can be seen that 

the number connected to the small cells increases when using the PSO-UA. In a 100 user scenario, 

as demonstrated in Figure 3, the SINR-based association scheme leads to 38 users being 

associated with the macrocell, 17 with the picocells and 45 with the femtocells. Using the 

proposed PSO-UA scheme, 25 users are attracted to the macrocells, 23 to the picocells and 52 to 

the femtocells. The proposed PSO-UA association results in a 13% improvement in offloading 

users to the small cells. Therefore, since more users are offloaded to the small cells when using 
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the proposed PSO-UA scheme, compared to the SINR-based one, the load balancing of the 

network improves and hence the NBI increases accordingly. The results shown in Figure 3 are 

grouped per tier; all the users connected to the four picocells are grouped in the pico tier, and all 

those associated with the 15 femtocells are grouped in the femto tier. 

  

 

Figure 3 Number of users connected using the proposed scheme and existing scheme for different tiers 

Furthermore, the NBI metric is shown along with the load balancing index (LBI) metric from 

Ganco and Correia (2015). Even though the LBI may seem to be a simple metric compared to the 

NBI, the computational time of the latter is slightly shorter. Furthermore, the LBI metric is 

maximized when all the base stations in the network have an equal load, regardless of which tier 

the base station belongs to. The percentage of users connected to each tier is presented in Fig. 4 

as an average per tier; i.e., for the macro tier there is a single macrocell, while the pico and femto 

tiers reflect the average of the total number of users connected to each tier from the four picocells 

and 15 femtocells. The main difference between these two metrics is that the NBI takes the 

predicted load into consideration, rather than the actual load, as in LBI. Hence, 11% more users 

are connected to the macro tier when using NBI compared to LBI and 2% fewer users are 

connected to small cells when using NBI compared to LBI, as the macrocell can handle more 

load than the small ones. 

 

Figure 4 Comparison between the network balance index metric and load balance index using the 

proposed scheme 

 

As shown in Figure 4, the percentage of users connected to the macrocell increases from 27.83 

to 39.66 when using the NBI instead of the LBI. However, the percentage of users associated 
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with the small cells decreases from 4.83 to 4.20, and from 3.52 to 2.9, for the pico and macro 

tiers respectively. This difference does not show a decrease in the metric performance. In contrast, 

it shows the advantage of using the NBI metric over the LBI one. Different base station tiers are 

considered in the model and consequently different transmission powers for each tier; therefore 

considering the capability of each base station when using the NBI metric displays its benefit 

compared to the LBI metric.      

 

4. CONCLUSION 

In this paper, we have proposed the use of a PSO algorithm to perform a dynamic biasing user 

association and have chosen the network balancing index as the maximization objective function. 

The results show that the proposed PSO-UA scheme leads to higher NBI performance compared 

to the SINR-based UA. 
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