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Abstract

An optimized algorithm based on multi-objective optimization model is proposed

to solve the problem that existing vertical handoff algorithms do not

comprehensively consider the impact of users and the network during handoff

process. We build Markov chain model of base station to calculate a more

accurate network state. Then a multi-objective optimization model is derived to

maximize the value of the network state and the user data receiving rate. The

multi-objective genetic algorithm NSGA-II is finally employed to turn the model

into a final vertical handoff strategy. The results of the simulation for throughput

and blocking rate of networks demonstrate our algorithm significantly increases

the system throughput and reduces the blocking rate compared with the existing

vertical switching strategy.

Keywords: Vertical handoff; multi-objective optimization; network status value;

NSGA-II

1 Introduction

Vertical handoff is considered a key technology of heterogeneous networks to sup-

port mobile users switch between networks of different Radio Access Technolo-

gies(RATs). It is designed under the principles of improving the quality of service

requirements and system resource utilization. However, an increase in the complex-

ity of heterogeneous network environments and diverse service requirements has

increased the design difficulty of vertical handoff algorithms. Therefore, the ability

to design an efficient and accurate vertical handoff algorithm that can guarantee

the quality of service for users is of great interest to the academic community.

In recent years, a large amount of literature has studied vertical handoff schemes.

In [1, 2], authors used the traditional signal strength-based handoff algorithm and

its improved edition for vertical handoff. This algorithm is simple in design and low

in complexity, but its single-attribute decision-making handoff algorithm would lead

to a ‘Ping-Pong’ effect if it was applied for vertical handoff. In a heterogeneous net-

work environment, the characteristics of different access networks are greatly varied,

thereby executing handoffs only based on received signal strength cannot accurately

enable the terminal to access the optimal network. In [3–5], a multi-attribute verti-

cal handoff algorithm was proposed. This algorithm is simple as well, can be easily

implemented, and is more reliable compared with a single-attribute decision-making

algorithm. However, it is less flexible and less able to consider the dynamic charac-

teristics of the network, which means the performance of the user and the network

cannot reach an optimal state. In References [6–9], although a Markov decision pro-

cess was introduced to make sure users to have a better access to the network with

mailto:denghonggui@csu.edu.cn
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low blocking rate and low latency, the quality of service for users still could not

be guaranteed if users’ own status’ changes were not taken into consideration. Ref-

erences [10–15] studied the multi-attribute intelligent vertical handoff algorithms

based on fuzzy logic and artificial neural networks. These algorithms can be applied

to effectively improve the accuracy and efficiency of decision-making and reduce the

‘Ping-Pong’ effect under handoff scenarios where more unique decision factors hard

to be quantified were involved. However, the complicated calculations make them

unsuitable for terminal devices with limited computing capabilities. Reference [16]

built a user-centered multi-objective handoff scheme, the scheme can improve the

throughput of the system to a certain extent, but still cannot reflect the true state

of the base stations (BSs), and it lacks consideration of coordination among users

in design, so that network resources cannot be fully utilized.

To address users’ service quality problem, insufficient network status consideration

and poor handoff coordination in above vertical handoff algorithms, we propose a

vertical handoff algorithm based on a multi-objective optimization model. Firstly,

the state values of each network in different states are obtained through the Markov

decision process. Then a multi-objective optimization model that maximizes the

value of network state and user’s data receiving rate is constructed. At last, a multi-

objective genetic algorithm is applied to solve the model described above and to

obtain the user’s optimal handoff strategy. The ratio of this scheme to the existing

vertical handoff strategy can significantly improve the system coefficient and lower

segmentation rate.

The remainder of this article is organized as follows. In section 2, we derive and

solve the function of a multi-objective optimization model. In section 3, we simulate

the performance of the handoff algorithm, and section 4 summarizes this article.

2 Method

In this section, we construct a multi-objective optimization model for vertical hand-

off to solve the problem that existing vertical handoff algorithms do not comprehen-

sively consider the impact of users and the network during handoff process. There

are two phases. In the first phase, we obtain status value sequence of each BS by

Markov chain model. In the second phase we build a multi-objective optimization

model to maximize the value of the network state and the user data receiving rate

and then the multi-objective genetic algorithm NSGA-II is used to solve the multi-

objective optimization model to obtain the final handoff strategy. Table 1 is the

notation of variables for this paper.

2.1 Pre-Judgment stage

We assume there are M BSs in the heterogeneous networks, and a total of N(t)

users are located under the coverage of the heterogeneous networks at time t. For

each user j(j = 1, 2, ..., N(t)), the received signal strength(RSS) coming from each

BS can be calculated. We set the distance from user j to BS i(i = 1, 2...,M) at time

t as lij(t). Then the RSS user j receives from the base station i at time t can be

calculated as follows:

rssij (lij(t)) = ρi − 10 ∗ κi ln (lij(t)) + ǫ2i (1)
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Table 1 Notations of variables

Notations

M Total number of base stations.

N(t) A total of users located under the coverage of the heterogeneous networks at time t.

lij The distance from user j to BS i.

rssij The RSS user j receives from the base station i.

ρi The transmission power of BS i.

κi The path loss factor of BS i.

ǫ2i . Gaussian white noise of RSS.

qij The data transmission rate user j obtains from base station i.

w′
i The average bandwidth that each channel of the BS i can be allocated.

Dj(t) The interference signal strength of user j at time t.

ξ2i The white Gaussian noise of the interference signal strength.

γ Basic bandwidth requirement of the user.

u−is(t) The number of handoff users in the heterogeneous networks.

u−isi The number of handover users in each base station.

u−noni The number of non-handover users in each base station.

τ User’s decision gap.

λi The user arrival rate of the BS i within the decision gap.

si(t) The status of base station i in the heterogeneous network at time t.

bmax The maximum bandwidth requirements for the connection.

bmin The minimum bandwidth requirements for the connection.

dmax The maximum delay required for connection.

dmin The minimum delay required for connection.

ci The number of users served in BS i.

ηi The number of channels of each BSi.

β The damage factor.

where ρi is the transmission power of BS i, κi is the path loss factor of BS i,

and ǫ2i represents the Gaussian white noise that satisfies the Gaussian distribution

(0, σ2
1). Further, according to Shannon’s theorem, the data transmission rate qij(t)

that user j obtains from base station i at time t can be calculated as follows:

qij(t) = w′
i × log2

(

1 +
rssij(t)

Dj(t) + ξ2i

)

(2)

where w′
i is the average bandwidth that each channel of the BS i can be allocated,

ξ2i is the white Gaussian noise satisfying the Gaussian distribution (0, σ2
2), andDj(t)

is the interference signal strength of user j at time t.

During decision process, we need to determine the number of non-handoff users

under each BS and the total number of handoff users in the heterogeneous networks

in order to determine the network status of each BS more accurately. Here we use

the basic bandwidth requirement of the user to determine whether each user requires

a handoff. For users who newly entered the coverage of the heterogeneous networks

and those have not connected to the BS due to blockage during the last handoff,
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the current actual data transmission rate is 0, which means they are considered as

users who need to be handed over. For users who have connected to the BS, we

should further consider whether they are handoff users. When user j is connected

to BS i at time t, we can get qij(t) according to Eq.(2). The rules are that when

qij(t) < γ(γ is basic bandwidth requirement of the user), j needs to be handed

over, otherwise user j would continue to be connected to BS i. In that way, the

number of handoff users u−is(t) in the heterogeneous networks and the number of

non-handover users in each base station u−noni(t) will be determined.

For the handoff user in heterogeneous networks, a pre-decision module is required

to roughly determine the target BS that the user may access to based on user’s

data transmission rate. It is assumed that Qj = {q1j , q2j , . . . , qMj} is the data

transmission rate set that can be obtained by user j from each BS at time t, and

user j would select the BS with the highest data transmission rate as target for pre-

handoff. Then we can obtain pre-target BSs for all users and count the number of

users who pre-switched to each BS, set as u−isi(t)(i = 1, 2, . . . ,M). We assume the

user’s decision gap is τ , then the user arrival rate λi of the BS i within the decision

gap can be calculated as λi = u−isi(t)/τ . According to the queuing theory [17], the

probability that k users would reach each BS in unit time is:

pa(x = k) =
(λi)

k

k!
e−λi (3)

When the service rate µi of each base station is known, the probability that k

users would leave the base station in unit time can be obtained:

pb(x = k) =
(µi)

k

k!
e−ciµi (4)

where ci is the number of users served in BS i, ci = u−noni(t) represents the

number of non-handover users in each BS.

The state of the BS would change as the number of users accessing the base

station changes, such as the remaining available bandwidth and network delay of

the base station. The status of base stations in the heterogeneous network at time

t is represented by set S(t), then S(t) = {s1(t), s2(t), . . . , sM (t)}. At each decision

time, the same user can only access one BS, and the status of the base station would

change based on the Markov chain. In order to find the state value of each BS in

different states, it is necessary to first obtain the instant rewards of different states

of each BS and the transition probability between states. The instant reward is

determined by the network performance of each BS. The better the performance, the

greater the instant reward. Here, the remaining available bandwidth and network

delay of the BS are chosen as factors to calculate the instant reward of each state

of the BS. The instant reward of BS i at time t is:

R (si(t), i) = wbrb (si(t), i) + wdrd (si(t), i) (5)
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where rb(si(t), i) is a value function of the remaining available bandwidth of base

station i in state si(t), and rd(si(t), i) is a value function of the network delay

of i in state si(t). The remaining available bandwidth is a benefit parameter and

its value function is: rb (si(t), i) = (b (si(t), i)− bmin) / (bmax − bmin), where bmax

and bmin are the maximum and minimum bandwidth requirements for the connec-

tion, b(si(t), i) is the actual remaining bandwidth of the base station i in state

si(t). When b(si(t), i) < bmin, rb(si(t), i) = 0, while when b(si(t), i) > bmax,

rb(si(t), i) = 1.The network delay is a loss parameter whose value function is:

rd (si(t), i) = (dmax − d (si(t), i)) / (dmax − dmin), where dmax and dmin are max-

imum and minimum delay required for connection. d(si(t), i) is the actual network

delay of the base station i in state si(t). When d(si(t), i) < dmin, rd(si(t), i) = 1,

whereas when d(si(t), i) > dmax, rd(si(t), i) = 0. wb and wd are the weights of the

remaining available bandwidth and network delay respectively.

The real-time reward reflects network performance of the BS under current state

rather than the dynamic changes of the state. Therefore, state value of the BS needs

to be further determined according to the state transition probability. The state of

the BS is related to the number of users connected to it, and thus the change in

the number of users would lead to changes in the state of the BS. Let t be the time

when the decision cycle starts, and ci be the user being served in corresponding BS.

Then the probability that a user changes from ci to cnext can be calculated by the

follows, when cnext < ci:

p (ci, cnext) =

ci
∑

n=cnext−ci

pa (x = n+ cnext − ci) pb(x = n) (6)

when cnext ≥ ci :

p (ci, cnext) =

ci
∑

n=0

pa (x = n+ cnext − ci) pb(x = n) (7)

where p(ci, cnext) is the state transition probability of the BS. According to basic

bandwidth requirements, we are able to determine that the total number of users

who need to make a handover decision at time t is u−is(t). Considering that all

handover users may access to the same base station, it is necessary to calculate

the u−is(t) state values corresponding to each BS. Because the number of accessing

channels of each BS is limited, the number of users connected to each BS is limited as

well. Suppose that the number of channels of each BS in a heterogeneous network

is ηi, then according to Eq.(5), Eq.(6), and Eq.(7), when u−is(t) > ηi, we can

calculate the state value of each state:

V π (si(t)) =











0 si(t) =
{

ηi + 1, uis(t)

}

∑

si(t+1) p (si(t), si(t+ 1))

× (R (si(t+ 1), i) + β × (V π (si(t+ 1)))) si(t) = {1, ηi}

(8)
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when u−is(t) ≤ ηi :

V π (si(t)) =
∑

si(t+1)

p (si(t), si(t+ 1)) (R (si(t+ 1), i) + β ∗ (V π (si(t+ 1)))) (9)

In Eq.(8) and Eq.(9), V π(si(t + 1)) represents the state at the next moment,

which has multiple possibilities. The probability that the user would transit to

each state is p(si(t), si(t + 1)) = p(ci, cnext). β is the damage factor. State values

of corresponding states of all base stations can be obtained by using a dynamic

programming algorithm.

2.2 Switching Model Design

According to Eq.(8) and Eq.(9), we can obtain the state value corresponding to

each state of the BS. According to the calculation method of Eq.(5) for the instant

reward, it can be known that at the same moment, the BS with the larger state

value has better network performance and users tend to access the BS with excel-

lent performance in order to obtain higher bandwidth, lower delay, and reduce the

blocking rate of the BS when performing a network handover. However, the han-

dover just based on better state of the network cannot guarantee the service quality.

We have to consider changes of user’s status as well, such as the user ’s maximum

transmission rate, which is not only related to the average bandwidth of the base

station but also the distance from the user to the BS inferred by Eq.(2). we select

the user’s data transmission rate to reflect the user’s service quality. The greater

the data transmission rate, the higher the user’s service quality. When designing a

handover scheme, users would always choose a BS with high data transmission rate

and high status value.

In the same decision cycle, there may be multiple users performing network switch-

ing. If performing handover with a single handoff user as the center under traditional

handoff schemes, it would be less efficient to utilize the overall resource in hetero-

geneous network system and the network performance would not reach the optimal

state as it lacks coordination between handover users during handoffs. In order to

improve the resource utilization efficiency and the network performance, when de-

signing the handoff scheme, handover users should be coordinated to carry out a

unified design, and the single-user handoff should be converted into a multi-user

coordinated handoff in turn. Firstly, we set the connected BSs of all handover users

at time t as a matrix variable Θ(t):

Θ(t) =

∣

∣

∣

∣

∣

∣

∣

∣

∣

∣

θ11 θ12 · · · θ1u
−
is(t)

θ21 θ22 · · · θ2u
−
is(t)

...
...

. . .
...

θM1 θM2 · · · θMu
−
is(t)

∣

∣

∣

∣

∣

∣

∣

∣

∣

∣

(10)

The matrix Θ(t) reflects the network selection results of all handover users at

time t, M is the total number of base stations in the heterogeneous network, and

u−is(t) is the number of handover users at time t. Each element in thematrix can

only take 1 or 0, rules as follows:
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θij(t) =

{

1 user jis connect to BS i,

0 user jis b = not connect to BS i

where i = 1, 2, . . . ,M and j = 1, 2, . . . , u−is(t).

The i−th row of the matrix is represented asΘ(t)((i,:)), which reflects the situation

where the handover user accesses the base station i. The j−th column of the matrix

is represented as Θ(t)((i,:)), reflecting the network selection result of user j at time

t. Similarly, data transmission rate from each base station for all handover users at

decision time t can be calculated by Eq.(1) and Eq.(2) and we can construct a data

transmission rate matrix Q(t). Its mathematical form is as follows:

Q(t) =

∣

∣

∣

∣

∣

∣

∣

∣

∣

∣

q11 q12 · · · q1u
−
is(t)

q21 q22 · · · q2u
−
is(t)

...
...

. . .
...

qM1 qM2 · · · qMu
−
is(t)

∣

∣

∣

∣

∣

∣

∣

∣

∣

∣

(11)

After obtaining the data transmission rate matrix that reflects the user service

quality requirements, we also need to build a state value matrix that reflects the

status of the base station, so that we could know better about the network per-

formance of the BS and the user service quality requirements and thus design a

reasonable vertical handover scheme. The state value can be obtained according to

Eq.(8) and Eq.(9), and the state value sequence of each BS at time t has u−is(t)

elements, which can also be expressed in matrix form:

V (t) =

∣

∣

∣

∣

∣

∣

∣

∣

∣

∣

v11 v12 · · · v1u
−
is(t)

v21 v22 · · · v2u
−
is(t)

...
...

. . .
...

vM1 vM2 · · · vMu
−
is(t)

∣

∣

∣

∣

∣

∣

∣

∣

∣

∣

(12)

Each row of the matrix V (t) is a state value sequence of a base station, and the

state value sequence is arranged in descending order.

In order to maximize the resource utilization of the system and satisfy basic re-

quirements of user’s service quality at the same time, we need to follow the principle

that maximize the sum of state value and the system throughput when design-

ing vertical handoff algorithm. Let matrix Θ(t) be a decision variable, considering

Eq.(11) and Eq.(12), then the following multi-objective optimization model can be

obtained:
{

Maxmize
∑M

i=1

∑‖Θ(i,:)(t)‖1

j=1 V ij(t)

Maxmize
∑u

−
is(t)

j=1 Q(:,j)(t) ∗Θ(:,j)(t)
(13)

where Q((:,j))(t) represents the data transmission rate from all BSs to user j at

time t, ‖Θ((i,:))(t)‖1 is the 1 − norm of the vector Θ((i,:))(t), which represents the

total number of users connected to BS i at time t. The value of each element in Θ

can only take 0 or 1. In mathematical form, it can be expressed as: θij(1 − θij) =

0(i = 1, 2, . . . ,M, j = 1, 2, . . . , u−is(t)). The same user can only access at most one

base station at the same time, so
∑M

i=1 θij(t) ≤ 1, and since the number of accessing

channels of each base station is limited, the number of users connected to each base
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station is also limited. That is 0 ≤ ‖Θ((i,:))‖1 ≤ ηi(i = 1, 2, . . . ,M). Equation

(13) shows that the vertical handoff decision problem has been transferred into a

multi-objective optimization problem. The optimization variable here is a matrix

Θ. In order to solve this multi-objective optimization model with constraints, the

multi-objective genetic algorithm NSGA- II [18] has to been applied. Algorithm

steps are shown in Algorithm 1. Firstly, we initialized the population according to

the constraints of the model, and then set the iterative stop condition to perform

fast non-dominated sorting, congestion allocation, tournament selection, and elite

retention strategy to obtain the final handoff strategy.

Algorithm 1 The framework of multi-objective genetic algorithm NSGA-II for solving

multi-objective functions.

Input: The matrix of data transmission rate, Q(t); The matrix of state value sequence,

V (t); The total number of handoff users, u−is(t); The number of non-handover

users in each base station, u−noni(t); The population size: Npop; Total number of

base stations: M ;

Output: The matrix of the connected BSs of all handover users at time t, Θ(t)

1: Complete population initialization based on the principles: θij(1 − θij) = 0(i =

1, 2, . . . ,M, j = 1, 2, . . . , u−is(t)),
∑M

i=1 θij(t) ≤ 1 and 0 ≤ ‖Θ((i,:))‖1 ≤ ηi(i =

1, 2, . . . ,M). Generate the population Wpop ⊆ RM×u
−
is(t)×Npop and the corre-

sponding value Vpop ⊆ R1×Npop of the population ;

2: Using the fast non-dominated sorting module to solve the Pareto rank Fpop ⊆

R1×Npopof individuals in a population, the greater the Pareto level, the closer the

corresponding solution is to the pareto optimal solution;

3: Calculate the crowding degree of individuals under each pareto level Dpop ⊆

R1×Npop , the greater the congestion, the more diverse the value of the popula-

tion;

4: According to the order of Pareto rank Fpop ⊆ R1×Npop from high to low and the

congestion Dpop ⊆ R1×Npop from large to small, select the parent population for

cross mutation to generate a new population Wpop ⊆ RM×u
−
is(t)×Npop , recalculate

the value Vpop ⊆ R1×Npop , Fpop ⊆ R1×Npop and Dpop;

5: Repeat step 4 until the maximum number of iterations niter is exceeded;

6: Find the maximum value of Vpop ⊆ R1×Npop and return the corresponding individual

Θ(t) in the population Wpop ⊆ RM×u
−
is(t)×Npop ;

7: return Θ(t);

3 Experiments and results

In order to evaluate the performance of the proposed vertical handoff algorithm,

we set up a simulation model in MATLAB 2018a, and compared the proposed

algorithm (MBMO) with the vertical handoff algorithm (VHO) based on decision

tree (DT-VHO) [4], the VHO based on Multi-Armed Bandit Model (MABA) [9]

and the user centered Multi-Objective handoff algorithm (MOS) [16]. We built a

heterogeneous network model with three BSs, including 3G, 4G, and 5G BS. Each

network was placed in a 510m × 510m matrix space, where 3G BS was located at

coordinate point (250, 510), 4G BS was located at coordinate point (−10, 0), and
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5G BS was located at coordinate point (510, 0) position. Then we supposed 100

users were randomly generated in a matrix space of 500m× 500m in the middle of

the base station. Those users’ moving speed was 0 ∼ 2m/s and the initial direction

of the movement was random. The relevant parameters of the three BSs are given

in Table 2 and Common simulation parameters are given in Table 3.

Table 2 Experimental Parameters.

3G 4G 5G

Coverage radii of BSs 7km 50km 25km

Maximum number of serving users in BSs 10 20 16

Bandwidths of BSs 5MHz 20MHz 24MHz

Transmission powers of BSs 10watts 20watts 30watts

Strength of the interfering signal -22dBm -8dBm -7dBm

Pass loss factor κi 0.7 1 1

Average access bandwidth 0.5MHz 1MHz 1.5MHz

Maximum time delay 300ms 800ms 320ms

Average time delay 30ms 40ms 20ms

Table 3 Common simulation parameters.

Basic bandwidth requirements of users for BSs: γ 3Mbps

Additive white Gaussian noise power of RSS: ǫ2i ǫ2i ∼ N(0, 3)dBm

Additive white Gaussian noise power : ξ2i ξ2i ∼ N(0, 5)dBm

Time slot: τ 2second

3.1 Analysis of Total Throughput

Throughput reflects the amount of data transmitted by the system in unit time. The

higher the throughput, the higher the transmission efficiency of the system. It is an

important performance indicator of the network. Figure 1 shows the throughputs

under four types of vertical handoff algorithms MBMO, DT-VHO [4] , MABA [9]

and MOS [16] when connected with different numbers of access-users. Among them,

the throughput of MBMO is calculated by Eq.(13) introduced in this article. From

Fig. 1, we can see that the overall trend of throughput change is that when the num-

ber of accessing users is less than 50, the throughput would increase continuously

with the increase of users. When the number of accessing users is greater than 50,

the throughput would increase slowly and gradually balance. This is because the

number of accessing users allowed by the heterogeneous network is limited. When

the number of accessing users is greater than 50, the system tends to be saturated.

We can also see that the proposed handoff algorithm MBMO always had the highest

throughput.

3.2 Analysis of Blocking Rate

Figure 2 illustrates how the blocking rate of the four algorithms would change as

the number of accessing users increases. The blocking rate curve of the MBMO

algorithm is obtained by Eq.(13). It can be seen from the Fig. 2 that overall, the

blocking rate would show an ascending trend with the increase in accessing users.



Wang et al. Page 10 of 12

When the number of accessing users is less than 30, the system still has capacity

to accommodate more new users, so the blocking rate of each algorithm is small or

even close to 0. Nevertheless, when the number of accessing users is greater than

30, the blocking rate of each algorithm would start to increase. With the same

number of accessing users, the blocking rate under MOS method is always very

large, because it always considers the worst case and overlaps the base stations that

all users can access. As a result, this algorithm could not truly reflect the blocking

rate of the base station. The benefit function constructed by the DT-VHO method

does not consider real-time changes in the base station state during the decision

period, so its blocking rate changes gently but could not achieve an optimal effect.

Both the MBMO algorithms proposed in this article and the MABA consider the

real-time changes of base station state, therefore, the blocking rates under those two

methods are always in a low state, but it can be seen from the construction method

of Eq.(13) that the proposed MBMO algorithm further considers the coordination

between handover users and the quality of service requirements of users and thus

would further reduce the blocking rate of the system.

3.3 Stability of Algorithm

In order to verify the stability of the proposed algorithm, we simulate the through-

put of each handoff user after switching when the number of handoff users is less

than the system capacity. The simulation results of each algorithm are shown in

Fig. 3. The proposed algorithm MBMO and the vertical handoff algorithm MABA

based on the multi-armed bandit model take into account the dynamic character-

istics of the networks when users switch, so when the system capacity is sufficient,

there will be almost no handoff users cannot access the base station due to a certain

base station blocking. The user-centered vertical handover algorithm MOS and the

decision tree-based vertical handover algorithm DT-VHO focus on a single user and

thus lack the consideration of network-side characteristics, resulting in large fluctu-

ations in the data reception rate obtained by users and unstable user performance.

In addition, it can be clearly seen from the mean error graph of the user throughput

in Fig. 4 that the MBMO algorithm has the highest mean and the smallest variance.

That is because the proposed algorithm considers the performance of both the user

side and the network side.

4 Summary and conclusions

In this article, we propose a vertical handoff algorithm based on a multi-objective

optimization model. We build a multi-objective optimization model with full con-

sideration of the dynamic characteristics of the network side and the quality of

service requirements of the user side. In order to quantify the performance of the

network state and make it convenient for mathematical processing, a Markov chain

is used to solve the value sequence of the BS. Finally, we obtain the decision result

by the improved NSGA-II algorithm. Simulation results show that our algorithm

could achieve high throughput and low blocking rate so that it guarantees the users’

service quality and the overall performance of heterogeneous networks.
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Figures

Figure 1 Network total throughput.

Figure 2 Blocking probability.
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Figure 3 Througuput of each handoff user.

Figure 4 The mean errorbar of the user throughput.
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