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Abstract 

In a generic wireless network where the activation of a transmission link is subject to 

its signal-to-noise-and-interference ratio (SINR) constraint, one of the most 

fundamental and yet challenging problem is to find the maximum number of 

simultaneous transmissions. In this thesis, we consider and study in detail the problem 

of maximum link activation in wireless networks based on the SINR model. Integer 

Linear Programming has been used as the main tool in this thesis for the design of 

algorithms. Fast algorithms have been proposed for the delivery of near-optimal results 

time-efficiently.  

With the state-of-art Gurobi optimization solver, both the conventional approach 

consisting of all the SINR constraints explicitly and the exact algorithm developed 

recently using cutting planes have been implemented in the thesis. Based on those 

implementations, new solution algorithms have been proposed for the fast delivery of 

solutions. Instead of considering interference from all other links, an interference range 

has been proposed. Two scenarios have been considered, namely the optimistic case and 

the pessimistic case. The optimistic case considers no interference from outside the 

interference range, while the pessimistic case considers the interference from outside 

the range as a common large value. Together with the algorithms, further enhancement 

procedures on the data analysis have also been proposed to facilitate the computation in 

the solver.   
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Time efficiency, link activation, maximization, optimization, SINR, near optimality, 
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1. Introduction 

In a generic wireless communication system with a number of transmitters and 

receivers, the activation of a link is subject to a signal-to-interference-and-noise ratio 

(SINR) constraint. The SINR constraint depends on both the received power of the link 

as well as the activation of the other links. The problem of the maximum link activation 

amounts to determining the maximum number of wireless links that can transmit 

simultaneously within the network. The problem is rooted in Spatial Time Division 

Multiple Access (STDMA) [2]. It is a fundamental problem in analyzing the capacity of 

the network and is of great importance in designing wireless systems. 

1.1. Background and Motivation 

The problem of maximum link activation has attracted extensive research in recent 

years. Algorithms with a constant approximation guarantee have been proposed in [3, 4] 

under the uniform power assumption. Another constant-factor approximation algorithm 

has been proposed for the general case of variable powers [7]. Optimizing maximum 

link activation with nodes distributed in Euclidean space [5] is Nondeterministic 

Polynomial Hard (NP-hard) even under uniform node power without background noise 

[10]. Exact algorithms have been implemented with the state-of-art solvers to reach the 

global optimality in [1]. However, the Conventional Algorithm (CA) from [1] with 

explicit SINR constraints is numerically difficult due to the significantly varying 

propagation gain values, which leads the optimization to be time-consuming. It has been 

shown in [1] that for a wireless network consisting of more than 80 nodes, the global 

optimality can hardly be achieved within 10 hours of computation.  

The Exact Algorithm by Cutting Planes (EACP) has been developed in [1]. It has 

been shown that the computation time of reaching the global optimality can be 

improved by at least 40%. However, the algorithm still cannot admit the global 
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optimality for larger cases, e.g., for a network consisting of 90 nodes, time scale can be 

days for the algorithm to reach the global optimality. In those cases, a bounding interval 

confining the optimum value can be provided as an estimation of the global optimality 

[1].  

Based on the discussion above, designing algorithms for computing a tighter 

bounding interval confining the optimum value time-efficiently are highly valuable. 

Furthermore, considering the fact that signal from far away links contributes little to the 

interference, non-significant interference can thus be ignored during the calculation of 

the SINR. This can potentially decrease the solution time significantly, and meanwhile, 

a near-optimal solution can still be found.   

1.2. Thesis Overview 

The aim of this thesis work is to design time-efficient solution algorithms for the 

maximum link activation problem for wireless networks with arbitrary topology and 

propagation [1, 3]. An implementation is applied for CA and EACP proposed by [1] 

using the latest optimization solver Gurobi Optimizer. By investigating the time-

efficiency aspects of the optimization process during the implementation, various near-

optimal solution algorithms are developed by neglecting the non-significant interference 

or accounting for the pessimistic-case impact. The significant interference for each link 

has been defined by an interference range which is expressed as the percentage of the 

largest interference links over all interference links. Interference from links outside this 

range is neglected or accounted in its pessimistic case. We have used different 

percentages to define the interference range. Trade-offs between solution accuracy and 

time efficiency at various interference ranges are discussed.  

1.3. Thesis Objectives 

 Implementation of algorithms from [1] by using Gurobi Optimizer along with 

investigating the time-efficiency aspects of the optimization process. 

 Develop solution algorithms for the optimistic case by neglecting the non-

significant interference for each link outside an interference range. 

 Develop solution algorithms for the pessimistic case by accounting the worst 

interference for each link outside an interference range. 
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 Consider time efficiency as the primary factor while developing solution 

algorithms. 

1.4. Thesis Outline 

The thesis consists of the following chapters: 

 

Chapter 1 introduces the background and motivation of this thesis work together 

with the thesis overview and objectives. 

Chapter 2 provides a literature overview of the optimization theory with the 

introduction of the commonly used methods and solver information. 

Chapter 3 implements algorithms from [1] by using Gurobi Optimizer along with 

investigating the time-efficiency aspects of the optimization process.  

Chapter 4 develops time-efficient solution algorithms based on two aspects at a 

given interference range: neglecting the non-significant interference and accounting for 

the pessimistic-case impact, respectively. 

Chapter 5 compares the results and the computation performance of the time-

efficient solution algorithms with results from [1]. 

Chapter 6 concludes the thesis and gives an overview for future work. 
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2. Optimization Theory 

This chapter provides a literature overview of the optimization theory together with 

a discussion of the commonly used optimization methods and solvers. 

2.1. Basic theory 

Optimization problems can be defined as to find the best solution from a set of 

constraint-satisfied alternatives. From mathematical point of view, optimization can be 

defined as to study how to reach the global optimum point in a space. In plain terms, 

optimization is a study of problems that ask for a maximal or minimal value of a 

specific objective function with corresponding constraints.  

According to the objective function and constraints, optimization problems can be 

classified into Linear Programming (LP) and Non-Linear Programming (NLP). If the 

objective and constraint functions of a problem are linear, it is called an LP problem. 

For NLP problems, its objective functions or constraints are non-linear. LP is widely 

applied in transportation, telecommunication, etc [18].  

Moreover, based on the types of variables, LP can be classified into Integer Linear 

Programming (ILP) and Mixed Integer Linear Programming (MIP). ILP is an LP with 

all the variables restricted to be integers. For MIP problems, only some of the variables 

are required to be integers. 

Optimization problems can be represented as mathematical models such as [17]: 

 

      ( )                                                                             

 S.t.     ( )                ,               (E.q 2.1) 
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The equations above formulate a maximization problem with the decision variable  . 

The solution space is defined by the constraints of E.q 2.1. If we require   and   to be 

linear, the above model is an LP model. If we further require   to be integer, then the 

model is an IP model.  

For the same problem, there exist different formulations but with different 

performance. Generally speaking, we consider both the solution delivered as well as the 

time efficiency when we design a mathematical model.  

In this thesis work, MIP model is applied for maximizing the number of active links 

in a wireless network. Both the validity of the solution and the time efficiency have 

been discussed. 

2.2. Complexity 

A decision problem is a problem with yes-or-no answer depending on the values of 

the input parameters, e.g., “Given two numbers x and y, is x divisible by y?”. Depending 

on the values of x and y, the answer of this problem can be either „yes‟ or „no‟. 

According to the time complexity and efficiency of solving an optimization problem, 

problems can be classified into: Nondeterministic Polynomial (NP), Polynomial (P), 

Nondeterministic Polynomial Complete (NP-C), and NP-hard. If a certificate of the yes-

answer to the decision problem can be checked in polynomial time, this problem is NP. 

P represents decision problems for which there exists an exact polynomial time 

algorithm. NP-C represents the most difficult NP-problems. NP-hard problems are at 

least as difficult as NP-C problems but not necessarily in NP. The figure 2.1 below 

sketches the relation between NP, P, NP-C and NP-hard problems. 

  

Figure 2.1 Relation between NP, P, NP-C and NP-hard problems. 

Many combinatorial problems have been shown to be NP-C. Examples include 

traveling salesman, knapsack problem, vertex coloring, clique and set covering, etc. 

[11].  
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The problem of maximum link activation belongs to NP-hard problems [1, 5]. We 

develop both mathematical models and solution algorithms to deliver optimal or near-

optimal solutions time-efficiently. 

2.3. Commonly used methods 

We list below some of the commonly used methods for solving combinatorial 

optimization problems. Proper combination of these methods can potentially boost the 

computation and shorten the computation time to achieve optimal or near-optimal 

solutions. However, the performance depends on the design of the solution algorithms. 

2.3.1. Bounding 

Bounding is an important tool in optimization [22]. It can be used to compute a 

lower bound (LB) or an upper bound (UB) of the optimal solutions. Combinatorial 

optimization problems are generally hard to solve. In the case when the global 

optimality cannot be reached, heuristic methods can be used to find the LB or UB. The 

optimal value will fall into the interval between the LB and UB. This interval is usually 

referred to as a bounding interval and can be used to estimate the final optimal solution 

for the problem. 

2.3.2. Relaxation 

Relaxation is a method to make a simpler version of the combinatorial optimization 

problems considered. This method ignores or modifies some of the constraints so that 

the optimal solution is reachable. Moreover, objective functions can also be modified 

while applying the relaxation. A relaxation which provides tighter bound is a strong 

relaxation. However in general, solving a weaker relaxation saves more time than 

solving a stronger one, although the weaker relaxation usually provides with a less tight 

bound. 

2.3.3. Cutting planes 

The cutting-plane method is an umbrella term which by means of applying linear 

inequalities iteratively to refine the search space [14, 15]. It has been widely used to 

find solutions for MIP problems.  

If the LP problem has an optimal solution, and the feasible region does not contain a 

line, an extreme point or a corner point can always be found to be the optimal solution 
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[8]. If this obtained point is not an integer solution, there must be a linear inequality 

(also called valid inequality) that can be used to cut out this point without cutting out 

any integer solutions from the solution space [14, 15]. With this in mind, ILP problem 

can be solved in its LP version by continuously adding valid inequalities. An illustration 

of the cutting-plane method is shown as Figure 2.2 [17]. 

 

Figure 2.2 The cutting-plane method [17]. 

2.3.3.1. Cover Inequalities 

There are various types of valid inequalities such as linear inequalities, variational 

inequalities and cover inequalities, etc [18]. We discuss the cover inequalities here as 

we will apply this inequality for solving the maximum link activation problem.  

Cover inequalities is an example of the general cutting-plane method. It is 

introduced based on the 0/1 knapsack problems [21]. The knapsack problem is a 

combinatorial optimization problem. It can be described as: Given a set of items with 

their own weights and prices, determine the count of each item so that the total weight is 

less than or equal to a given limit and the total price is as much as possible. If each item 

can be only counted as 0 or 1, the problem is known as the 0/1 knapsack problem [20]. 

A cover is a set of items whose sum of weights exceeds the given weight limit W, 

e.g., ∑        , where   denotes the cover set,    is the weight of item i. If removing 

any item from the cover set results in a set within which the sum of weights does not 

exceed W, the cover is minimal. Obviously we cannot pack all items in the minimal 

cover set   into the knapsack, therefore the maximum number of items of this set in the 
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knapsack is | |   , e.g., ∑    | |      , where    is a binary which denotes if item 

i is packed or not. This inequality is called a cover inequality. 

2.4. Solver 

Optimization software such as LINDO, CPLEX, MINOS, etc., are widely used in 

solving mathematical optimization problems. 

This paper uses Gurobi Optimizer as the implementation solver for MIP problems. 

Gurobi Optimizer is developed by Zonghao Gu, Edward Rothberg and Robert Bixby, 

2008 [17]. It is one of the most advanced LP, QP (Quadratic Programming) and MIP 

solvers. Gurobi is written in C and provides with interfaces for the most commonly used 

programming languages such as Python, C++, Java, MATLAB and so on. The recent 

version of Gurobi Optimizer provides with multi-core support [17]. In this thesis, we 

use a MATLAB interface from Gurobi Optimizer, namely Gurobi Mex [16], for the 

implementation of our solution algorithms.  

Gurobi Optimizer allows users to modify solver behaviors during the optimization 

through callback functions. This gives the user full flexibilities such as terminating the 

optimizer at an earlier convenient point, setting an initial feasible solution or partial 

solution, adding cutting planes during the solution, etc.  
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3. Exact Algorithms 

Based on the exact algorithms CA and EACP from recent research [1], 

implementation is carried out by using the latest optimization software Gurobi 

Optimizer. We describe in detail of the algorithms in this chapter and study their time-

efficiency aspects. 

3.1. Introduction 

Simultaneous parallel transmissions in a wireless network can be considered as 

various single transmissions with interference against each other. According to the link 

activation primary conflict constraint in [4], a node in a multihop mesh network can be 

either sender or receiver, but not both. This indicates that if node i is transmitting to 

node j, i cannot transmit to any other node. The same applies to receivers, e.g., the 

receiver j could not receive from any nodes other than i. Also, to establish a link in an 

interference free environment, node i can send data to node j if and only if the Signal-to-

Noise Ratio (SNR) at j satisfies 
     

 
   [1], where    is the transmit power of i,     is 

the total propagation gain between node i and j, η is the noise effect, and γ represents the 

SNR threshold.  

However, when multiple links are active simultaneously, interference between the 

concurrent transmissions has to be considered. In such cases, SINR instead of SNR 

should be used to decide whether a link can be established, e.g., 
     

∑            * +
  , 

where I denotes the set of active senders. Interference ∑      consists of all concurrent 

transmissions other than the link (   ) itself.  

In the following, we formulate the optimization problem as a maximization problem 

with the objective function as the number of concurrently active links. The constraints 
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of the problem are the ones discussed above. Moreover, a bounding interval with LB 

and UB (which can also be expressed as [LB, UB]) is used to describe the optimization 

performance when the global optimality cannot be achieved within a specific 

computation time limit. 

3.2. Conventional Algorithm 

We use a binary variable     to denote if node i is transmitting to node j. If the 

transmission is active,      , otherwise,        This indicates if the link (   ) is 

active or not. The binary variable    denotes if node i is transmitting. The global optimal 

value is represented by   , e.g., the maximum number of active links. Set V represents 

the node set of the network. Set A is the collection of links which can be active without 

interference. With the denotations above, CA can be represented as Model_CA below 

[1]. 

[Model_CA]          ∑    (   )               (1) 

∑        (   )   ∑        (   )        ,       (2) 

∑        (   )         ,            (3) 

            (     )   (∑             ) (   )   ,  (4) 

    *   + (   )   ,               (5) 

   *   +    .             (6) 

The objective function (1) represents the number of maximum active links. 

Constraints (2) denote that a node is either a sender or a receiver. Constraints (3) forces 

    to be 1 if any link originated from node i is active. Constraints (4) are reformulations 

of the SINR requirement. If a link (   ) is active, e.g.,      , constraints (4) for link 

(   ) represent the original SINR requirement. If      , the constraints can always be 

satisfied by a sufficiently large value    . This vector M is known as the big-M vector 

in integer programming. Theoretically, M can be an arbitrarily large number. However, 

depending on the problem property, a smaller but sufficient value can always be found. 
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In this case, we set      to be equal to the right-hand side of constraints (4) with       

for all the links other than i. Doing this gives us the minimum value of    .  

Model_CA is straightforward. However, during the implementation, the continuous 

relaxation is very weak due to the large value    . The varying gain values of g in 

constraints (4) also cause a numerical difficulty to the solver. In order to avoid this kind 

of numerical issue [16], we scale both sides of constraints (4) by     times to set them 

on a balanced numerical level. Otherwise the solver will neglect the extremely small 

decimal and give an inaccurate solution [17]. 

3.3. Exact Algorithm by Cutting Planes 

For NP-hard problems, we can use several methods such as heuristic, bounding, 

relaxation, cutting-plane methods, etc. [9] to help solving the problem. The cutting-

plane method has been utilized in EACP proposed in [1]. EACP first reformulates CA 

by substituting the big-M constraints with cover inequalities. Then, instead of solving 

the new model in its complete form, EACP solves the model in its relaxed version 

repeatedly with adding knapsack cover inequalities generated by the SINR-violated 

links from each iteration. 

It is worth mentioning that besides the core iteration, EACP applies further 

enhancement procedures for strengthening the search efficiency. Thus, EACP not only 

eliminates the numerical difficulties in Model_CA but also improves the computation 

time. We describe EACP in details in the following section. 

3.3.1. Cover inequalities 

If a link (   )  is active, the SINR constraints (4) can be reformulated to 

∑              as a knapsack constraint [1], where     denotes the interference from 

senders other than i :          ,        . The right-hand side of this knapsack 

constraint     
     

 
  . For a link (   ) , a set      * +  is called a cover if 

∑           . Then a cover inequality according to this cover set can be generated, 

e.g.,  ∑    | |      . This cover inequality indicates that at most | |    links in set 

  can be active simultaneously if link (   ) is active. Thus, the basic form of the SINR 

cover inequality ∑    | |         can be used instead of the constraints (4) in 

Model_CA if all cover sets can be found.  
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By integrating all cover inequality constraints, we obtain a new model 

Model_EACP without numerically difficult coefficients [1]: 

[Model_EACP]           ∑    (   )                                              

s.t.    (2), (3), (5), (6) 

         ∑    | |          (   )         ∑           .       (7) 

Even though Model_EACP does not contain any numerically difficult gain values 

or big-M, it cannot be solved in its complete form since the number of constraints in (7) 

will grow exponentially. Therefore, instead of solving Model_EACP directly, we 

design search procedures by solving the relaxed version repeatedly. 

3.3.2. Relaxation 

First, the simplest form of (7) can be generated by considering only one node in set 

  for each link.  Therefore the constraints (7) in Model_EACP can be reduced to: 

         (   )                  .                                   (8) 

Solve Model_EACP in its relaxed form to the optimality with the constraints (8) 

instead of (7) will obtain us an UB of   . The    of the original problem will not exceed 

this UB. 

3.3.3. Cutting planes 

 Among all the active links from the relaxed model there are some links which 

cannot satisfy the SINR requirement. In other words, some links cannot be active 

simultaneously with the rest links in this solution if original SINR constraints are 

considered. Finding out these SINR-violated links could help us identifying valid 

inequalities of type (7) which will be used to append the model for further iteration. 

Then the model is re-solved with the added valid inequalities and gives a new solution 

which might again contain SINR-violated links. Thus, during the iteration, every time 

the solver gets an SINR-infeasible solution, new valid inequalities are added to the 

model. Therefore, the number of constraints in Model_EACP is foreseen to grow with 

iteration.  
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Besides the valid inequality in its basic form (7), we further strengthen the inequality 

by using the so called minimum cover inequality. The idea is, for link (   ) and a cover 

set  , to find the minimum number of active links in set   so that link (   ) has its 

SINR-violated. 

Suppose ∑              * + , for a SINR-violated link (   ) in the current solution, 

we pick the minimum number of interfering nodes before the sum exceeds    . Doing so 

amounts to accumulating the interference     following their descending order until the 

sum exceeds    . By doing this, we can obtain the minimum cover for each SINR-

violated links in the current solution. We use set K to represent the minimum cover. The 

valid inequalities generated from the SINR-violated links can be strengthened as 

∑    | |         [1], where link (   )  is the SINR-violated link in the current 

solution.  

Besides the above procedures, the following additional procedures are applied in 

order to further speed up the computation. 

3.3.4. Link Removal 

A Link Removal procedure is applied based on the solution from each iteration to 

obtain an LB of    . In order to achieve the LB, we check the SINR for each link (   ) 

in the relaxed solution.  For the SINR-violated links, we compare their interference to 

all remaining links and subsequently remove the one causing the largest interference. 

Then the SINR of the rest links are updated for the next round of the SINR check. This 

procedure repeats until all the remaining links are SINR-feasible.  

Combining with the UB that we obtained from the relaxed solution, we know that    

is between the interval [LB, UB]. This bounding interval can be updated during each 

iteration. It can be used for the estimation of    when the global optimality cannot be 

reached within a time limit.  

3.3.5. Link Elimination 

With a valid LB we attempt to find some links which cannot be active in the global 

optimum solution. Thus, we can set their related variables       in the model. Doing 

this can speed up the computation significantly. The following part describes the details 

of identifying the links that can be eliminated during iteration. 
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For each link (   ) in set A, sort all other links with their interference to (   ) in 

ascending order. Accumulate the interference following the sorted sequence from the 

first link to the (LB-1) th link. If the sum exceeds    , this link (   ) can be eliminated. 

The reason is that if link (   ) could not be active simultaneously with the LB-1 links 

having the smallest interference,    cannot reach the value of LB if link (   ) exists in 

the optimum solution. As we already know that    is at least LB, link (   ) will not 

appear in the final optimal solution.  

3.3.6. Big-M constraint Integration 

It is noticed that some links appear frequently with SINR-violated in the solution 

given by the solver after each iteration. To speed up the solver, we add the big-M 

constraints (4) into the model for those links. In this thesis, we add the big-M 

constraints (4) for the links that consecutively violate the SINR requirement for more 

than 3 times.  
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3.3.7. Algorithm summary 

 

Figure 3.1 An illustration of EACP. 

 

A demonstration of EACP is summarized as Figure 3.1. Our aim is to find a 

maximum value of SINR-feasible links. It equals to find the largest value of LB. Thus, 

every time the solver finds an LB larger than the previous one, we update the LB. 

EACP is a loop with repeatedly introducing new valid inequalities during each 

iteration. The solver will spend tremendous time if we require optimality in every 

iteration. In order to save that time, we first set the solution corresponding to the LB 

each time as an initial solution for the next round of re-solving the model. This can be 

done by the Gurobi Start parameter [17]. Then we use the parameter               

  [17] to set the solver to stop when it finds a solution value       . So, each time 

the solver will start from the initial solution based on the current LB and try to find a 

new solution with the result value larger than LB. The solver stops if a better solution 
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with objective value L is found. In the case no solution with L exists, the solver already 

solves this model to the optimality. This indicates that the solution with the objective 

value LB is the global optimum solution. 

Furthermore, the UB cannot be updated by the solution from each round of re-

solving the model since the model of each iteration is not solved to the optimality yet. 

However, a new UB can be updated by the best objective [17] from the solver when it is 

smaller than the previous one. 

3.3.8. Time-efficiency aspects 

 

 

Figure 3.2 A comparison of computation times with and without the additional procedures. 

 

We conclude this chapter by showing the improvement of applying the additional 

procedures discussed above. Figure 3.2 shows that the computation time has been 

largely improved by applying the additional procedures of Link Removal, Link 

Elimination and Big-M constraint Integration. 
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4. Time-efficient solution algorithms 

Comparing to CA, the computation time required for reaching the global optimality 

has been greatly improved by EACP [1]. However, for a wireless network consisting of 

a larger number of links, the computation of    is still time-consuming. It has been 

shown in [1] that for the network consisting of 90-100 nodes, the global optimality 

cannot be reached after 5 hours of computation except one case. Therefore, solution 

algorithms that consider the trade-off between time efficiency and solution accuracy are 

proposed based on EACP. 

4.1. Introduction 

For nodes in a wireless network, the gain parameter of the transmission is related to 

the distance between the sender and receiver. The signal from far away links contributes 

little to the interference. Based on this, we specify an interference range for each link 

(   ) over the whole network. By neglecting the interference from outside the range or 

accounting for its pessimistic-case impact, the computation performance can be 

potentially improved, and meanwhile, near-optimal solutions can be achieved. However, 

the accuracy of the solution will depend on the network itself and the definition of the 

interference range.  

We specify the interference range for one receiving node from 10% to 100% of the 

whole network area centered at the node itself. The interference range of 100% 

represents the original problem of EACP. An illustration of interference range is shown 

in Figure 4.1. 
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Figure 4.1 An illustration of interference range. 

4.2. Optimistic case 

The optimistic case considers neglecting the interference from outside the given 

range for each link (   ). The interference range is applied in all procedures of EACP. 

The SINR requirement is modified, e.g., 
     

∑            * +
  , where   denotes the set of 

senders inside the given range. This modified SINR is used for checking the feasibility 

of the solutions from each iteration.  

The results of the optimistic case are shown in Table 4.1. The results of range 100% 

represent the results for the original problem of EACP (   ). By neglecting the 

interference outside the interference range for all links, the computation time can be 

potentially improved. The details of the network parameters and the computation time-

efficiency aspects are discussed in Chapter 5. 

Table 4.1 Results of the optimistic case. 

Network 50Nodes 60Nodes 70Nodes 80Nodes 90Nodes 100Nodes 

Range (50N_1) (60N_1) (70N_1) (80N_1) (90N_1) (100N_1) 

10% 14 18 19 22 25 27 

20% 12 17 18 20 22 22 

30% 12 16 17 20 22 22 

40% 10 15 17 19 22 22 

50% 10 15 17 19 21 22 

60% 10 15 17 18 21 22 

70% 10 15 17 18 21 22 

80% 10 15 17 18 20 22 

90% 10 15 17 18 20 22 

100% 10 14 17 18 20 22 

 

Sender  

Receiver 

Active Link 

Interference 
from other active 

senders 
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j 
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As shown in Table 4.1, when a smaller interference range is applied, more links can 

be active simultaneously. These results give us an UB for   . 

4.3. Pessimistic case 

We define the worst interference by the largest total interference from outside the 

given range among all links, e.g., ∑           * +
   (   ), where    is the set of all 

senders outside the range of node i. This worst interference is accounted as the total 

interference from outside the interference range for each link.  

The pessimistic case considers accounting the worst interference impact. 

Theoretically, less number of links can be active simultaneously comparing to   . We 

show the results of the pessimistic case in Table 4.2. By accounting the same worst 

interference for all links, computation time can be potentially improved. We will 

discuss the computation time-efficiency aspects in the next chapter. 

Table 4.2 Results of the pessimistic case. 

Network 50Nodes 60Nodes 70Nodes 80Nodes 90Nodes 100Nodes 

Range (50N_1) (60N_1) (70N_1) (80N_1) (90N_1) (100N_1) 

10% 2 6 7 8 10 13 

20% 4 8 8 12 12 16 

30% 5 9 8 13 13 17 

40% 6 10 12 13 15 17 

50% 7 10 12 15 16 18 

60% 7 10 12 15 18 20 

70% 7 11 15 15 18 20 

80% 8 11 15 15 18 20 

90% 8 11 15 17 19 21 

100% 10 14 17 18 20 22 

 

It can be seen from Table 4.2 that applying smaller interference ranges results in less 

active links. The pessimistic case provides us with an LB of   . Combining it with the 

results we obtained from the optimistic case, a bounding interval for    becomes 

available. 

4.4. A heuristic algorithm 

A heuristic algorithm is developed based on the optimistic case. The quality of the 

result for this algorithm cannot be guaranteed. This heuristic algorithm only applies the 

interference range in the procedures Big-M constraint Integration and Link Elimination 
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of EACP. For the procedure Link Elimination, we only accumulate the interference 

inside the given range from the first LB-1 links following an ascending sequence. 

Meanwhile, interference range is applied to the added big-M constraint.   

Due to that accumulated interference only comes from links inside the given range 

for a link (   ), it becomes more likely that     becomes exceeded. Therefore, a link that 

could be active might be eliminated. In contrast with the optimistic case in Section 4.2, 

the resulting values of the heuristic algorithm may be less than   . However, it 

eliminates more links from the search space during the iteration which significantly 

improves the computation performance. We will discuss about the time-efficiency 

aspects in detail in the next chapter. Table 4.3 shows the results of the heuristic 

algorithm. 

Table 4.3 Results of the heuristic algorithm. 

Network 50Nodes 60Nodes 70Nodes 80Nodes 90Nodes 100Nodes 

Scope (50N_1) (60N_1) (70N_1) (80N_1) (90N_1) (100N_1) 

10% 2 10 5 8 11 9 

20% 6 11 14 16 19 21 

30% 9 13 15 17 19 22 

40% 9 13 16 18 20 22 

50% 10 14 17 18 20 22 

60% 10 14 17 18 20 22 

70% 10 14 17 18 20 22 

80% 10 14 17 18 20 22 

90% 10 14 17 18 20 22 

100% 10 14 17 18 20 22 

 

From the results we can see that at the interference range from 50% to 90%, the 

numbers of maximum active links are the same with   . This indicates that the heuristic 

algorithm provides optimal results at the interference range larger than 50%. On the 

contrary, applying a smaller range causes a larger difference to   . 

The optimal performance with interference range larger than 50% indicates that this 

solution algorithm does not exclude any feasible solution. We study the interference 

characteristic of the network to find out the reason behind this. 

We show in Figure 4.2 the characteristic of interference distributions for links within 

the networks by sorting the interference values to a link in ascending order. As most of 

the links follow a similar distribution, we simply plot for two links from two randomly 

chosen network instances. 
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Figure 4.2 Interference distribution of a link. 

From Figure 4.2 we can see that the interference from other senders to a link follow 

a trend that most of the interference grows in a flat curve and the rest little interference 

grows exponentially. Among all the senders within the network, approximately 50% of 

the other senders cause little interference to the link (less than      ). Whereas this 

partially explains that when we identifying links for elimination by accumulating the 

interference from inside the 50% range, it does not eliminate more links comparing to 

the original algorithm. 
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5. Performance evaluation 

We use the same network instances in paper [1] for the evaluation of our algorithms. 

These network instances consist of 50-100 nodes. All the parameters remain the same to 

facilitate the comparison.  

The experimental setting is specified below. 

 Nodes are randomly placed on a square are of 100   ,  

 Gain parameter is set by        
   where    is the distance between sender i 

and receiver j,  

 SINR threshold     ,  

 Noise effect         W,  

 Uniform transmit power for all nodes        W. 

5.1. Comparison between algorithms 

We compare the computation performance of CA and EACP by using Gurobi 

Optimizer (version 4.5.2 [17]) with its default options except that the number of 

processing cores is set to 1 [1]. The computation time limit is set to be 5 hours.  

The computation time required for reaching global optimality together with the value 

of    are shown in Table 5.1 and Table 5.2. The time values are specified in seconds. 

The tables also show the total number of links for each network instance. For those 

cases where global optimality is not reached within 5 hours of computation, bounding 

intervals are shown instead. 
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Table 5.1 Computation time required for reaching global optimality by using Gurobi Optimizer (1). 

Network Links    CA EACP 

50N_1 276 10 8 9 

50N_2 280 11 8 3 

50N_3 266 10 11 12 

50N_4 288 12 8 6 

50N_5 306 11 15 20 

60N_1 404 14 268 41 

60N_2 412 14 69 15 

60N_3 408 14 243 11 

60N_4 442 15 239 15 

60N_5 408 14 94 14 

70N_1 588 17 3803 121 

70N_2 630 16 2715 827 

70N_3 610 17 2040 64 

70N_4 560 16 4231 23 

70N_5 644 16 6043 45 

 

Table 5.2 Computation time required for reaching global optimality by using Gurobi Optimizer (2). 

Network Links    CA EACP 

80N_1 732 18 8539 747 

80N_2 826 16 [16,22] 3865 

80N_3 800 17 13208 1285 

80N_4 708 19 13680 404 

80N_5 736 18 17038 78 

90N_1 1074 20 [20,33] 2150 

90N_2 916 22 [22,31] 527 

90N_3 992 21 [21,27] 528 

90N_4 1072 20 [20,33] 4322 

90N_5 978 19 [19,30] 3898 

100N_1 1058 22 [22,37] 7508 

 

Table 5.1 shows that for the networks consisting of 50-70 nodes, EACP provides a 

better computation performance than CA. Both algorithms can reach the global 

optimality within the time limit. 

Table 5.2 shows that for the networks consisting of 80-100 nodes, CA cannot reach 

the global optimality within 5 hours of computation except for a few cases. However, 

EACP can reach the global optimality in all cases. 

Combining the results in Table 5.1 and Table 5.2, we can conclude that EACP can 

improve the computation performance significantly for reaching global optimality. 
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5.2. Comparison between solvers 

We also compare the computation performance provided by using Gurobi Optimizer 

(version 4.6.1 [17]) with the results obtained by using CPLEX (version 10.1) [1]. For 

CA, a comparison of the computation time required for reaching global optimality is 

shown in Table 5.3. 

Table 5.3 Computation time of CPLEX and Gurobi for reaching global optimality for CA. 

Network CPLEX Gurobi Network CPLEX Gurobi 

50N_1 43 8 70N_1 4161 3803 

50N_2 43 8 70N_2 10071 2715 

50N_3 39 11 70N_3 16333 2040 

50N_4 37 8 70N_4 6682 4231 

50N_5 37 15 70N_5 2751 6043 

60N_1 502 268 80N_1 >10 hours 8539 

60N_2 758 69 80N_2 >10 hours >5 hours 

60N_3 947 243 80N_3 26163 13208 

60N_4 318 239 80N_4 >10 hours 13680 

60N_5 112 94 80N_5 >10 hours 17038 

 

Table 5.3 shows that for the networks consisting of 50-80 nodes, the computation 

performance for CA is better by using Gurobi Optimizer. For networks consisting of 90-

100 nodes, the global optimality cannot be reached by either CPLEX or Gurobi within 

the time limit. We show the bounding interval after 5 hours of computation for 

comparison, see Figure 5.1. 

 

          Figure 5.1 Comparison of bounding interval obtained by CA. 

 



5. Performance evaluation 

 25 

It can be seen that for the networks consisting of 90-100 nodes, CPLEX provides a 

tighter bounding interval except one case for the 5 hours‟ computation.  

Table 5.4 Computation time of CPLEX and  Gurobi for reaching the global optimality for EACP. 

Network CPLEX Gurobi Network CPLEX Gurobi 

50N_1 26 9 70N_1 126 121 

50N_2 13 3 70N_2 63 827 

50N_3 7 12 70N_3 196 64 

50N_4 3 6 70N_4 136 23 

50N_5 5 20 70N_5 546 45 

60N_1 55 41 80N_1 815 747 

60N_2 24 15 80N_2 11252 3865 

60N_3 13 11 80N_3 4268 1285 

60N_4 1 15 80N_4 420 404 

60N_5 10 14 80N_5 1763 78 

 

For EACP, the computation time required for reaching the global optimality is 

compared in Table 5.4. For networks consisting of 90-100 nodes, a comparison of 

bounding interval is shown in Figure 5.2 with 5 hours‟ time limit. 

 

Figure 5.2 Comparison of bounding interval obtained by EACP. 

 

Figure 5.2 shows that for EACP, the global optimality cannot be reached by using 

CPLEX after 5 hours of computation except for one case. However, the global 

optimality can be reached by using Gurobi Optimizer within the same computation time 

limit. Results from Table 5.4 and Figure 5.2 show that for EACP, generally the Gurobi 

Optimizer provides a better computation performance than CPLEX. 
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5.3. Performance of the optimistic case 

The performance of the optimistic case is shown in Figure 5.3. The accuracy is 

denoted by the deviation percentage from   . The speed-up factor is relative to the 

computation time for reaching the global optimality for the original algorithm EACP.  

 

Figure 5.3 Performance of the optimistic case. 

 

Judging from Figure 5.3, applying a smaller interference range provides a better 

computational performance than applying a larger one. However, it will result in lower 

accuracy. Moreover, it is shown that the computation of the optimistic case is at most 

2.5 times faster than the original algorithm EACP. The results obtained from this case 

deviates less than 25% from   . 

5.4. Performance of the pessimistic case 

 

 

Figure 5.4 Performance of the pessimistic case. 
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The performance of the pessimistic case is shown in Figure 5.4. It shows that for the 

pessimistic case, applying a smaller interference range results in lower accuracy. 

However, it will provide a better computational performance. Moreover, the 

computation of the pessimistic case is at least 1.8 times faster than the original 

algorithm EACP. The results obtained from this case deviates at most 57% from   . 

Comparing to the results of the optimistic case, the pessimistic case generally provides a 

better computational performance but lower accuracy. 

5.5. Performance of the heuristic algorithm 

The accuracy and computation speed-up factor by the heuristic algorithm compared 

to the original algorithm EACP is plotted in Figure 5.6. 

 

Figure 5.6 Results of the heuristic algorithm. 

 

Similar trends have been shown as the optimistic case and the pessimistic case. 

Generally speaking, a smaller interference range saves more computation time, but 

provides solutions with a higher deviation from   .  It is worth mentioning that the 

heuristic algorithm reaches 100% accuracy when the interference range is larger than 

50%. The computation of this algorithm is at most 14 times faster than the original 

algorithm EACP. 

Moreover, Figure 5.7 shows the computation speed-up percentage of the heuristic 

algorithm compared to the optimistic case with various interference ranges. 
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Figure 5.7 Computation speed-up percentage by the heuristic algorithm compared to the optimistic 

case. 

 

From Figure 5.7 we can easily find out that the heuristic algorithm provides a much 

better computation performance than the optimistic case. The improvement is at least 

38%. In conclusion, the above results show the effectiveness of the heuristic algorithm. 
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6. Conclusion and future work 

This chapter concludes the thesis and gives indications for future work.  

We have studied a fundamental and challenging problem in wireless networks, 

namely maximum link activation. We have implemented both the conventional model 

with explicit SINR constraints and the recently developed exact model with cutting 

planes. Various procedures have been designed to improve the time efficiency for 

solving the model to optimality. We have demonstrated that with the effective 

inequalities, time efficiency has been improved significantly. For the capacity analysis 

of large-scale networks, we develop solution algorithms for delivering near-optimal 

solutions time-efficiently. We consider an interference range for each of the link.  The 

interference range defines the links from which the interference will be considered 

when evaluating the SINR of each link. We consider an optimistic scenario which will 

give an upper bound for the solution and a pessimistic case scenario which will give a 

lower bound for the solution. Various experiments have been done for the analysis of 

the effectiveness of the solution algorithms. It has been shown that both the optimistic 

case and the pessimistic case can provide with tight bound with a reasonable 

interference range definition time-efficiently. Moreover, a heuristic algorithm based on 

the optimistic case has been proposed which improves the time efficiency even more. 

And it has been shown the same global optimality can be reached as the exact 

algorithms when interference range is larger than 50%, while the time needed for the 

solution is greatly reduced. 

One of the future works is to implement the time-efficient algorithms by using the 

callback function in Gurobi Optimizer. This will give more flexibility for the design and 

implementation of the algorithms, which can potentially achieve more time-efficiency 

improvement. Another future work can be to considering this problem under multiple 
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transmit power level assumption. By tuning the transmit power for different senders, the 

number of maximal active links can also be increased. 
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