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Abstract—The rapid evolution in mobile wireless communication networks has 
generated Heterogeneous Wireless Networks (HWNs), which cover a diverse range of networks (e.g., 
2G, 3G, and LTE-A). In HWNs, a mobile device supports multiple network interfaces that use different 
access methods for wireless links. In such an environment, the main challenge is Always Best Connected 
(ABC), which means that the mobile nodes rank the network interfaces and select the best one at 
anytime and anywhere according to multiple criteria (application-related criteria, network-related 
criteria, terminal-related criteria, user-related criteria). In this context, Multi Attribute Decision Making 
(MADM) techniques present a promising solution for the network interface selection problem. The 
Technique for Order Preference by Similarity to Ideal Solution (TOPSIS) is one widely adopted MADM 
method. TOPSIS suffers from ranking abnormalities, e.g., if a low-ranking network (alternative) is 
disconnected or a new network is discovered, then the order of the higher-ranking networks will change 
abnormally. These abnormalities can potentially decrease the quality of the results. In this paper, we 
propose new TOPSIS-based approaches for network interface selection that efficiently tackle the ranking 
abnormality problem in HWNs. The performance of our methods is evaluated through simulations. The 
results show that the proposed approaches reduce or completely eliminate the rank reversal, either 
when networks are disconnected or new networks are connected. 

Keywords—Heterogeneous Wireless Networks (HWNs), Network Interface Selection, Multi Attribute 
Decision Making (MADM), Technique for Order Preference by Similarity to Ideal Solution (TOPSIS), 
Ranking Abnormality, Rank reversal 

I. INTRODUCTION 
The development of wireless communication technologies (e.g., 2G, 3G, 4G, Wi-Fi, and Satellite) 

and the evolution of mobile terminals with multiple access network interfaces (e.g., 3G, 4G, and Wi-Fi) 
provide the opportunity for mobile users to switch among available interfaces. The energy-efficient 
network discovery method is presented in [33], and the different trends and challenges of mobility 
management in hybrid wireless networks are discussed in [34]. In hybrid communication systems, the 
mobile terminals try to connect to the best network interface to satisfy their exigencies of service at 
anytime and anywhere, which is known as Always Best Connected (ABC). Based on ABC functionalities, 
terminals can select the appropriate interface to fulfill the requirements of Quality of Service (QoS) 



applications. For example, terminals avoid selecting the networks that have high traffic to avoid 
congestion, and terminals predict the availability of networks to avoid connecting to networks that will 
disappear soon. 

The process of selecting the best network interface that meets the application requirements, user 
preferences, and mobile terminal capacities is a key challenge in implementing a multi-access system. 
The network interface selection can be static or dynamic. Static interface selection can be managed 
using a policies set that contains filtering rules used as input in the Operating System. Dynamic interface 
selection depends on several metrics, such as Quality of Service (QoS) parameters, Quality of Device 
(QoD) parameters, Quality of Application (QoA) requirements, and user preferences. This dynamic 
selection process is the key challenge in Heterogeneous Wireless Networks (HWNs) due to the change 
in network parameters and the users’ needs. The approaches proposed in the literature strive to solve 
the dynamic interface selection problem using different methods, such as game theory, combinatorial 
optimization, utility theory, cost function, Markov chain, Multi Attribute Decision Making (MADM), and 
fuzzy logic. 

The interface selection problem is a multi-criteria decision problem. MADM is a suitable approach 
for such a problem because it can evaluate multi-criteria simultaneously. MADM algorithms are used 
to determine the optimal alternative among several alternatives that are characterized by multiple 
criteria. There are several MADM algorithms, including Simple Additive Weighting (SAW) [10], Gray 
Relational Analysis (GRA) [13], Analytic Hierarchy Process (AHP) [14], [15], and Technique for Order 
Preference by Similarity to Ideal Solution (TOPSIS). TOPSIS is the most commonly used method in the 
literature on network selection [11], [12], [19], [35]. TOPSIS faces the problem of ranking abnormalities. 
In this paper, we present new approaches based on TOPSIS for network interface selection that address 
these limitations. The causes of the rank reversal are analyzed in detail. Four new normalization 
techniques are presented to overcome these shortcomings, and one technique is presented to enhance 
the quality of ranking by eliminating networks with extreme parameters’ values. 

The rest of this paper is organized as follows: in Section 2, we discuss the related works. Section 3 
presents rank reversal in the MADM algorithms. The proposed methods are described in Section 4, and 
in Section 5, we present simulations and discuss the results. Finally, Section 6 concludes the paper. 

II. RELATED WORK 
Many mathematical theories have been proposed in the literature for network interface selection. 

For example, in utility theory [1], the idea is to evaluate the utilities of all parameters and use a 
functionality to adjust them, and finally combine them to obtain one total utility for each alternative. 
The alternative with the highest utility value is selected. However, the adjustment can lose precision. 



In the cost function [2], the main idea is to calculate the cost caused by the use of each available 
network in the vicinity of the user, and the network with the lowest cost is selected. Nevertheless, it is 
difficult to estimate the cost of some parameters. In combinatorial optimization, such as the knapsack 
model [3], the idea is to allocate applications to networks, where networks are mapped to knapsacks, 
and applications are mapped to items. The goal is to maximize the total profit without exceeding the 
maximum weight of any of the knapsacks. Fuzzy logic [4] is used to adjust the values of dynamic 
parameters because the information about these parameters can be imprecisely gathered due to 
changes in the network state, but this adjustment can reduce precision. In Markov chains, such as 
Markov Decision Process (MDP)-based schemes [5], [6], the objective is to predict the total reward of 
a connection to optimize the network interface selection decisions. The MDP based scheme is used for 
the multi-objective dynamic decision making problems. It considers a group of consecutive decisions 
and makes a combined decision. This combination results in a delay in the network interface selection 
decisions. In the permutation-based scheme [7], the idea is to prioritize all networks (without 
considering availability) in the permutation instead of providing the best network interface. At the 
decision time, the first available network in the permutation is selected, but the permutation based-
scheme takes some time in network interface selection decisions as the total costs of all permutations 
are calculated. In game theory, the main idea is to balance the benefits between players, where players 
in the game are the users and/or the networks. The games are formulated to consider different 
objectives, such as maximizing or minimizing different resources (e.g., throughput and delay). The game 
category depends on the players involved (Users vs. Users, Users vs. Networks, and Networks vs. 
Networks). In [8] and [9], the authors used an approach that considers the problem in which users 
compete against each other to select their believed best network, causing performance degradation. 
MADM algorithms refer to determining the optimal alternative among a finite set of alternatives that 
are characterized by multiple attributes. MADM algorithms provide high precision and fast network 
interface selection decisions and have the ability to evaluate multi-criteria simultaneously with medium 
implementation complexity. Although MADM algorithms suffer from rank reversal, they present a 
promising solution for the network interface selection problem. For these reasons, we are more 
interested in MADM algorithms, specifically the TOPSIS algorithm, which provides high accuracy 
compared to other MADM algorithms [31], [32]. 

MADM is suitable for a dynamic network interface selection with multiple alternatives (interfaces) 
and attributes of user (e.g., cost and perceived QoS), terminal (e.g., battery and velocity), application 
(e.g., QoS level and security level), and network (e.g., current QoS and provider’s profile). The MADM 
for interface selection is formulated as follows:  

=  { ,  = 1, 2, … , } 



 is a finite set of alternatives which represents the possible interfaces that the mobile terminal 
supports (for example,  represents 3G,  represents LTE-A, and  represents Wi-Fi).  

=  { , = 1, 2, … , } 
 is a set of attributes, such as the network interface characteristics, terminal characteristics, 

application characteristics, and user preferences (for example,  represents delay,  represents loss 
rate, and  represents cost). 

= { , , … , } 
The weight vector  represents the relative importance of these attributes. 
The MADM problem can be represented by a matrix, as shown in Table I. Many MADM algorithms 

have been proposed in the literature for the network interface selection problem [10], [11], [12], [13], 
[14], [15], [19]. In [16], the authors combined MADM with fuzzy logic, where fuzzy logic was used to 
deal with the imprecise information of some criteria and user preference, and the MADM algorithms 
(TOPSIS and SAW) were used for the decision making. The authors in [17] combined AHP with game 
theory for the network selection problem, where AHP was used to determine the weights of multiple 
criteria, and the Bankruptcy game model was used to rank the candidate networks and select the best 
one. In [18], the authors combined AHP with Dempster-Shafer evidence theory for the network 
selection problem. Dempster-Shafer evidence theory was used to address the parameters unrelated to 
service that have an influence on the decision making process. The authors in [35] combined utility 
function with TOPSIS, where utility function was used to calculate the normalized value of each 
attribute, and the TOPSIS was used for the network interface selection. 

TABLE I.  MADM MATRIX 

  ( )  ( ) . .  ( ) 
          
          

.      

.      
          

In the sequel, we detail some MADM algorithms. 
a) TOPSIS  

 candidate networks with  attributes are represented in the form of a matrix as follows: 

= ⋮ ⋮
…⋯⋱… ⋮  



 represents the value of the  attribute for the  network, where {  =  1, . . . , }, {  =
1, … , }. 

The TOPSIS algorithm is applied to the network interface selection as follows:  
1) The value of each attribute in the matrix is normalized: 

= ∑   (1)  
2) Each attribute in the matrix is assigned a weight : 

= ∗   ℎ  ∑ = 1  (2) 
3) The ideal and negative-ideal solutions are determined: 

= , … ,   = , … ,   (3) 
4) The aim of this step is to find the best and the worst values for each of the attributes.  

 For the upward attributes (e.g., allowed bandwidth), the largest value is the best and 
the lowest value is the worst: 

= max { , = 1, … , }  (4) 
= min { , = 1, … , }  (5) 

 For the downward attributes (e.g., network utilization), the lowest value is the best and 
the largest value is the worst: 

= min { , = 1, … , }  (6) 
= max { , = 1, … , }  (7) 

5) The measurement of distances for both ideal and negative-ideal solutions are calculated for 
each candidate network: 

= ∑ ( − )   (8) 
= ∑ ( − )   (9) 

6) The relative closeness to the ideal solution is calculated based on the distances “ ” and 
“ ”, given by: 

=   (10) 
7) The network with the highest value of  is selected. 

b) GRA 
In [20]-[22], the authors combined Gray Relational Analysis (GRA) with Analytical Hierarchy Process 

(AHP) for the network interface selection. AHP was used to decompose the network interface selection 
problem into several simpler and more manageable sub-problems and to assign a weight value for each 
sub-problem according to its relative dominance in the network interface problem. GRA was used to 



rank the candidate networks based on their coefficients and to select the one with the highest score  
as the best network. The value of  represents the distance from the best case and is calculated as 
follows:  

= ∑   (11) 

c) SAW 
In Simple Additive Weighting (SAW), the overall score of a candidate network is determined by the 

weighted sum of all the attribute values. The interface with the highest score is selected, as given by: 
∗ = max ∑  ×   (12) 

All of the network selection algorithms based on MADM cited above tolerate ranking abnormalities. 
In the next section, we will present the causes of these shortcomings. 

III. RANK REVERSAL IN MADM ALGORITHMS 
The majority of ranking algorithms based on MADM use normalization and upper/lower bounds to 

eliminate dimensional unit differences (e.g., money, time, and distance) among the parameters 
(criteria). Different normalization techniques are used to achieve that goal, but they are all prone to 
inconsistency, which changes the normalized attribute value, even though the original value is still the 
same. This behavior affects the scoring of the alternatives, consequently altering the final ranking. This 
phenomenon is known as Rank Reversal (Ranking Abnormality), which occurs when removing (adding) 
alternatives (solutions) from (to) the original decision matrix. Some proposals [23]-[28] to avoid rank 
reversal in AHP, TOPSIS and GRA have been presented. Barzilai and Golany [29] proved that no 
normalization can prevent rank reversal in AHP. However, normalization is crucial for most of the 
MADM approaches to unify different attributes. The following example for network selection shows 
ranking abnormality in TOPSIS; the attributes and their normalized values are presented in Table II. 

Throughout the paper, unless otherwise stated, delay and jitter are measured in milliseconds, loss 
rate is measured as a percentage, throughput is measured in Mbps and cost is measured in cent (¢) for 
MB. 

TABLE II.  TOPSIS-BASED NETWORK SELECTION DECISION 
Network Delay Jitter Loss Rate Throughput Cost # 
 C ms norm ms norm % norm Mbps norm ¢/MB norm  
LTE1 0.818 40 0.2021 20 0.1829 1 0.1924 100 0.7063 10 0.2073 1 
LTE2 0.780 50 0.2526 30 0.2744 2 0.3849 60 0.4238 8 0.1658 3 
UMTS 0.076 35 0.1768 20 0.1829 2 0.3849 2 0.0141 45 0.9328 7 
WiMAX1 0.729 30 0.1516 20 0.1829 1 0.1924 50 0.3531 10 0.2073 4 
WiMAX2 0.721 35 0.1768 25 0.2286 2 0.3849 30 0.2119 6 0.1243 5 
802.11b 0.702 140 0.7075 75 0.6860 2 0.3849 11 0.0777 1 0.0207 6 



802.11g 0.812 100 0.5559 50 0.5488 3 0.5773 54 0.3814 1 0.0207 2 
In this example, we consider a weight vector for which the cost and throughput are significantly 

important compared to any other QoS parameters, w = [0.05, 0.05, 0.1, 0.3, 0.5] as for the objectives 
as follows: o = [min, min, min, max, min]. Using equation (1) in TOPSIS, we obtain the normalized values, 
which are all between 0 and 1. There is just one case where the value equals 0 or 1, which is when there 
are only two alternatives and for each parameter, one of them equals 0. By computing  using equation 
(10), the ranking order can be determined. In this example “LTE1” is the best choice, whereas “UMTS” 
is the worst. 

To produce rank reversal, let us assume that the worst network “UMTS” is unreachable. The 
changes are shown in Table III. 

TABLE III.  TOPSIS-BASED NETWORK SELECTION DECISION WITHOUT UMTS 
Network Delay Jitter Loss Rate Throughput Cost # 
 C ms norm ms norm % norm Mbps norm ¢/MB norm  
LTE1 0.431 40 0.2053 20 0.1860 1 0.2085 100 0.7064 10 0.5754 3 
LTE2 0.361 50 0.2567 30 0.2791 2 0.4170 60 0.4238 8 0.4603 5 
UMTS  - - - - - - - - - -  
WiMAX1 0.263 30 0.1540 20 0.1860 1 0.2085 50 0.3532 10 0.5754 6 
WiMAX2 0.382 35 0.1797 25 0.2326 2 0.4170 30 0.2119 6 0.3452 4 
802.11b 0.573 140 0.7188 75 0.6978 2 0.4170 11 0.0777 1 0.0575 2 
802.11g 0.714 100 0.5648 50 0.5582 3 0.6255 54 0.3814 1 0.0575 1 

By removing “UMTS”, the ranking is completely altered; no network maintains its position. For 
example, “802.11g” becomes first, whereas “WiMAX1” is ranked as the worst. The reason behind this 
fact is the normalization method because the result of TOPSIS equation (10) will be affected only if the 
normalized attributes change. However, the real data of the network parameters are constant.  

The normalized values of the attributes can also change if one or more of the alternatives are 
removed or added; in our case, the network is unreachable. In TOPSIS, the normalization will be 
affected if any attribute is removed, with the highest value having the most apparent impact, as shown 
in the next example. 

 

 
Fig. 1. Changes in the normalized values after removing the highest value 



As we can see in Fig. 1, after removing the highest attribute, the normalized values computed with 
equation (1) differ significantly. For example, the difference between 0.16 - 0.12 = 0.04; after removing 
the highest value, it becomes 0.57 - 0.46 = 0.11. Although the real data remain unchanged, this variance 
of the normalized values can cause rank reversal of the networks. As mentioned earlier, the removal of 
the smallest attribute will also cause a slight variance in TOPSIS, and if the removal occurs numerous 
times, it could cause rank reversal. In the next section, we will examine some proposals to overcome 
this issue. 

IV. PROPOSED METHODS 
Our goal is to minimize the normalization effect on the rank order by replacing the original 

normalization procedure described by equation (1). 
The first step is to change the normalization function (1) from square root to Max-Min (13, 14) (the 

rationale behind this modification will become clear shortly). The normalized values will then depend 
entirely on the lowest and highest values of each parameter. This modification alone will not solve the 
rank reversal problem, but actually adds to the problem because the removal of the worst alternative 
changes the highest or lowest attributes, which in turn has a more significant impact on equation (13) 
than on (1). In the next step, we propose three different strategies to solve this problem and minimize 
or eliminate rank reversal: 

For upward attributes (maximizing) For downward attributes (minimizing) 
= ( )

( )  (13) 
 

= ( )  (14) 
 The first strategy aims to keep the normalized values unchanged by setting the absolute max/min 

values for each parameter (see Fig. 2). Consistent normalized values will produce the same ranking 
order even if one or more networks are unreachable, and the ranking abnormality phenomenon is 
eliminated. The normalized value for upward and downward attributes is computed as follows: 

For upward attributes For downward attributes 
=   

   (15) 
 

=  
   (16) 

 
 and  stand for the absolute maximum and minimum of the  parameter, and all 

values of that parameter are between them. For  and , we can use 1 and 0, respectively. 



 
Fig. 2. Changes in the normalized values after the inclusion of the absolute max/min 

The second strategy uses the absolute bound in the undesired direction of an attribute only. In the 
case of upward attributes, an absolute minimum is set, whereas an absolute maximum is determined 
for downward attributes. The reason this solution works is due to the nature of wireless networks; 
usually the networks that are likely to become unreachable are the ones with bad attributes (e.g., 
throughput and signal strength). A network with low signal strength and/or throughput is likely to 
disappear, and the contrary is also true. With this assumption, the normalized value for upward and 
downward attributes is computed as follows: 

For upward attributes For downward attributes 
=   

   (17) 
 

=    (18) 
 This method will not completely eliminate ranking abnormality because the normalized value may 

change if: 
 The best network disappears. 
 One of the worst network parameters is the best. 
We can assume that more often than not, these cases will not occur; therefore, the computed 

TOPSIS coefficient will not change. 
The downside to the absolute max/min strategy is that the values need to be defined a priori to 

network selection. If  is significantly higher than  and   is significantly lower than 
, then the distance between normalized values will be smaller, resulting in the closer ranking 

coefficient. It is worth noting that by using any of these two strategies, the best value will not equal 1 
nor will the worst equal 0. 

In the third strategy, we attempt to avoid the usage of predefined absolute values by introducing 
dynamic max/min attributes, which will derive their values from the actual networks’ parameters. This 
method will guarantee that the normalized value of the best attribute is 1, providing that the network 
it belongs to will not become unreachable. The normalized values for the upward and downward 
attributes are computed as follows: 

For upward attributes For downward attributes 
=   

   (19) =  
   (20) 



  
Initially: =  =   
When an alternative is removed:  and Maintain previous values 
When an alternative is added: Update =  =   

 
This method will assign a normalized weight of 1 to the best value (on condition), which will produce 

spaced normalized values, resulting in disparate coefficients with clearer ranking. 
This strategy will eliminate rank reversal if only alternatives are being removed because dynamic 

max/min will maintain the initial values, and the normalized values will be constant. If new alternatives 
are added, the rank reversal occurrences depend on the values of the new alternative. If one or more 
of the attributes is larger or smaller than the original max/min values, a rank reversal can occur. To 
illustrate, let us look at the previous example (Tables II and III). Assume that Table III represents the list 
of current available networks; then, a new network becomes reachable “UMTS”, which will be added 
to the preceding list (changes are represented in Table II). The values  of “Throughput” and 

of “Cost” change from (11, 10) to (2, 50), respectively, which will alter the normalized values, 
causing rank reversal. Only the first strategy is capable of preventing rank reversal when new networks 
are added, providing that  and  are adequately estimated. This is because significantly 
higher  and lower  values result in a closer ranking coefficient, which affects the quality of 
the ranking, whereas the contrary may produce normalized values higher than 1 and/or lower than 0. 

The last modification aims to improve the initial ranking by identifying and removing outlier values 
that affect the rank order, which will reduce the ranking abnormality indirectly. First, we show through 
an example how these outlier values can alter the final result and produce a flawed ranking. 

Consider the networks “LTE1” and “802.11g” in Table II, if we compare their attributes knowing 
that the user is mostly concerned over the price (50% of the total weight), the user will intuitively 
choose “802.11g” because it costs a tenth the price with half the throughput compared to “LTE1”. 
However, TOPSIS ranks “LTE1” first and then “802.11g”. After removing the “UMTS” entry (see Table 
III), the ranking is more plausible, which indicates that the presence of “UMTS” affected the global 
ranking, but one could argue that the removal of any entry could affect the final result. To assess that 
claim, we simply remove all entries except “LTE1”, “UMTS”, and “802.11g” and check the ranking (see 
Table IV). The results indicate that the ranking is affected by “UMTS” only. There is a question about 
how this alternative affects the ranking. The answer lies in the cost parameter because “UMTS” has a 
high value of that parameter, and the distance between the normalized values of relatively close 
attributes will be smaller, but when removed, the distance will increase. This result can be easily 
confirmed by comparing the distance between normalized values of the cost parameter in Table II and 



III, which almost tripled for “LTE1” and “802.11g”. We refer to the values that have such effects as 
“outliers”. 

TABLE IV.  RANKING ORDER AFTER REMOVING ALL BUT THE THREE LISTED NETWORKS 
Network Delay Jitter Loss Rate Throughput Cost # 
 C ms norm ms norm % norm Mbps norm ¢/MB norm  
LTE1 0.826 40 0.3274 20 0.3015 1 0.2672 100 0.8797 10 0.2168 1 
UMTS 0.085 35 0.2864 20 0.3015 2 0.5345 2 0.0175 45 0.9759 3 
802.11g 0.780 100 0.9004 50 0.9045 3 0.8017 54 0.4750 1 0.0216 2 

By identifying the outlier values and removing their respective alternatives, we obtain a relatively 
stable and better ranking, hence reducing the rank reversal by applying the following steps: 

1) For each parameter (column) in  with a weight greater than or equal to , indentify 
outliers in the unwanted direction using Tukey’s method [30]. 

2) Add all alternatives (rows) with outlier values to a list . 
3) For every row  in , if no parameter with a weight greater than or equal to  holds the 

best value, then remove  from . 
 is the original matrix of alternatives and parameters, and  is a user defined value to specify 

the weight of parameters that should be looked up for outliers because parameters with a lower weight 
do not have a significant impact. After identifying alternatives with outlier values, it should be checked 
whether they include attributes with the best value and weight greater than or equal to . If that is 
the case, then the alternative is unqualified for removal; otherwise, it should be removed from . 

Applying this method to Table II with  = 0.1 marks “UMTS’s” cost (45) as an outlier value, and 
because the network has no attributes with the best value and weight greater than or equal to , it 
should be removed. 

V. EVALUATION OF THE PROPOSED METHODS 
In this section, we evaluate the efficiency of the proposed normalization methods with respect to 

the rank reversal phenomenon. The original and suggested methods are summarized in Table V. 
TABLE V.  NORMALIZATION METHODS FOR TOPSIS 

 Original Norm1 Norm2 Norm3 Norm4 
Upward Equation (1) Equation (13) Equation (15) Equation (17) Equation (19) 
Downward Equation (1) Equation (14) Equation (16) Equation (18) Equation (20) 

The normalization method, network parameters and disappearing network are the main factors 
that affect the ranking abnormality occurrences. To compare the different solutions (“norm1”, 
“norm2”, “norm3” and “norm4”), we measure the frequency of rank order changes due to network 



removals. The highest rank reversal probability is reached when the worst network is removed, and the 
disappearance of the worst network is the most realistic. 

In the simulation tool, we consider four types of networks with six parameters defined with 
intervals, which represent the possible values that the parameters could have, as shown in Table VI, 

TABLE VI.  PARAMETERS USED IN THE SIMULATION 
Networks Delay [ms] Jitter [ms] Loss Rate [%] Throughput [Mbps] [Cost ¢/MB] Load [%] 
LTE 40-60 20-60 1-3 40-100 5-15 0-80 
UMTS 25-50 20-50 1-4 1-2 40-60 0-80 
WiMAX 25-60 20-60 1-5 30-80 4-15 0-80 
Wi-Fi 50-150 50-100 1-7 1-54 1-5 0-80 
Weights 0.05 0.05 0.1 0.3 0.4 0.1 

We randomly generate a matrix with several networks. First, we randomly select a type of network 
(e.g., LTE or UMTS); then, for each parameter, we choose a value randomly from the corresponding 
interval (see Table VI). According to the TOPSIS algorithm, we normalize the network parameters using 
the methods described in Table V and compute  (relative closeness to the ideal solution). Next, we 
remove the worst network (with the lowest ) and start the TOPSIS procedure again. For the last step, 
we have two scenarios: 

1. Check if the first network remains the same before and after the removal. 
2. Check if all networks remain the same before and after the removal. 
To obtain statistically accurate results, the procedure is iterated 10  times. The probability of rank 

reversal is computed as the ratio of the total number of iterations and the number of changed decisions. 
Fig. 2 and Fig. 3 show the obtained results of scenarios 1 and 2, respectively. 

 
Fig. 3. The effect of removing the worst network on the best network 

The number of networks considered in the simulation is 3 to 10, with the six parameters defined in 
Table VI. The original TOPSIS has poor performance; the probability that the first network will change 
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after removing the worst is between 20% and 27%. The norm1 performs even worse when six networks 
or less are reachable due to the nature of the normalization. Because the normalization relies solely on 
the max and min values, the removal of the worst value will heavily affect the normalized values, but 
the impact is lessened with the increased number of networks because the probability of the max or 
min values changing is less. Norm3 reduces the ranking abnormality to 2% with 3 reachable networks 
and converges to 0 as the number increases but never eliminates the rank reversal because there are 
cases where one or more of the worst network parameters hold the best values. For norm2 and norm4, 
the rank reversal is completely eliminated.  

Fig. 3 shows that the number of networks has a direct impact on the ranking abnormality; by 
increasing the number of networks, the rank reversal ratio is decreased. For the original TOPSIS, the 
removal of one value from a large set has less effect, and for the proposed normalizations, the 
probability that the max and min values will change is lower. 

In the second scenario, we consider the change of ranking in any network as a ranking abnormality; 
the results are shown in Fig. 4. 

 
Fig. 4. The effect of removing the worst network on all networks 

When there are only 3 networks, the results are similar to the first scenario because there will be 
2 networks left after removing the worst. For the other cases, norm2 norm4 remain the same with no 
rank reversals. Norm3 shows a slight increase as expected, and norm1 follows the identical pattern 
with a decreased slope because we consider all networks, which increases the chance that a rank 
reversal occurs. The original method is the only one with a rank reversal ratio that is directly 
proportional to the number of networks; at first, this fact might seem counterintuitive because 
removing the value from a large set is of less impact than with a smaller set, which should reduce the 
changes in the normalized values. Considering that the networks attributes follow a normal 
distribution, the above statement is valid for the first network, but for the rest, most are in the middle 
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and adjacent to each other. Therefore, a slight change in the normalized value will cause a change in 
the ranking of these networks. Increasing the number of networks only adds to the problem of rank 
reversal, which renders the original TOPSIS unusable in such a scenario. 

In the second simulation, we consider the case where a new network is reachable (adding network) 
and check the rank reversal for the first network. The results are shown in Fig. 5. 

 
Fig. 5. The effect of adding a new network on the best network 

Increasing the number of networks reduces the ratio of rank reversal. All strategies exhibit a 
reduction in the measured ratio compared to the first scenario because the added network does not 
always contain the min or max values, which will have less impact on the normalized values. Norm4 is 
the exception to the above rule and depends on the values of the new network. If one or more of the 
attributes is larger or smaller than the original max/min values, a rank reversal can occur. This effect is 
lessened by increasing the number of networks, which is exactly the behavior of norm1, hence the 
matching results. 

Next, we assess the relation between the number of criteria and the rank reversal probability. We 
use the same setup as the first simulation, except the parameters are weightless. In this scenario, we 
increase the number of parameters from 2 to 10 and change the number of alternatives from 3 to 10. 
The results are presented in Fig. 6 and Fig. 7. 

The original TOPSIS performance is presented in Fig. 6. The number of parameters affects the rank 
reversal ratio in a directly proportional fashion. By considering more parameters in the decision making, 
the chance that the removed network has the highest or lowest value increases. 

Rank reversal is completely eliminated when norm4 is used; the results are presented in Fig. 7. 
Norm4 eliminates rank reversal when networks are only being removed; when new networks are 
added, norm2 should be used to eliminate the phenomenon. 
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Fig. 6. The effect of the number of parameters on rank reversal using the original TOPSIS 

 
Fig. 7. The effect of the number of parameters on rank reversal using norm4 

The last simulation aims to analyze the performance of the fourth proposal. We draw the reader’s 
attention to the fact that there is no practical method that objectively measures the accuracy of an 
MADM algorithm ranking because it is possible that with the same attributes and criteria, two different 
MADM will produce different ranking results. To measure the performance of the fourth proposal, we 
rely on the rank reversal ratio, which is a good indicator of the stability of the initial ranking because a 
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low ratio indicates that the method is less influenced by the inclusion or exclusion of the bottom 
network, meaning that the initial ranking is more reliable. The simulation runs in the same setup as the 
first scenario, and the results are summarized in Fig. 8 (asterisk [*] indicates the removal of outliers). 

 
Fig. 8. The effect of removing outliers on rank reversal ratio 

We can draw the conclusion that the removal of outliers reduces the rank reversal ratio; this effect 
is lessened as the number of networks increases, which could be explained by the way the values are 
chosen in the simulation. We randomly pick values from narrow predefined intervals. The more values 
that are considered, the less outliers there are, but in the real scenario, the result could be different. 
For instance, consider the case where the user is near a network cell edge. The parameters values are 
either too high or too low for that network, which will be identified as an outlier and removed from the 
list of considered networks. In the simulation, we consider the original TOPSIS and norm1 only. Because 
the other normalization methods exhibit low or no rank reversal, we cannot measure their performance 
using the rank reversal ratio. However, it is not meaningless to include this strategy because the aim of 
this strategy is to improve the initial ranking by removing networks that would not have been selected 
but do affect the ranking. Therefore, including the strategy in one of the normalization methods 
(norm2, norm3, and norm4) will provide a stable and more reliable ranking. 

VI. CONCLUSION 
The convergence of handheld multimedia devices with communication devices has created new 

consumer devices that can provide seamless network connectivity in heterogeneous wireless networks 
(HWNs). In such an environment, the major issue is the selection of an optimal network for service 
delivery. 
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MADM algorithms are a popular and widely accepted decision making tool, but they fall short of 
providing a consistent result due to the rank reversal phenomenon. These abnormalities can potentially 
decrease the quality of the results. This paper examines the problem of network selection using TOPSIS 
an MADM algorithms and provides a detailed analysis regarding the causes of the rank reversal. Four 
new normalization techniques are proposed to overcome these shortcomings, and one more approach 
is proposed to enhance the quality of ranking by eliminating networks with extreme parameters’ 
values. To assess the effectiveness of the propositions, simulations are performed, and the results show 
that adopting the new techniques reduces or completely eliminates the ranking abnormalities, both 
when networks disappear and when new networks are discovered, regardless of the number of 
parameters. The results of the last proposition indicate that the technique improves the quality of the 
initial ranking. By combining one of the previous techniques with the last proposition, the result is a 
consistent and more accurate for ranking. In future work, we plan to study the case when qualitative 
parameters are considered and to introduce the propositions to other MADM algorithms, such as SAW, 
AHP and PROMETHEE. The objective of our work is to use two or more available network interfaces 
simultaneously in selection decisions to maximize the system performance by taking advantage of the 
capacities provided by the multi-homing concept: reliability, aggregation bandwidth/load sharing, 
permanent and ubiquitous access, fault tolerance/redundancy, and multi-criteria interface selection. 
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