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Abstract: Small cell is a key enabler for massive connectivity and higher data rate in the future generation of a cellular 

communication system. Few challenges in heterogeneous networks (HetNets) are effective resource utilization and de- 

ployment of optimal small base stations (SBSs) under dynamic mobile traffic patterns. In this paper, we design a traffic 

adaptive small cell planning (TASCP) schema to minimize the deployment of SBSs, enhancing the network energy 

efficiency without compromising the user equipment’s QoS (UEs). The proposed TASCP consists of two phases: small 

cell formation (SCF) and small Cell optimization (SCO). SCF creates the initial association between the UEs and SBS. 

The SCF operates the modes (active/sleep) of SBSs according to the dynamic traffic load. Changing the mode of SBS 

from an active mode to a sleep mode is based on the traffic load shared by other neighboring SBSs, cooperatively. The 

proposed TASCP method is compared with state-of-the-art algorithms, i.e., the Self-organized SBS Deployment 

Strategy (SSDS) and UE Association and SBS On/Off (USOF) algorithm. The network performance is calculated in 

terms of network energy efficiency, throughput, convergence time, and active small base stations. The performance of the 

proposed TASCP significantly increases as compared to state-of-the-art algorithms. 

 

Index Terms: 5G/6G, Small Cell Network, Heterogeneous Networks, Energy Efficiency. 

 

 

1.  Introduction 

Nowadays, mobile traffic and data usage are increasing rapidly. The 5G cellular network [1, 2] supports dynamic 

mobile traffic demands. In order to control traffic demands, many techniques are used in 5G systems such as the 

introduction of small cells, massive multiple input multiple outputs (MIMO), millimeter-wave communications, cognitive 

radios, cloud radio access network (CRAN), and software-defined networks (SDN) [3, 4]. Small cells are one of the 

most promising techniques to increase the network throughput and coverage capacity of the 5G system. The small 

cell is operated by the small base station to provide Quality of Services (QoS) to User Equipment (UE) within its 

coverage area [5]. The small base station is integrated with MIMO antennas to handle the wireless mobile traffic using 
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hundreds of antennas. The massive MIMO technique improves the spectrum efficiency of the 5G wireless 

communication system. Cognitive radio technology [6] plays a role in the next generation of a cellular network that will 

address the critical issue in spectral efficiency and inference management. 

Ultra-dense networks (UDNs) [7, 8] is dense deployments of small base stations in a cellular area. UDNs are a key 

component of modern wireless communication systems, particularly in 5G and beyond. They are characterized by a high 

density of small cells, such as microcells, picocells, and femtocells, which are deployed to increase network capacity and 

coverage in areas with high user density and data traffic demands. UDNs handle the traffic load based on the UE demands 

and provide the QoS services. The SBSs are deployed in indoor area and outdoor areas. Deploying SBSs will reduce 

power consumption and traffic load on MBSs. Cloud Radio Access Network (CRAN) architecture is key enabling design 

for multiple base station cooperation in 5G architecture. The CRAN [9] is a centralized structure. It is used to share the 

computational resources of base stations in the network in a cooperative manner by using network virtualization. The 

CRAN is more flexible, and dynamic cooperation with complex inference concern which enhances resource utilization. 

The CRAN is managed by the SDN through forwarding devices, and controlled by the SDN controller. The SDN manages 

the resource allocation in 5G mobile networks which is adjustable with dynamic network scenarios [10, 11]. 

Small cell network (SCN) is a collection of small cells. Each small cell is operated by the small base station (SBS) 

to provides QoS to the UEs, and SBSs are controlled by a central macro base station (MBS). Hence, the dense 

deployment of SBSs is required to handle the dynamic mobile traffic in heterogenous networks (HetNets). However, 

some SBSs are underutilized because of dynamic traffic pattern. To improve the utilization of SBSs in terms of power 

consumption and QoS to UE, it is proposed to switch-off redundant SBSs [12]. The Energy Efficiency (EE) is 

considered a significant performance metric [12, 13] which is strongly reflected in network performance. The EE is 

based on the UE association scheme and the number of SBSs are active in the network. To address this issue, a traffic 

adaptive small cell planning (TASCP) framework is proposed to improve the EE and optimize (minimize) the number of 

active SBSs in the small cell network to satisfy the QoS to UEs. 

The order of the research article is presented in the following manner: Section 2 describes existing research work 

and presents the contribution of the proposed work. The model of the network system is described in Section 3. Section 

4 presents the proposed framework by providing a complete overview of the proposed approaches. Section 5 provides a 

performance evaluation and Section 6 provides the paper conclusion and future work. 

2.  Related Works 

Maximizing energy efficiency in the mobile communication system is a significant issue. To achieve higher com- 

munication efficiency and consistent connectivity, service providers are progressively deploying macro-cells, picocells, 

femtocells, and microcells in HetNets [14, 15]. Current state-of-the-art mechanism [16, 6] presents that the base station 

consumes higher than 50% of the energy during communication. Thus, to optimize the placement of the SBSs, a novel 

sleep strategy is implemented to decrease power consumption. A novel sleep strategy emphasizes the selection of different 

states of SBSs based on network traffic. If the network traffic is very low then it puts SBS in sleep mode and if network 

traffic is very high then it puts SBS in active mode. 

The Cell Activation and Selection (CAS) algorithm [17] is proposed to optimize the network EE by considering 

whether the UEs remain static in the network for an extended time. Similarly, in paper [18], SBSs are turned on/off when 

there is no active connection between UEs and SBS. However, in this approach, the under-utilization of SBS scenario, 

i.e., the number of UEs connected to SBS is less than the maximum serving capacity of the SBS, is neglected. Moreover, 

the dynamic network traffic is also neglected in this approach. 

In paper [19], the Self-Adaptive Scheduling (SAS) algorithm is proposed to operate the SBS states (active/sleep) 

according to their traffic loads. The SAS algorithm measures the load of each SBS in the network and classifies SBSs 

into two different classes, i.e., lightly loaded and heavily loaded based on predefined thresholds. Then, the heavily loaded 

SBSs share the load with the neighboring lightly loaded SBSs1. Likewise, the active/sleep state strategy for the base 

station is proposed in [20] which is based on the variation of the mobile users’ traffic pattern. First, identify the least 

loaded SBS among all SBSs and switch off. Then, list out neighboring SBSs within the transmission range of the least 

loaded SBS and sort them. Choose the first two SBSs from the sorted list and share the load among them. The same 

process is repeated until the load of the SBS is shared with the neighboring SBSs. The authors in [19, 20] consider the 

least loaded SBS for the sleeping approach and share the load with the two least loaded neighboring SBSs. Here, the 

traffic load of the SBSs is not shared among all neighboring SBSs within the transmission range. 

Similarly, the UE connection and SBS On/Off (USOF) [21] algorithm is proposed to enhance the network EE and 

reduce the number of active SBSs in the UDN. Here, the UEs are associated with the SBS when the UE meets the 

minimum requirements of the SINR. Next, the calculation of traffic loads at the SBSs in the network determines the least 

loaded SBS. Based on this calculation the SBS is turned off and the respective UEs are re-connected with the active SBSs 

based on the targeted SINR threshold. This SBS On/Off process continues until the network reaches the maximum outage 

probability. Here, authors consider the least load SBS to be turned off and re-associate these UEs to the other SBSs. Here, 

the authors don’t take any constraints into account when re-associating UEs. This means that the UEs are connected to 

 
1 within the threshold 
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SBSs next to each other without taking into account the loads on those SBSs. 

The self-organized SBS deployment strategy (SSDS) is developed in paper [22] to improve the EE of SCN by 

turning off the redundant SBSs. For the sleeping strategy, one SBS is selected randomly and switched off. The respective 

UEs of selected SBS are re-connected to other SBSs. This procedure continues until it is impractical to turn off any other 

SBS on the model. Similarly, the Distributed Base Station Sleeping (DBSS) algorithm is developed in [23] to optimize 

the placement of SBSs. In this approach, the SINR-based association is considered for the new users. Then, randomly 

choose one SBS and switch off. The authors in [22, 23] consider randomly chosen SBS for the sleeping approach. Here, 

the selection of SBS does not consider any constraints such as the traffic load of the SBS. Moreover, these approaches 

take n 1 iterations to switch off one SBS where n is the number SBSs in the SCN. 

Towards this end, this paper contribution is related to the SBS sleeping cell strategy as described above. To 

address the above limitation, we have proposed a traffic adaptive small cell planning (TASCP) framework to enhance the 

network EE and control the dynamic mobile traffic in the HetNets. 

The contributions of this paper are summarized as follows: 

 

• A traffic adaptive small cell planning framework is proposed, which consists of two phases, i.e., Small Cell 

Forma- tion (SCF) phase and Small Cell Optimization (SCO) phase. 

• The SCF establishes the initial association from the UEs to SBSs according to the dynamic traffic pattern. The 

UEs are associated with SBS by considering the preference of UEs and load of the respective SBS. 

• The SCO dynamically adjusts the modes of the SBSs (active/sleep) based on their loads. Based on traffic load, 

the active SBS enters a sleep mode. Then, other SBSs receive a proportionate share of that SBS’s load 

according to their current loads. 

3.  System Model 

Consider a typical small cell network as the ultra-dense area managed by the MBS, which is placed at center 

of the SCN. We consider network architecture as shown in Fig.1. The SBSs are connected to cloud radio access network 

(CRAN) through the backhaul links. The CRAN is associated with SDN controller, which is defined as Controller and 

Traffic Collection Representative (CTCR). 

The flow diagram of the CTCR is shown in Fig.2. The current traffic pattern of UEs is given as input to the 

classifier and the existing traffic sub-module of the CTCR. The existing traffic data will be updated with the current 

traffic pattern. Then, the updated data forward to the classifier. The classifier classifies the data based on the pattern 

reorganization and machine learning techniques to define the traffic pattern of the UEs. The proposed framework 

creates the initial association of the UEs and SBSs. Moreover, it defines the active/sleep state of the SBSs in the HetNet. 

Let 𝑀 = {𝑚1, 𝑚2, 𝑚3. . 𝑚𝑀} be the set of SBSs and 𝑁 = {𝑛1, 𝑛2, 𝑛3. . 𝑛𝑁} be the set of UEs. The distribution of 

UEs follows various traffic patterns denoted by 𝑇 such as random, cluster and uniform pattern. The mode of the base 

stations is denoted by set of boolean variable, i.e., 𝑆𝑡 = [𝑠𝑗
𝑡]1∗𝑀, under the given traffic pattern t. If 𝑠𝑗

𝑡 = 1, the 𝑗𝑡ℎ SBS 

is in active mode, otherwise the SBS is in sleep mode (𝑠𝑗
𝑡 = 0). The association from 𝑖𝑡ℎ  UE to the 𝑗𝑡ℎ  SBS is 

represented by 𝐴𝑡 = [𝑎𝑖,𝑗
𝑡 ]𝑁×𝑀, where 𝑎𝑖,𝑗

𝑡 = 1 if the 𝑖𝑡ℎ UE is connected with the 𝑗𝑡ℎ SBS, otherwise 𝑎𝑖,𝑗
𝑡 = 0. On the 

basis of 𝐴𝑡 values, we estimate the node degree of SBS and UE by using Equation (1) and Equation (2), respectively. 

The SINR between the 𝑖𝑡ℎ UE and the 𝑗𝑡ℎ SBS in mobile traffic pattern t is denoted by 𝛾𝑖,𝑗
𝑡 , as given in Equation (3). If 

𝛾𝑖,𝑗
𝑡  value of the 𝑖𝑡ℎ UE to 𝑗𝑡ℎ SBS is more than the given predefined threshold (𝛿𝑡ℎ). Next, the 𝑖𝑡ℎ UE associated to the 

𝑗𝑡ℎ SBS. The downlink capacity of the 𝑖𝑡ℎ UE from 𝑗𝑡ℎ SBS is given as 𝑅𝑖,𝑗
𝑡 = log2(1 + 𝛾𝑖,𝑗

𝑡 ), where 𝛾𝑖,𝑗
𝑡  is the SINR 

value. 

 

Σ𝑖=1
𝑁 𝑎𝑖,𝑗

𝑡 ,    ∀𝑗 ∈ 𝑀                                                                            (1) 

 

Σ𝑗=1
𝑀 𝑎𝑖,𝑗

𝑡 ,    ∀𝑖 ∈ 𝑁                                                                            (2) 

 

𝛾𝑖,𝑗
𝑡 =

𝑇𝑃𝑖,𝑗
𝑡 𝐺𝑖,𝑗

𝑡

Σ𝑗=1,𝑗≠𝑖
𝑁 𝑎𝑖,𝑗

𝑡 𝐼𝑃𝑖,𝑗
𝑡 𝐺𝑖,𝑗

𝑡 +𝜎2                                                                      (3) 

 

where,  

𝑇𝑃𝑖,𝑗
𝑡 : The transmission power assigned by 𝑗𝑡ℎ SBS to 𝑖𝑡ℎ UE.  

𝐺𝑖,𝑗
𝑡 : The channel gain from 𝑖𝑡ℎ UE to 𝑗𝑡ℎ SBS.  

𝐼𝑃𝑖,𝑗
𝑡 : The Inference power from 𝑗𝑡ℎ SBS to 𝑖𝑡ℎ UE.  
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Fig.1. Network model 

 

Fig.2. Flow diagram of controller and traffic collection representativ 

𝑎𝑖,𝑗
𝑡 : The association between the 𝑖𝑡ℎ UE and 𝑗𝑡ℎ SBS.  

𝜎2: Thermal noise of the UE 

 

We can measure the EE of the SCN under the given traffic pattern t, which is written as a fraction of the network’s 

throughput (in bits) and energy usage (in joules) in Equation (4). The EE is typically expressed as bits per joule. The 

network throughput and energy usage are calculated by using Equation (5) and Equation (6). 

 

𝑆𝐸𝐸
𝑡 =

𝑆𝑁𝑇
𝑡

𝑆𝑁𝐶
𝑡                                                                            (4) 

 

𝑆𝑁𝑇
𝑡 = Σ𝑗=1

𝑀 𝑠𝑗
𝑡Σ𝑖=1

𝑁 𝑎𝑖,𝑗
𝑡 𝑅𝑖,𝑗

𝑡                                                              (5) 

 

𝑆𝑁𝐶
𝑡 = Σ𝑗=1

𝑀 [𝑠𝑗
𝑡(𝐶𝑗

𝑡 + 𝑝𝑗
𝑎) + (1 − 𝑠𝑗

𝑡)𝑝𝑗
𝑠]                                                   (6) 

 

where, 𝐶𝑗
𝑡 = 𝑝𝑖

𝑚𝑎𝑥Σ𝑖=1
𝑁 𝑎𝑖,𝑗

𝑡

𝑆𝑚𝑎𝑥   

𝐶𝑗
𝑡: The 𝑗𝑡ℎ SBS energy consumption  

𝑝𝑗
𝑚𝑎𝑥: The 𝑗𝑡ℎ SBS maximum TP  

𝑝𝑗
𝑎/𝑝𝑗

𝑠: The 𝑗𝑡ℎ SBS power consumption in active/sleep state 

Problem Formulation 

The set of multiple SBSs and UEs creates the SCN where the UEs are associated with the SBSs. The dense 

placement of the SBSs in an ultra-dense network provides vulnerable traffic control, high data rates, and extensive 

connectivity. The energy utilization of the SBSs differs for different time intervals during the communication. However, 

few SBSs are lowly utilized such that they boost energy utilization and communication overhead. The sleeping cell 
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strategy is proposed to optimize the EE of the SCN while fulfilling the QoSs of the UEs. This method minimizes the 

number of active SBSs and enhances the EE of the UDN. The problem is maximize the EE by minimizing the number of 

live SBSs using Equation (7) 

 

𝑀𝑎𝑥𝑖𝑚𝑖𝑧𝑒    𝑆𝐸𝐸

𝑠. 𝑡  𝐶1: 𝑎𝑖𝑗 , 𝑠𝑖𝜖{0,1}, ∀𝑖, ∀𝑗

𝐶2: Σ𝑖=1
𝑁 𝑎𝑖𝑗, ∀𝑗

𝐶3: Σ𝑗=1
𝑀 𝑎𝑖𝑗 ≤ 𝑆𝑀𝑎𝑥, ∀𝑖

𝐶4: Σ𝑗=1
𝑀 𝑎𝑖𝑗 ≤ 𝑠𝑖 , ∀𝑖

𝐶5: Σ𝑖=1
𝑁 ((Σ𝑗=1

𝑀 𝑎𝑖𝑗)/𝑆𝑀𝑎𝑥) < 𝑇𝑙𝑜𝑎𝑑

                                        (7) 

 
where 𝐶1  indicates boolean values for SBS deployment and UE association. Each UE is associated with one SBS 

represented by 𝐶2. Constraint 𝐶3 denotes the load of the SBS which is less than or equal to 𝑆𝑚𝑎𝑥. 𝐶4 represents that the 

UE connects to any active SBS. Constraint 𝐶5 states that the load of the SBS is less than a maximum threshold value.  

4.  Proposed Framework 

The proposed framework aims to improve the EE and reduce the number of active SBSs in the HetNet. The sleeping 

approach is used to reduce the number of active SBSs in the network without compromising the quality of services to the 

UEs. This problem is solved by using the proposed traffic adaptive small cell planning (TASCP) schema, which consists 

of two Phases, phase-I is Small Cell Formation (SCF) and Small Cell Optimization (SCO) is phase-II. The TASCP 

framework is robust to sudden changes in traffic patterns due to its dynamic optimization capabilities. By continuously 

monitoring traffic loads and adjusting SBS modes using CTCR, the framework can respond quickly to fluctuations and 

maintain service quality. 

Phase-I prepares an initial connection from the UEs to SBSs, which is defined as cell formation. Phase II is used to 

decide the state (active/sleep) of the SBS and minimize the number of active SBSs in the network. The Controller 

and Traffic Collection Representative (CTCR) is responsible for recognizing and categorizing the given traffic pattern, 

periodically. Moreover, the identified traffic pattern is provided as input to the proposed TASCP, then apply the TASCP 

for the small cell planning in the network. 

 

Algorithm 1 Small Cell Formation() 

 

0: Input: set of UEs 𝑁, set of SBSs 𝑀, SINR threshold (𝛿𝑡ℎ)   
0: Output: 𝐶𝑜𝑛_𝐺𝑟𝑎𝑝 
0: Initialization: 𝑈𝐸𝑑 = ∅, 𝐵𝑆𝑑 = ∅, 𝑈𝐸𝑟 = ∅, 𝐶𝑜𝑛_𝐺𝑟𝑎𝑝 = ∅.  
0:  while  𝐶𝑜𝑛_𝐺𝑟𝑎𝑝 ≡ ∅ do 

0: for each SBS    𝑖 ∈ 𝑀  do 

0:        for each UE    𝑗 ∈ 𝑁  do 

0: 𝛾𝑖,𝑗 = Compute the SINR from s-𝐵𝑆𝑖 to 𝑈𝐸𝑗  using Equation 3. 

0:           if (𝛾𝑖,𝑗 ≥ 𝛿𝑡ℎ) then 

0:     𝑎𝑖𝑗 = 1, 𝑈𝐸𝑗
𝑑 = 𝑈𝐸𝑗

𝑑 + 1, 𝐵𝑆𝑖
𝑑 = 𝐵𝑆𝑖

𝑑 + 1 

0: end if 

0: end for 

0: end for 

0: for each SBS    𝑖 ∈ 𝑀  do 

0:  for each UE    𝑗 ∈ 𝑁  do 

0:           if (𝑎𝑖𝑗 ≡ 1  &  𝑈𝐸𝑗
𝑑 > 1) then 

0:                         𝑈𝐸𝑘= Identify the SBS with minimum 𝛾𝑖,𝑗              

0:                        𝐶𝑜𝑛_𝐺𝑟𝑎𝑝 = 𝐶𝑜𝑛_𝑁𝑒𝑡 ∪ 𝑈𝐸𝑘  

0:                        𝑎𝑖𝑗 = 0, 𝑈𝐸𝑗
𝑑 = 𝑈𝐸𝑗

𝑑 − 1, 𝐵𝑆𝑖
𝑑 = 𝐵𝑆𝑖

𝑑 − 1 

0:                else 
0:                       𝐶𝑜𝑛_𝐺𝑟𝑎𝑝 = 𝐶𝑜𝑛_𝐺𝑟𝑎𝑝 ∪ 𝑎𝑖𝑗   

0: end if 

0: end for 

0: if (𝐵𝑆𝑖
𝑑 > 𝑆𝑚𝑎𝑥) then
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0:                  Sort UEs associated with 𝐵𝑆𝑖
𝑑             

0:                  𝑈𝐸𝑖
𝑟 = 𝐵𝑆𝑖

𝑑 − 𝑆𝑚𝑎𝑥              

0:                  𝑈𝐸𝑖
𝑟  associated with next choice of the SBSs             

0:                 Update 𝐵𝑆𝑖
𝑑         

0:                Update 𝐶𝑜𝑛_𝐺𝑟𝑎𝑝      
0: end if 

0:       end for 

0: end while=0 

Phase I: Small Cell Formation 

The input to the cell formation phase is the number of SBSs (M) and UEs (N) in the mobile traffic pattern t. The 

SCF in Algorithm 4 provides the initial association between UEs and SBSs. The description of the algorithm is given 

below.  

  

• Initially, calculates the SINR 𝛾𝑖𝑗 value from all the SBSs to the UEs by using Equation (3). The 𝑗𝑡ℎ UE (𝑈𝐸𝑗) 

is connected to the 𝑖𝑡ℎ SBS (𝑆𝐵𝑆𝑖) defined by 𝑎𝑖𝑗 = 1 when 𝛾𝑖𝑗 value more than predefined threshold (𝛿𝑡ℎ). 

The degree of 𝑆𝐵𝑆𝑖 (𝐵𝑆𝑖
𝑑) and the degree 𝑈𝐸𝑗 (𝑈𝐸𝑗

𝑑) is incremented by one. 

• If the 𝑈𝐸𝑗 is associated with 𝑆𝐵𝑆𝑖  (𝑎𝑖𝑗 = 1) and the 𝑈𝐸𝑗
𝑑  is more than one, the 𝑆𝐵𝑆𝑖  with minimum SINR 

from the 𝑈𝐸𝑗 is identified and keep the association of 𝑈𝐸𝑗 to 𝑆𝐵𝑆𝑖. Thereafter, the 𝑈𝐸𝑗 disconnect from the 

other SBSs. Update the 𝑆𝐵𝑆𝑖
𝑑, 𝑈𝐸𝑗

𝑑 value.  

• If 𝑈𝐸𝑗  degree is one and there is a connection between 𝑈𝐸𝑗  and the 𝑆𝐵𝑆𝑖  (𝑎𝑖𝑗 = 1), 𝑈𝐸𝑗  is added to the 

connected graph (𝐶𝑜𝑛_𝐺𝑟𝑎𝑝).  

• Furthermore, if the degree of the 𝑆𝐵𝑆𝑖  (𝐵𝑆𝑖
𝑑 ) exceeds the 𝑆𝑚𝑎𝑥  value then the corresponding UEs are 

associated wtih the 𝑆𝐵𝑆𝑖 are sorted in decreasing order based on the received 𝛾𝑖𝑗 from the 𝑆𝐵𝑆𝑖. Next, the 

𝑆𝑚𝑎𝑥 UEs from the sorted list are connected with 𝑆𝐵𝑆𝑖, and the remaining UEs (𝑈𝐸𝑖
𝑟) are associated to the 

other SBSs based on SINR choice. Thereafter, 𝐵𝑆𝑗
𝑑 and 𝐶𝑜𝑛_𝐺𝑟𝑎𝑝 values are updated. The above steps are 

repeated until the 𝐶𝑜𝑛_𝐺𝑟𝑎𝑝 is successfully constructed.  

Phase II: Small Cell Optimization 

The result of phase I is an initial connection between the UEs and the SBSs, which forms a connected graph 

(𝐶𝑜𝑛_𝐺𝑟𝑎𝑝). The 𝐶𝑜𝑛_𝐺𝑟𝑎𝑝 is used for the SCO. By operating the SSB modes in the HetNet, the total number of active 

SBSs is minimized. The 𝐶𝑜𝑛_𝐺𝑟𝑎𝑝, set of SBSs (M), and UEs (N) are input to the SCO phase, which outputs the 

deployment number of SBSs (𝐷𝑒𝑝_𝐵𝑆𝑠). The SCO is shown in detail in Algorithm 2, and a description follows. 

 

• First identifies the mode of the SBSs (S). Equation 8 is used to figure out the traffic load of the 𝑆𝐵𝑆𝑖 (𝐵𝑆𝑙𝑑𝑠) 

when it is in active mode (𝑆𝑖 = 1). The SBSs deployment set (𝐷𝑒𝑝_𝐵𝑆𝑠) is then updated to include the 𝑆𝐵𝑆𝑖. 

The SBSs’ loads are put in lower to a higher form and saved in the list written as 𝑆𝐵𝑙𝑑𝑠. 

• Find the SBS with the least traffic load in the list (𝑆𝐵𝑙𝑑𝑠) and put it in 𝑙𝑒𝑎𝑠𝑡𝐵𝑆 variable. Local searches are 

done inside 𝑙𝑒𝑎𝑠𝑡𝐵𝑆 coverage area. The discovered SBS is then included in the list of nearby SBSs, called 

𝑁𝑆𝐵𝑙𝑡 . 

• The 𝑁𝑆𝐵𝑙𝑡  is ordered in lower to higher order based on the loads and their ids contained in the 𝑆𝐼𝐷𝑙𝑡 . 

Likewise, the SBS loads are recorded in higher to lower form in the 𝑆𝐷𝑙𝑡. Using Equation (9), the 𝑙𝑒𝑎𝑠𝑡𝐵𝑆 

load is thus transferred to the 𝑆𝐼𝐷𝑙𝑡 . 

• If the 𝑙𝑒𝑎𝑠𝑡𝐵𝑆 SBS traffic load is successfully transferred to the 𝑆𝐼𝐷𝑙𝑡, the 𝑙𝑒𝑎𝑠𝑡𝐵𝑆 SBS status is changed to a 

sleep mode, and the 𝐷𝑒𝑝_𝐵𝑆𝑠 list is updated. Otherwise, this procedure is aborted, and the 𝐶𝑜𝑛_𝐺𝑟𝑎𝑝 is reset 

to its original network. This procedure is repeated until the 𝑙𝑒𝑎𝑠𝑡𝐵𝑆 traffic burden is distributed among its 

adjacent SBSs. 

 

𝐵𝑆𝑙𝑑𝑠 = Σ𝑖=1
𝑁 ((Σ𝑖=1

𝑀𝑡
𝑎𝑖𝑗

𝑡 )/𝑆𝑀𝑎𝑥)                                                                (8) 

  

𝑆𝐼𝐷𝑙𝑑𝑠 = Σ𝑖=1
𝑆𝐼𝐷𝑙𝑖𝑠𝑡

[
𝑆𝐷𝑖

𝑙𝑡

Σ𝑗=1
 𝑆𝐷𝑙𝑡

𝑆𝐷𝑗
𝑙𝑡

𝑙𝑒𝑎𝑠𝑡𝐵𝑆]                                                             (9) 

 

Where 𝑆𝐷𝑙𝑑𝑠 is the traffic sharing percentages to the 𝑆𝐼𝐷𝑙𝑡 . 
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5.  Evaluation Results 

MATLAB is used to estimate the number of active SBSs that are used to provide services in the HetNet. The net- 

work performance in terms of energy efficiency, network throughput, convergence time, and number of active SBSs are 

calculated for different sizes of UEs. The metrics are validated through simulations. These simulations are based on a 

statistical model that includes parameters like user distribution, and traffic patterns to reflect realistic network scenarios. 

The experimental parameters are considered in the evaluation of the proposed TASCP which are presented in Table 1 

based on [24, 25]. 

5.1.  Evaluation Scenario of TASCP 

A random traffic pattern is considered for UEs distribution, and uniform distribution for SBSs deployment in the 

network area of 1000 ∗ 1000  𝑚2. The random distribution of 200 UEs with different size of SBSs such as 25 and 61 

are deployed as shown in Fig.3. Here, the circles denote the UEs and diamonds represent the deployment locations of 

the SBSs in the network area. The main aim of the TASCP is to minimize the number of active SBSs and maximize the 

network energy efficiency. 

Table 1. Simulation parameters 

Parameter Value 

Bandwidth 20 MHz 

𝑝𝑚𝑎𝑥 40 dBm 

𝑆𝑚𝑎𝑥 30 

𝑝𝑎 39 dBm 

𝑝𝑠 35 dBm 

𝜎 -174 dBm/Hz 

𝛿𝑡ℎ -5 dB 

𝑇𝑙𝑜𝑎𝑑 90% 

 

Algorithm 2 Small Cell Optimization() 

 

0: Input: set of UEs N , set of SBSs M , 𝐶𝑜𝑛_𝐺𝑟𝑎𝑝 
0: Output: 𝐷𝑒𝑝_𝐵𝑆𝑠   
0: Initialization: 𝐵𝑆𝑙𝑑𝑠 = ∅, 𝑆𝑁𝑙𝑑𝑠 = ∅, 𝐷𝑒𝑝𝐵𝑆𝑠 = ∅, 𝑙𝑒𝑎𝑠𝑡𝐵𝑆 = ∅, 𝑁𝑆𝐵𝑙𝑡 = ∅ 

0:  while  𝐶𝑜𝑛_𝐺𝑟𝑎𝑝 ≡ ∅ do 

0: for each SBS    𝑖 ∈ 𝑀  do 

0:   if (𝑆𝑖 ≡ 1) then 

0: 𝐵𝑆𝑙𝑑𝑠 =Compute the traffic load of the 𝑆𝐵𝑆𝑖 using Equation 8 

0:              𝐷𝑒𝑝_𝐵𝑆𝑠 = 𝐷𝑒𝑝_𝐵𝑆𝑠 ∪ 𝑆𝐵𝑆𝑖 

0: end for 

0: end if 

0: end for 

0: Sort 𝐵𝑆𝑙𝑑𝑠 
0: 𝑙𝑒𝑎𝑠𝑡𝐵𝑆 = Identify the least traffic SBS from the 𝐵𝑆𝑙𝑑𝑠 
0: for each SBS    𝑖 ∈ 𝑀  do 

0: Perform the local search within coverage area of 𝑙𝑒𝑎𝑠𝑡𝐵𝑆 
0:   if (𝑆𝑖 ≡ 1) then 

0: 𝑁𝑆𝐵𝑙𝑡= 𝑆𝐵𝑆𝑖  
0: end if 

0: end for 

0: 𝑆𝐼𝐷𝑙𝑡  = Sort 𝑎𝑠𝑐(𝑁𝑆𝐵𝑙𝑡) 

0: 𝑆𝐷𝑙𝑡 = Sort 𝑑𝑠𝑐(𝑁𝑆𝐵𝑙𝑡) 

0: 𝑆𝐷𝑙𝑑𝑠 = Share the 𝑙𝑒𝑎𝑠𝑡𝐵𝑆 traffic to 𝑆𝐼𝐷𝑙𝑡  by using Equation 9. 

0: if (load (𝑙𝑒𝑎𝑠𝑡𝐵𝑆) shared successfully) then 

0: State (𝑙𝑒𝑎𝑠𝑡𝐵𝑆) = sleep   

0: Update 𝐷𝑒𝑝_𝐵𝑆𝑠    
0: else 

0:             Abort process and recover original 𝐶𝑜𝑛_𝐺𝑟𝑎𝑝  
0: end if 

0: end while=0 
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(a) Distribution of 200 UEs with 25 SBSs (b) Distribution of 200 UEs with 61 SBSs 

Fig.3. Distribution scenario of UEs and SBSs 

  
(a) Association of the 200 UEs with 25 SBSs (b) (b) Association of the 200 UEs with 61 SBSs 

Fig.4. SCF: Initial connection from the UEs to SBSs 

The TASCP consists of two parts, i.e., SCF and SCO. The SCF provides the initial connection of the UEs to SBSs. 

The SCF results in a fully connected graph without redundant links between the UEs and SBSs. The results of the SCF 

algorithm with the distribution of 200 UEs under 25 and 61 SBSs are shown in Fig.4. The resultant connected graph is 

given as input to the proposed SCO. The SCO algorithm identifies the load of each SBS, and finds the least loaded SBS 

from the calculated load list. Then, a local search within the transmission range of the identified SBS is conducted, and a 

list of neighboring SBSs is generated. The load of the identified SBS (least loaded SBS) is shared among the neighboring 

SBSs list by considering Equation (9). If the load is transferred successfully, then the mode of the SBS is switched to 

sleep mode. This process is continued until there is no possibility of sharing the traffic of the SBS with neighbor SBSs. 

The result of the SCO is shown in Fig.5. 

 

  
(a) Under 25 SBSs (b) Under 64 SBSs 

Fig.5. SCO: Number of active SBSs 

Fig.5a shows the final deployment positions of the SBSs with 25 initial locations of the SBSs. Here, the active 

SBSs decrease from 25 to 10 and EE is improved. Similarly, in Fig.5b, the number of active SBSs are reduced from 61 
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to 9. From Fig.5, it is observed that when 61 SBSs are deployed, the active number of SBSs are found to be lower than 

when 25 SBSs are deployed. As the dense deployment locations of the SBSs that we have more option to find the final 

deployment locations of the SBSs. 

5.2.  Evaluation Results of TASCP 

The proposed TASCP method is compared with Self-organized SBS Deployment Strategy (SSDS) [22] and UE 

As- sociation and SBS On/Off (USOF) algorithm algorithm [21]. These algorithms are chosen for comparison due to 

their widespread use and relevance in improving energy efficiency and network performance. The SSDS, USOF 

algorithm and the Proposed Framework (PF) are simulated on the different instances of the network scenario to evaluate 

the network performance. The SSDS algorithm [22] randomly chooses one SBS and turns it off. Then, the associated 

UEs of that SBS are re-associated to the other SBSs. The main limitation of SSDS is that in each iteration, one base 

station is turned off randomly. The network is restored where the network specifications are unsatisfied. A total of (k 1) 
iterations are required to select one SBS for switching off. Here, k is the number of SBSs in the SCN. This process 

continues until there is no more SBS that can be switched off. The SBS switch-off method minimizes the energy 

efficiency of the network. 

Similarly, USOF algorithm [21] switches off the least loaded SBS from the network, and the network is 

regenerated. If a network is not created then the network is recovered from the previous process, and the process is 

stopped. In the proposed framework, the least loaded SBSs are switched off until it is not possible to switch off any 

more SBSs, and the network is recreated. If this is not possible then the old network is restored. 

In the following sections, the results of the proposed method are analyzed and compared with SSDS and USOF 

algorithms based on network performance parameters such as comparative assessment of number of active SBS, EE of 

the SCN, network throughput and convergence time of each algorithm. 

A.  Comparative Number of Active SBSs Evaluation 

In this section, the number of active SBSs are identified by using the proposed framework. Also, the obtained 

results are compared with SSDS and USOF methods. The primary assessment of the Proposed Framework (PF), USOF 

and SSDS is performed on various size of UEs such as 100, 150, 200, 250 and 300 with different size of SBSs, i.e., 25 

and 61 number of SBSs, which are shown in Fig.6. 

 

 
 

(a) Under 25 SBSs (b) Under 61 SBSs 

Fig.6. Number of active SBSs with respect to different density of UEs and SBSs 

 

 

(a) Under 25 SBSs (b) Under 61 SBSs 

Fig.7. Energy efficiency with respect to different density of UEs and SBSs 
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Fig.6a represents the number of active SBSs for a total of 25 deployed SBSs with different density of UEs for the 

proposed framework, USOF and SSDS algorithms. The number of active SBSs by the USOF model is increased by 12% 

for 100 UEs, 25% for 150 UEs and 10% for 200 to 300 UEs as compared to the proposed framework. Similarly, by the 

SSDS method, the number of active SBSs is increased by 50% for 100 to 150 UEs, 30% for 200 UEs and 25% for 250 

to 300 UEs compared to the proposed framework. The number of active SBSs for different density of UEs with constant 

61 number of SBSs for the proposed framework, USOF and SSDS algorithms are shown in Fig.6b. The number of active 

SBSs by the USOF model is increased by 14% for 100 UEs, 25% for 150 UEs and 12% for 200 to 300 UEs compared 

to the proposed framework. Similarly, by the SSDS method, the number of active SBSs is increased by 50% for 100 to 

150 UEs, 30% for 200 UEs and 20% for 250 to 300 UEs compared to the proposed framework. The impact of deploying 

SBSs of different densities and various sizes of UEs is observed in Fig.6. Moreover, the number of active SBSs in the 

proposed framework are decreased when 61 number of SBSs are initially deployed as compared to the 25 number of SBSs 

are deployed. The distance between the UEs and the SBSs diminishes due to the different densities of the SBSs. 

 

 
 

(a) Under 25 SBSs (b) Under 61 SBSs 

Fig.8. Network throughput with respect to different density of UEs and SBSs 

B.  Comparative Evaluation of Network Energy Efficiency 

The network Energy Efficiency (EE) is evaluated with respect to different densities of UEs and SBSs in Fig.7. 

Energy Efficiency of the proposed framework, USOF algorithms and SSDS algorithms are used with different size of 

UEs (i.e., 100, 150, 200, 250 and 300) at constant of 25 and 61 SBSs as shown in Fig.7a and Fig.7a, respectively. It is 

observed from Fig.7 that the network EE increases in the proposed framework as compared to USOF and SSDS. 

Moreover, the EE in the proposed framework is increased 5% approximately when 61 SBSs are initially deployed as 

compared to when 25 SBSs are deployed. This happens because of fewer active SBSs in the proposed framework when 

61 SBSs are deployed. 

C.  Comparative Evaluation of Network Throughput 

In this section, the achieved network throughput by the proposed framework is compared with USOF algorithms 

and SSDS algorithms. The achieved network throughput of the proposed framework, USOF model and SSDS model for 

the distribution of different size of UEs such as 100, 150, 200, 250, 300 with different number of SBSs, i.e., 25 and 

61 are shown in Fig.8a and Fig.8b, respectively. As observed, network throughput achieved in the proposed framework 

is enhanced as compared to the USOF model and SSDS model. It is noticed that the network throughput of the proposed 

work is higher due to the less number of active SBSs in the SCN. 

D.  Comparative Evaluation of Convergence Time 

Convergence time is defined as the time taken to optimize the number of active SBSs in the SCN. Fig.9 compares 

the convergence time of the proposed framework (PF) with USOF model and SSDS model when the different densities 

of UEs and SBSs are distributed. As different number of UEs at 25 SBSs and 61 SBSs (see Fig.9a and Fig.9b) are 

placed, the lowest convergence time in USOF model as compared to PF and SSDS model. The convergence time of the 

SSDS method increases by 10% for 25 s-SBs and 10% to 15% for 61 SBSs compared to the PF. Therefore, the 

convergence time is little higher in PF as compared to the USOF method. However, the Energy Efficieny (EE), network 

throughput is higher in proposed framework as compared to USOF model due to a smaller number of SBSs are activate. 

Proposed framework will reduce the financial burden on network operators and improves network performance. 
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(a) Under 25 SBSs (b) Under 61 SBSs 

Fig.9. Convergence time with respect to different density of UEs and SBSs 

6.  Conclusions and Future Works 

We designed a Traffic Adaptive Small Cell Planning (TASCP) framework to handle dynamic mobile traffic in HetNets.  

The proposed TASCP consists of Small Cell Formation (SCF) and Small Cell Optimization (SCO)phases. The SCF phase 

provides the initial association of UEs to the SBSs, resulting in a fully connected graph without any redundant links from 

UEs to SBSs. The UE association is performed according to the dynamic mobile traffic by considering the choices of 

UE and load of the SBSs. The connected graph is given as input to the SCO phase, and it operates the modes of the 

SBS while minimizing the number of active SBSss in the HetNet. Changing the active SBS to a sleep mode is depend 

on the traffic load without compromising the UEs’ services. The extensive evaluation of the proposed TASCP improves 

the EE and minimizes the number of active small base stations in the HetNet. In the future, we develop a decentralized 

small cell network for network resource and computational operations management during traffic handling in the ultra- 

dense network. Moreover, small cell planning considers mobility and dynamic activity of the UEs for UE association and 

deployment of small base stations. 

References 

[1] Cosmas Kemdirim Agubor, Akande Olukunle Akande, Chinedu Reginald Opara, "On-off Switching and Sleep-mode Energy 

Management Techniques in 5G Mobile Wireless Communications – A Review", International Journal of Wireless and 

Microwave Technologies, Vol.12, No.6, pp. 40-47, 2022. 

[2] K. Pandey, R. Arya, "Robust Distributed Power Control with Resource Allocation in D2D Communication Network for 5G-

IoT Communication System", International Journal of Computer Network and Information Security, Vol.14, No.5, pp.73-81, 

2022.  

[3] Zeineb Guizani and Noureddine Hamdi. Cran, h-cran, and f-ran for 5g systems: Key capabilities and recent ad- vances. 

International Journal of Network Management, 27(5):e1973, 2017. 

[4] Dhanashree Kulkarni, Mithra Venkatesan, Anju V. Kulkarni, "Energy Efficient Resource Allocation in 5G RAN Slicing with 

Grey Wolf Optimization", International Journal of Computer Network and Information Security, Vol.15, No.5, pp.73-80, 2023.  

[5] Muhammad Aamir Nadeem, Muhammad Anwaar Saeed, Imran Ali Khan, "A Survey on Current Repertoire for 5G", 

International Journal of Information Technology and Computer Science, Vol.9, No.2, pp.18-29, 2017.  

[6] Yupeng Wang, Tianlong Liu, Chang Choi, and Haoxiang Wang. Green resource allocation method for intelligent medical 

treatment-oriented service in a 5g mobile network. Concurrency and computation: practice and experience, 32(1):e5057, 2020. 

[7] Mary A Adedoyin and Olabisi E Falowo. Combination of ultra-dense networks and other 5G enabling technologies: a survey. 

IEEE Access, 8:22893–22932, 2020. 

[8] Kuna Venkateswararao, Pravati Swain, Christophoros Christophorou, and Andreas Pitsillides. Dynamic selection of virtual small 

base station in 5G ultra-dense network using initializing matching connection algorithm. In 2019 IEEE International Conference 

on Advanced Networks and Telecommunications Systems (ANTS), pages 1–6. IEEE, 2019. 

[9] Waleed Ejaz, Shree K Sharma, Salman Saadat, Muhammad Naeem, Alagan Anpalagan, and Naveed Ahmad Chugh- tai. A 

comprehensive survey on resource allocation for cran in 5g and beyond networks. Journal of Network and Computer 

Applications, 160:102638, 2020. 

[10] Alcardo Alex Barakabitze, Arslan Ahmad, Rashid Mijumbi, and Andrew Hines. 5G network slicing using SDN and NFV: A 

survey of taxonomy, architectures and future challenges. Computer Networks, 167:106984, 2020. 

[11] Rohit Abhishek, David Tipper, and Deep Medhi. Network virtualization and survivability of 5g networks. Journal of Network 

and Systems Management, 28(4):923–952, 2020. 

[12] Stefano Buzzi, I Chih-Lin, Thierry E Klein, H Vincent Poor, Chenyang Yang, and Alessio Zappone. A survey of energy-

efficient techniques for 5G networks and challenges ahead. IEEE Journal on Selected Areas in Communica- tions, 34(4):697–

709, 2016. 

[13] Mohammad Azharuddin Inamdar and HV Kumaraswamy. Energy efficient 5G networks: Techniques and challenges. In 2020 

International Conference on Smart Electronics and Communication (ICOSEC), pages 1317–1322. IEEE, 2020.



Traffic Adaptive Small Cell Planning in Heterogeneous Networks 

Volume 17 (2025), Issue 2                                                                                                                                                                       99 

[14] Sumudu Samarakoon, Mehdi Bennis, Walid Saad, Mérouane Debbah, and Matti Latva-Aho.  Ultra dense small cell networks: 

Turning density into energy efficiency. IEEE Journal on Selected Areas in Communications, 34(5):1267– 1280, 2016. 

[15] Kok Yeow You. Survey on 5g and future 6g access networks for iot applications. International Journal Wireless and Microwave 

Technologies, 4(4):26–47, 2022. 

[16] Sunil Vadgama and Mythri Hunukumbure. Trends in green wireless access networks. In 2011 IEEE International Conference 

on Communications Workshops (ICC), pages 1–5. IEEE, 2011. 

[17] Tianqing Zhou, Nan Jiang, Zunxiong Liu, and Chunguo Li. Joint cell activation and selection for green communi- cations in 

ultra-dense heterogeneous networks. IEEE Access, 6:1894–1904, 2017. 

[18] Sida Song, Yongyu Chang, Xianling Wang, and Dacheng Yang. Coverage and energy modeling of hetnet under base station On-

Off model. ETRI Journal, 37(3):450–459, 2015. 

[19] Uzzal Kumar Dutta, Md Abdur Razzaque, M Abdullah Al-Wadud, Md Saiful Islam, M Shamim Hossain, and Brij B Gupta. Self-

adaptive scheduling of base transceiver stations in green 5G networks. IEEE Access, 6:7958–7969, 2018. 

[20] Kuna Venkateswararao and Pravati Swain. Traffic aware sleeping strategies for small-cell base station in the ultra dense 5G 

small cell networks. In 2020 IEEE REGION 10 CONFERENCE (TENCON), pages 102–107. IEEE, 2020. 

[21] Jing Gao, Qing Ren, Pei Shang Gu, and Xin Song. User association and small-cell base station on/off strategies for energy 

efficiency of ultradense networks. Mobile Information Systems, 2019. 

[22] Yiwei Xu, Panlong Yang, Jian Gong, and Kan Niu. A self-organizing base station sleeping strategy in small cell networks 

using local stable matching games. In International Conference on Wireless Algorithms, Systems, and Applications, pages 545–

556. Springer, 2018. 

[23] Yiwei Xu, Jin Chen, Ducheng Wu, and Wanru Xu. Toward 5G: a novel sleeping strategy for green distributed base stations in 

small cell networks. In 2016 12th International Conference on Mobile Ad-Hoc and Sensor Networks (MSN), pages 115–119. 

IEEE, 2016. 

[24] Daniel S Baum, Jan Hansen, Jari Salo, Giovanni Del Galdo, Marko Milojevic, and Pekka Kyösti. An interim channel model for 
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