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 

Abstract: Most of the existing works related to handover 

prediction in 5G networks, depends on huge mobility patterns 

collected over several periods of time, which will be tedious and 

complex to classify and analyze these patterns to predict the future 

locations of mobile users. Hence the main objective is to design a 

HO prediction technique which accurately predicts the next cell 

location with least amount of mobility history or patterns. In this 

paper, we design handoff prediction and target network selection 

scheme for 5G-IoT networks. For VHO triggering condition, 

Multi-layer Feed Forward Network (MFNN) is applied which will 

predict the user mobility based on distance, RSS, mobile speed and 

direction parameters. For target cell selection, Fuzzy decision 

model is applied based on the network level metrics such as traffic 

load, handover latency, battery power and user level metrics such 

as security and cost. The proposed approach will be implemented 

in NS3 and the performance is measured in terms of network 

throughput, handoff delay, handoff cost and prediction accuracy. 

Keywords: 5G; IoT; Fuzzy; Cost; Prediction 

I. INTRODUCTION 

Communication is so essential for us in day-to-day life. 5
th

 

generation (5G) networking stands for a wireless broadband 

technology, connecting all sort of devices. When compared 

to 4G networks, 5G provides Maximumer speed and 

coverage [1]. It utilizes all latest technologies with Maximum 

antenna frequency. It can handle larger volumes of mobile 

data than 4G [2]. 5G network consists of tiny cells to meet the 

growing demands of mobile users and to provide 

connectivity at any time from any place [3]. It enables mobile 

broadband technology to cope up with IoT applications [3]. 

Recently, there has been a rapid development of Internet of 

Things (IoT) in the diverse sectors.  By using IoT, any mobile 

device can connect to the Internet. The IoT devices can be 

connected to a 5G network. But to achieve the required 

quality of service (QoS), they need to be connected to the 

Internet. Due to the limited resource constraints of IoT 

devices, existing mobility management technique cannot be 

applied for the IoT networks [4]. 

5G networks have both handover (HO) and location 

management (LM) functions. While HO concentrates on cell 

switching the LM concentrates on location tracking.  HO 

enables User Equipments (UEs) to seamlessly move within 

the coverage area of the network. The HO mechanism 

involves reassigning an ongoing session handled by one cell 

into another [5][6].  To Minimumimize the HO latency, 
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signalling cost and call blocking rate, HO prediction is the 

mostly used approach [7]. 

II. PROBLEM IDENTIFICATION AND 

OBJECTIVES 

In a Minimum-cost mobility prediction approach [7], a HO 

cost is derived in terms of call dropping, latency, signalling 

cost and resource consumption. Finally, the prediction is 

made such that the HO cost with prediction should be less 

than the HO cost without prediction. But the prediction was 

done using MLP techniques with time and location as inputs 

which may not give accurate results, if the user does not 

belong to a specific group. 

In data driven HO optimization [8], weighted average of 

various mobility problems is deterMinimumed. Then MLP 

techniques are applied for estimating KPI and the HO is 

performed such that KPI is Minimumimized.  

Most of the existing works related to handover prediction in 

5G networks, depends on huge mobility patterns collected 

over several periods of time, which will be tedious and 

complex to classify and analyze these patterns to predict the 

future locations of mobile users. Moreover, the probability of 

handoff was estimated only from the received signal strength 

(RSS) indicators, which may not give the exact duration of 

the user in the current cell. 

Hence the main objective is to design a HO prediction 

technique which accurately predicts the next cell location 

with least amount of mobility history or patterns. 

III. PROPOSED SOLUTION 

A. Overview  

In this paper, we design handoff prediction and target 

network selection scheme for 5G-IoT networks. For VHO 

triggering condition, Multi-layer Feed Forward Network 

(MFNN) is applied which will predict the user mobility based 

on distance, RSS, mobile speed and direction parameters. For 

target cell selection, Fuzzy decision model is applied based 

on the network level metrics such as traffic load, handover 

latency, battery power and user level metrics such as security 

and cost. The proposed approach will be implemented in NS3 

and the performance is measured in terms of network 

throughput, handoff delay, handoff cost and prediction 

accuracy. 
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B. Estimation of Metrics 

The parameters are categorized as network level and user 

level.  

Network level metrics includes the folMinimuming 

parameters: 

 Received Signal Strength (RSS)  

 Throughput 

 Traffic Load 

 Latency   

 Residual Energy 

The user level metrics includes the folMinimuming metrics 

 Security 

 Cost 

a. RSS  

RSSI is the ratio of the received power (Prx) to the reference 

power (Pr), given by  

RSSI = 10. log 

ref

rx

P

P
  (dBm)           (1)  

b. Throughput 

It is given by the aggregate of successfully received data at 

the receiver, in terms of bits/second. 

c. Traffic Load 

Load (L(i)) refers to the traffic density of the node which is 

the sum of traffic queue of node and the traffic queue of all its 

neighbors.  

  L(i) = 
 )(iNj

il               (3)  

where N(i) = neighbourhood of the node 

li = size of the traffic queue 

Li = sum of traffic queue of all neighbours of node i 

d. Latency   

Latency (L) is the Minimum time for transmitting a message 

from the node to the farthest node.  

 

e. Residual Energy 

The total energy consumption of the transmitter is given by 

the folMinimuming eq.  

   

Etx = Ee.x + Ea.x.d
2
              (4) 

 

where Ee is electronics energy , Ea is the amplifier energy, x is 

the size of transmitted message , d is the distance.   

 

The aggregated energy consumption at the destination is 

given by 

 

Erx = Ee.x                    (5) 

 

The remaining energy of a node (Eres) is then given by 

 

Eres = [Ei – (Etx + Erx)]              (6) 

 

f. Cost  

The handover cost is defined as folMinimums: 

HC =   







0
2)1( 



r

r
krk

         (7) 

 

r  = probability density function  

C. User Mobility Prediction 

For VHO triggering condition, Multi-layer Feed Forward 

Network (MFNN) is applied which will predict the user 

mobility based on distance, RSS, mobile speed and direction 

parameters [9][11]. 

The architecture of feed forward neural network: 

 
Fig.1. A feed forward neural network is used to predict 

the future location of a node. 

 

The first layer represents the input layer with 3 nodes. The 

second layer represents hidden layer which also contains 

three nodes. The third layer is called output layer. In MFNN, 

data fMinimum exists between input and output layers, 

through the hidden layers. 

Every node in a layer is interconnected with all the nodes in 

the previous layer. Each connection may have a different 

weight. 

The output of the neural network (O) is computed as 

folMinimum: 

O = f[ 


n

i

iirq
1

][                 (8) 

Where 𝑛 is the number of nodes in the hidden layer,  

q𝑖 is the weight of the link between the node in the 

hidden layer and the node in the output, 

r𝑖 denotes to the output of the node in the hidden 

layer  

𝑓 is an activation function of the node. 

In our technique, the mobility pattern (MPi) is defined in 

terms of distance (A), RSS (B), mobile speed (C) and 

direction parameters (D{x, y}) (estimated in section 3.2). It is 

represented as folMinimums: 

MPi = {Ai, Bi, Ci, D) 

The training data is formed from the set of sub-patterns 

extracted from MP. The patterns are divided into n-m 

sub-patterns (SP) with size m < n. The output will be the 

user’s next location. 

For example, if {SP1, SP2,...SPk} is the sub-pattern, then  

SPm+1 is the  required output. Here m is the prediction order, 

which is fixed based on the volume o f stored mobility 

patterns.  
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Table I shows the training data for MP10 and m=4. 

Table I: training data 

 

 
Thus the future location of mobile user is predicted using 

MFNN.  

 

D. Fuzzy Based Target Cell Selection 

For target cell selection, Fuzzy decision model is applied 

based on the network level metrics such as traffic load, 

handover latency, battery power and user level metrics such 

as security and cost. 

Fuzzy logic involves fuzzfication,  rule evaluation, rule 

aggregation and defuzzification. Fuzzification is the process 

of converting the input variables into corresponding Fuzzy 

sets. Here the input variables are traffic load (L), handover 

latency (H), Residual energy (Eres), security (S) and cost (C).  

Each input variable has two values namely Maximum and 

Minimum. 

The fuzzy logic model is illustrated in Figure 2. 

 

 

 
    Fig.2 Fuzzy logic model 

 

The fuzzy sets and membership functions for the input and 

output variables are demonstrated in Figure 3, 4, 5, 6 and 7. 

 

 
Fig.3. Fuzzy set for Load 

 

 

          Fig 4. Fuzzy set for Handover Latency 

 
Fig.5. Fuzzy set for Battery Power 

 
Fig.6. Fuzzy set for Security 
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Fig. 7. Fuzzy set for HO Cost 

 
Fig. 8. Fuzzy set for Probability of Target Cell (TC) 

 

The fuzzy sets are defined with the rules as per 

Table II.   

 
S.No Traffic 

Load 

(L) 

Handover 

Latency 

(H) 

Battery 

Power 

(P) 

Secu

rity 

(S) 

C

o

s
t

 

(
C

) 

 

Probabili

ty to 

Select 
Target 

Cell (TC) 
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mum  

Minimum Max
imu

m 

Minimu
m  
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Defuzzification  

In this method, a crisp is returned from the output Fuzzy set. 

Among the various types of defuzzification methods, the 

centroid of area method is applied.  

IV. RESULT AND DISCUSSION 

A.  Experimental  Settings 

The proposed Fuzzy-Markov Model for Location Prediction 

(FMMLP) protocol is simulated in NS2 and compared with 

DHO protocol and the folMinimuming metrics are analyzed 

such as E2D, PDR, Overhead, Packets and Throughput. 

Table III shows the experimental settings. 

Table III: Experimental Settings 

Number of nodes 18,36, 54 and 108 

Topology Size 1000 X 1000 

MAC 802.11 

Total Simulation Time 50 sec 

Traffic Source CBR 

Number Of Handoffs 1,2,3,4 and 5 

Propagation Model TwoRayGround 

Antenna Type OmniAntenna 

Transmission Rate 1Mb 

Packet Size 500 bytes 

 

B. Varying the number of handoffs 

In this section, the results for varying the number of handoffs 

from 1 to 5 are presented. 

 

Fig. 8. E2D for varying handoffs 

The result graph of E2D for different number of handoff is 

shown in Figure 8. It can be observed that the E2D of 

FNCEHP ranges from 3.8 to 3.5 seconds and the E2D of 

DHO ranges from 4.2 to 4.12 seconds. Ultimately, the E2D of 

FNCEHP has 12% lesser than DHO. 

 

Fig 9. PDR for varying handoffs 

The result graph of PDR for different number of handoff is 

shown in Figure 9. It can be observed that the PDR of 

FNCEHP ranges from 0.24 to 0.29 and the PDR of DHO 

ranges from 0.08 to 0.10. Ultimately, the PDR of FNCEHP 

has 67% Maximumer than DHO. 

 

Fig .10. Overhead for varying handoffs 
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The result graph of overhead for different number of handoff 

is shown in Figure 10. It can be observed that the overhead of 

FNCEHP ranges from 4714 to 5262 and the overhead of 

DHO ranges from 30478 to 33270. Ultimately, the overhead 

of FNCEHP has 85% lesser than DHO. 

 

Fig. 11. Packets for varying Handoffs 

The result graph of packets for different number of handoff is 

shown in Figure 11. It can be observed that the packets of 

FNCEHP ranges from 4714 to 5262 and the packets of DHO 

ranges from 30478 to 33270. Ultimately, the packets of 

FNCEHP has 85% lesser than DHO. 

 

Fig 12. Throughput for varying Handoffs 

The result graph of throughput for different number of 

handoff is shown in Figure 12. It can be observed that the 

throughput of FNCEHP ranges from 7.5 to 10.2 and the 

throughput of DHO ranges from 0.7 to 1.9. Ultimately, the 

throughput of FNCEHP has 87% Maximumer than DHO. 

C. Based on Nodes 

In this section, the results for varying the number of nodes 

from 18 to 108 are presented 

 

Fig. 13. E2D for varying Nodes 

The result graph of E2D for different number of nodes is 

shown in Figure 13. It can be observed that the E2D of 

FNCEHP ranges from 3.8 to 4.0 seconds and the E2D of 

DHO ranges from 4.2 to 4.4 seconds. Ultimately, the E2D of 

FNCEHP has 13% lesser than DHO. 

 

Fig.14. PDR for varying Nodes 

The result graph of PDR for different number of nodes is 

shown in Figure 14. It can be observed that the PDR of 

FNCEHP ranges from 0.30 to 0.26 and the PDR of DHO 

ranges from 0.09 to 0.08. Ultimately, the PDR of FNCEHP 

has 69% Maximumer than DHO. 

 

Fig.15. Overhead for varying Nodes 

The result graph of overhead for different number of nodes is 

shown in Figure 15. It can be observed that the overhead of 

FNCEHP ranges from 4699 to 5023 and the overhead of 

DHO ranges from 31290 to 25436. Ultimately, the overhead 

of FNCEHP has 84% lesser than DHO. 

 

Fig 16. Packets for varying Nodes 
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The result graph of packets for different number of nodes is 

shown in Figure 16. It can be observed that the packets of  

FNCEHP ranges from 1389 to 1284 and the packets of DHO 

ranges from 2810 to 2798. Ultimately, the packets  of 

FNCEHP has 54% lesser than DHO. 

 

Fig .17. Throughput for varying Nodes 

The result graph of throughput for different number of nodes 

is shown in Figure 17. It can be observed that the throughput 

of FNCEHP ranges from 8.9 to 8.0 and the throughput of 

DHO ranges from 4.2 to 4.1. Ultimately, the throughput of 

FNCEHP has 59% Maximumer than DHO. 

 

V. CONCLUSION 

In this paper, we have designed handoff prediction and 

target network selection scheme for 5G-IoT networks. For 

VHO triggering condition, Multi-layer Feed Forward 

Network (MFNN) is applied which will predict the user 

mobility based on distance, RSS, mobile speed and direction 

parameters. For target cell selection, Fuzzy decision model is 

applied based on the network level metrics such as traffic 

load, handover latency, battery power and user level metrics 

such as security and cost. The proposed approach has been 

implemented in NS3 and the performance is measured in 

terms of network throughput, handoff delay, handoff cost and 

prediction 
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