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1 Introduction  

Nowadays, solid waste management (SWM) has become a serious environmental issue affecting many cities, 

particularly the developing economies. It comprises of six operational phases: The generation, collection, transport, 

handling, value retrieval, and succeeding disposal. Any of these processes without proper design can lead to higher 

operational costs and risk environmental contamination or degradation (Kyessi & Mwakalinga, 2009). For instance, 

the assortment and transportation procedure alone are responsible for 60–80% for the overall cost of solid waste 

management (Siddam, 2012). Indeed, collection is the most crucial decision and costly aspect due to workload intensity 

and the massive use of trucks in the collection process (Beliën et al., 2014). In many instances, it is expected that a 

higher percent of the funds allocated for municipal solid waste management will be spent on solid waste collection 

activities. 

Management stakeholders will be considerably concerned by ineffective solid waste collection and disposal. Diverse 

factors, including environmental, economic, technical, regulation, and political issues, need to be reckoned with, such 

as, construction of efficient vehicle routes for the collection process, truck allocation to the disposal facilities, the 

expansion of the current landfill or the provision of new landfills. In the past, solid waste collection was carried out 
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 A B S T R A C T 

The residential waste collection problem has over the past decade, received 

considerable attention in the literature of the travelling salesman problem. The 

adverse effects of residential waste include environmental degradation and health 

risks caused by the daily waste quantities generated by the population. A major 

challenge faced by authorities in waste management is designing an efficient 

routing system for waste evacuation. Hence, there is an increasing trend towards 

developing a waste collection routing system that is capable of addressing the 

different requirements, such as tour scheduling, fuel consumption, and overall 

travel cost. In this paper, we formulate the waste collection routing problem as a 

classical TSP. To solve the model, a well-known population based metaheuristic 

algorithm, namely, firefly-based algorithm is proposed. We considered the FA 

based algorithm at the expense of other metaheuristics due to ease of 

implementation, less computational time, minimal user defined parameters, and 

having successfully applied for solving many difficult locations and routing 

problems. Our approach applies benchmark datasets to solve the TSP, followed by 

an investigation of the waste collection routing problem across two layout designs 

in Damaturu Metropolis, Nigeria. The results indicate that the firefly-based 

approach provides the minimum total traveled distance compared to the considered 

approaches in this study. Further, for the real instance, the proposed algorithm  

yields 32% and 38% savings in travel cost, respectively.  
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manually without analyzing demand and truck drivers were solely involved in the construction of vehicle routes. 

However, nowadays with the rapid urbanization and population growth of many cities, the importance of having 

efficient collection system cannot be over-emphasized. In addition, due to the difficulty of scheduling, traditional and 

exact methods are unable to provide appropriate solutions (Toaza & Eszterg´ar-Kiss, 2023). Consequently, new 

approaches have been introduced in the literature to settle these complex problems. For instance, residential waste 

collection problems have been studied by Eisenstein & Iyer, 1997; Tung & Pinnoi, 2000; Bonomo et al., 2012; Rabbani, 

et al., 2016; Manoharam, et al., 2021; Thakur, et al., 2024), and others.  

 In the literature, the collection and disposal of solid waste have been mostly studied and formulated either as a vehicle 

routing problem (VRP) or traveling salesman problem (TSP).  

A VRP typically comprises of a set of vehicles, customers, and a depot.  A vehicle starts from the deport, visits a 

number of customers, and ends at the deport while the TSP is defined as a problem of a salesman who needs to visit 

only once of the N given number of cities. That is, the traveling salesman problem desires to optimize people schedules 

on the basis of their trips on the existing or available transportation network. Furthermore, the traveling salesman 

problem concerns the tour of n cities once and exactly once starting from a city and returning to the same starting city 

so that the total distance traveled is the minimum. In fact, it is one of the most studied discrete optimization problems 

(Pepper, et al., 2002; Zhao et al., 2008; Geetha, et al., 2009) and many others. It belongs to the class of NP-hard 

optimization problems (Arora, 1998). Hence, it is difficult to solve especially with large number of cities, it is still very 

popular because aside from it is easy to formulate, it has a large number of applications (Manliguez, et al., 2017). 

Further, the TSP offers the salesman the choice to start from any city but should return to that same city. Also, one 

very crucial consideration is the ability of the salesman to cover the itinerary with minimum travel cost such as time, 

distance etc. Depending on the complexity of the problem, researchers can include some different constraints such as 

the type of vehicle and the number of disposal facilities (Beliën et al., 2014). 

In general, different type of models had been applied in previous studies to solve the VRP and TSP optimally, using 

either mathematical programming or heuristic techniques. Mathematical programming is a technique developed to 

choose the optimal solution from a set of alternatives. Basically, it aims to maximize or minimize the objective function 

by choosing the values of real or integer variables (Beliën et al., 2014). Likewise, a substantial number of prior studies 

pertaining to waste collection vehicle routing problem (WCVRP) had employed the heuristic techniques so as to solve 

the rising issue. Heuristics can be classified into two types: (1) constructive heuristic algorithms, and (2) iterative 

improvement heuristic algorithms. A constructive heuristic algorithm refers to the technique of generating an initial 

solution to the problem stage-by-stage until a viable solution is attained. Meanwhile, the iterative improvement 

heuristic algorithm, which is also known as metaheuristic, denotes a technique of improving an initial solution (Mat et 

al., 2018). Moreover, the metaheuristic algorithms provide a robust family of problem-solving methods created by 

mimicking natural phenomena. Several metaheuristic algorithms are developed for computing diverse forms of 

optimization problem. Some of them are: Genetic algorithm (GA), Tabu search (TS), Bat algorithm (BA), Ant colony 

Optimisation (ACO), Simulated annealing (SA), Evolutionary algorithm (EA), Cuckoo search (CS), Firefly algorithm 

(FA), Particle Swarm Optimisation (PSO), Harmony search (HS) etc. (Thakur et al., 2024) 

In the last decades, many metaheuristic approaches such as genetic/evolutionary algorithms, simulated annealing and 

tabu search have been applied in order to solve TSP (Ouaarab et al., 2014; Farrokhi-Asl et al., 2017; Bouzidi et al, 

2017; Manliguez et al., 2017; Nevrlý, et al., 2019; and Mekamcha et al., 2021; Mishra et al., 2021). Although these 

new techniques might not find an optimal solution, they can find a near-optimal one in a moderate period. Furthermore, 

a myriad of novel algorithms has been introduced making it tedious for academics to select the appropriate technique 

(Toaza & Eszterg´ar-Kiss, 2023). The success of these methods to solve various combinatorial optimization problems 

depends on may factors (Taillard, et al., 2001): Ease of implementation, ability to consider specific constraints that 

arise from practical applications and the high quality of solutions they produce. However, some algorithms can produce 

better solutions to particular problems than others. Therefore, there is no specific algorithm to solve all optimization 

problems. So, the development of new metaheuristics remains a great challenge, especially for tough NP-hard problems 

(Wolpert & Macready, 2002). However, in recent years, there has been an attempt to create a well-established scientific 

framework for solving the TSP. In fact, Reinelt (1991) had compiled over forty (40) input data sets and made it 

available to other researchers through the internet. This has enabled many researchers to develop effective methods to 

solve diverse variations of the TSP, so that one can make comparisons among them and evaluate their effectiveness. 

 In this contribution, a new adaptive algorithm based on Firefly algorithm (FA) has been designed, developed and 

applied to the TSP. The reason why we decided to use a FA based algorithm to solve this specific problem is that FA 
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based algorithms have been widely applied in many constrained optimization problems having very satisfactory results. 

This was one of our main motivations in order to design and apply a FA based algorithm in order to solve effectively 

and efficiently the solid waste collection routing problem (SWCRP). Moreover, the proposed algorithm can also be 

applied to the suburban routing problem. In order to demonstrate the effectiveness and efficiency of the proposed FA 

based algorithm, its performance is compared with several other very effective approaches published in the literature 

that have been applied to the same instance of the TSP (Bouzidi, et al., 2017). Additionally, we calibrated our proposed 

algorithm on a real data set to tackle waste collection problem across two layouts of Damaturu Metropolis, Nigeria.  

The rest of the paper is organized as follows: The materials and methods section describes the problem formulation, 

the dataset and the technique employed to solve the problem. Whereas the retrieved computation results are presented 

and discussed in results and discussion. Lastly, some final remarks on conclusion and several suggestions for future 

work are presented. 

2 Materials and Methods 

2.1. Problem Formulation 

The TSP have been formulated in a variety of ways, and a vast literature is available on this topic. For instance, Dantzig 

et al. (1954) formulated the TSP as a binary integer linear programming problem as follows: Let i = 1, 2…, n be n 

cities, which can be considered as the nodes of a graph. Let 𝑥𝑖𝑗  be the decision variable for connecting city i to city j 

(i.e. an edge of the graph from node i to node j) such that 𝑥𝑖𝑗  = 1 means the tour starts from i and ends at j. Otherwise, 

𝑥𝑖𝑗 = 0 means no connection along this edge. Therefore, the cities form the set V of vertices and connections form the 

set E of the edges. Let 𝑑𝑖𝑗  be the distance between city i to city j. Due to symmetry, we know that 𝑑𝑖𝑗 = 𝑑𝑗𝑖 , which 

means the graph is undirected.  

In this work, we attempted to address the SWCRP by resolving it to a TSP in accordance with some approaches (e.g. 

Beliën et. al., 2014). In other words, we construct efficient vehicle routes for the solid waste collection. In this 

formulation, the cities can be represented as collection points, while the edges represent the Euclidean distance between 

the collection points. Mathematically, the TSP is classically modelled as follows: 

                                  𝑀𝑖𝑛  ∑ 𝑑𝑖𝑗𝑥𝑖𝑗𝑖,𝑗∈𝐸,   𝑖≠𝑗       𝑑𝑖𝑗 = ∞  for all      𝑖 = 𝑗                                     (1) 

                                          s.t       ∑ 𝑥𝑖𝑗 = 1    (𝑖 ∈ 𝑉, 𝑖 ≠ 𝑗)𝑛
𝑗=1                                                      (2) 

                                                    ∑ 𝑥𝑖𝑗 = 1    (𝑗 ∈ 𝑉, 𝑗 ≠ 𝑖)𝑛
𝑖=1                                                       (3) 

                                                    𝑥𝑖𝑗 = 0  𝑜𝑟 1,     (𝑖, 𝑗) ∈ 𝑉                                                           (4) 

                                                    ∑ 𝑥𝑖𝑗 ≤ |𝑆| − 1             (2 ≤ |𝑆| ≤ 𝑛 − 2)𝑖𝑗∈𝑆                             (5) 

The objective function Eq. (1) is to minimize total travel distance. For the traveling salesman problem, the quality of a 

solution is related to the length of the Hamiltonian cycle. The best solution is the one with the shortest Hamiltonian 

cycle. Eq. (2) and Eq. (3) ensure that each collection point is visited exactly once. Eq. (4) is integrality constraints, i.e. 

𝑥𝑖𝑗 = 1, if collection point 𝑗 can be reached from i, otherwise, 𝑥𝑖𝑗 = 0, while Eq. (5) is sub tour elimination constraint. 

it is required that the solution forms a roundtrip n-collection point tour. Without this final constraint regarding a 

roundtrip, the original formulation allows for subtour solutions in which all the cities are no longer connected but split 

into multiple subsets. 

2.2. The Canonical Firefly Algorithm 

Firefly algorithm is an evolutionary metaheuristic algorithm inspired by firefly behaviour in nature (Farahani, et. al., 

2011). Developed by Xin-She Yang 2007, the firefly algorithm has three idealized rules: 

1. All fireflies are unisex, so that one firefly will be attracted to other fireflies regardless of their sex. 

2. Attractiveness is proportional to their brightness, thus for any two flashing fireflies, the less bright firefly will 

move towards the brighter one. The attractiveness and brightness both decrease as distance increases. If there 

is no brighter firefly, movement of the firefly is random. 

3. The brightness of a firefly is affected or determined by the landscape of the objective function. 
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Yang (2010) stated two important issues in FA: The variation of light intensity and formulation of the attractiveness. 

For simplicity, Yang assumed that the attractiveness of a firefly is determined by its brightness, which in turn is 

associated with the encoded objective function. Each firefly has its own specific attractiveness 𝛽, which is judged by 

other fireflies. In addition, the light intensity also depends on the distance from the source. The light is also absorbed 

in the media resulting to varying attractiveness and degree of absorption. If a given medium has a fixed light absorption 

coefficient 𝛾, the light intensity 𝐼 depends on the value of the distance 𝑟 between two fireflies. 

      𝐼 = 𝐼𝑜𝑒−𝛾                                                                                                                               (6) 

 Where 𝐼𝑜 is the original light intensity 

As a firefly’s attractiveness is proportional to the light intensity seen by adjacent fireflies, attractiveness 𝛽 of a firefly 

is now defined by 

      𝛽(𝑟𝑖𝑗) = 𝛽𝑜𝑒−𝛾𝑟2
                                                                                                                   (7) 

  Where 𝛽𝑜 is the attractiveness when distance between the two fireflies, represented by 𝑟 is zero. 

 The distance between any two fireflies 𝑖 and 𝑗 is the cartesian distance: 

      𝑟𝑖𝑗 = ‖𝑥𝑗−𝑥𝑖‖ = √(𝑥𝑖,𝑘 − 𝑥𝑗,𝑘)2                                                                                            (8) 

The movement of a firefly 𝑖 is attracted to another brighter firefly 𝑗 is determined by  

  𝒙𝒊 = 𝑥𝑖 + 𝛽𝑜𝑒−𝛾𝑟2
(𝑥𝑗 − 𝑥𝑖) + 𝛼𝜖𝑖                                                                                            (9) 

It is worth pointing out that eq. (9) is a random walk biased towards the brighter fireflies (Xin-she Yang (2010). 

   

Algorithm 1: Firefly Algorithm 

1: Objective function 𝑓(𝑥),      𝒙 = (𝑥1, 𝑥2, … , 𝑥𝑑)𝑇 

2: Generate initial population of fireflies 𝑥𝑖  (𝑖 = 1, 2, … , 𝑛) 

3: Light intensity 𝐼𝑖  at 𝑥𝑖 is determined by 𝑓(𝑥𝑖) 

4: Define light absorption coefficient 𝛾 

5: While ((𝑡 < 𝑀𝑎𝑥𝐺𝑒𝑛𝑒𝑟𝑎𝑡𝑖𝑜𝑛) 

6: for 𝑖 = 1: 𝑛 all 𝑛 fireflies 

7:  for 𝑗 = 1: 𝑛 𝑎𝑙𝑙 𝑛 𝑓𝑖𝑟𝑒𝑓𝑙𝑖𝑒𝑠 (𝑖𝑛𝑛𝑒𝑟 𝑙𝑜𝑜𝑝) 

8:  if  (𝐼𝑖 < 𝐼𝑗), 𝑚𝑜𝑣𝑒 𝑓𝑖𝑟𝑒𝑓𝑙𝑙𝑦 𝑖 𝑡𝑜𝑤𝑎𝑟𝑑𝑠 𝑗; 𝒆𝒏𝒅 𝒊𝒇 

9:   Vary attractiveness with distance 𝑟 via exp[−𝛾𝑟]  

10:    Evaluate new solutions and update light intensity  

11:  end for 𝑗 

12: end for  𝑖 

13: Rank the fireflies and find the current global best g* 

14: end while 

15: Postprocess results and visualization 

Figure 1 Pseudocode for canonical FA 
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 2.3. The Proposed Firefly Based Algorithm  

Firefly algorithm (FA) is a population-based metaheuristic algorithm and it was originally introduced by Xin-She Yang 

in 2007 (Fister et al. 2013). It draws inspiration from the flashing behavior of fireflies when they try to communicate 

and attract males translating bioluminescent signals into a powerful optimization technique. Some of the advantages 

of the algorithm rather than other metaheuristics are simplicity in terms of understanding and implementation, less 

required computational time, minimal user-defined parameters, and it was also applied successfully for solving many 

difficult locations and routing problems. 

 

Algorithm 2: The proposed firefly-based algorithm  

1: Initialize the swarm using permutation of collection points 

2: for 𝑖 ∶=  𝑁𝑝 

3:  fitness evaluation 

4:  (𝑓(𝑝1), 𝑓(𝑝2), … , 𝑓(𝑝𝑛))  

5:  Set  𝑝𝑔
∗ =  𝑎𝑟𝑔𝑚𝑖𝑛 (𝑓(𝑝1), 𝑓(𝑝2), … , 𝑓(𝑝𝑛)) 

6: end for 
7: for 𝑛 ∶=  1 to 𝐺 

8:  for 𝑖 ∶=  1 to 𝑁𝑝 

9:   set current firefly = 1st firefly in swarm 

10:   select next firefly I = i+1 in the swarm 

11:   Apply 2-Opt heuristic to modify next firefly (discard if 

infeasible) 

12:   Evaluate the fitness of the modified firefly 

13:   if modified firefly is better than current firefly  

14:    update current firefly and its fitness 

15:   else select next firefly  

16:    update global best and its fitness 

17:   end if 
18:  end for 
19:  𝑁𝑝 = new population 

20: end for 
21: return Best 

Figure 2 Pseudocode for the proposed FA-based algorithm 

To generate permutation of collecting points, we use uniform random numbers between 0 and 1. We generate random 

numbers and sort them in descending order of magnitude (Farrokhi-Asl, 2017). Table 1 demonstrates the random 

numbers and the permutation obtained from these random numbers. 

Table 1 Typical permutation process 

S/N Rnd. Nos. Related WCP Sorted Rnd. Nos Permutation 

1 0.425 1 0.956 2 

2 0.956 2 0.812 8 

3 0.618 3 0.742 6 

4 0.480 4 0.618 3 

5 0.167 5 0.480 4 

6 0.742 6 0.425 1 

7 0.345 7 0.345 7 

8 0.812 8 0.289 9 

9 0.289 9 0.167 5 
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The main structure of the FA based algorithm is illustrated in Figure 3. The steps of the FA based algorithm are as 

summarized below: 

1. Parameter setting: (a) Set t =0 (iteration counter) (b) Specify the parameter N 

2. Initialize the population of fireflies (circuits) with random positions in the search space. 

3. Define and evaluate the fitness of each firefly (circuit) based on the objective function. 

4. Update the position of each firefly by considering its attractiveness (after the application of local search; 2-Opt) 

towards other fireflies and their light intensity. 

5. Update the light intensity of each firefly based on its fitness value. 

6.  Repeat the movement and updating light intensity steps until the termination criteria are met. 

7. Extract the best solution (global best) found after the specified number of iterations. 

 

  Figure 3 A flowchart of the proposed algorithm 
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2.3.1. Initialization Procedure 

The proposed FA based algorithm, as other FA or evolutionary approaches do, operates on a population of possible 

solutions (circuits) for a predefined number of generations. This population has of course to be initialized in such a 

way that it does not obstruct the evolution of the applied algorithm. Ideally, the optimization algorithm should be able 

to reach optimal tour independently of the initial population of circuits. In practice, however, since the TSP is a very 

difficult problem to solve, the initial population of fireflies (circuits) are randomly generated through the permutation 

of the existing collection points. Upon the random generation, each firefly should produce feasible solutions. The initial 

population consists of N fireflies, where N is a number set by the user.  

2.3.2. Solution Representation (Firefly) 

The solution generated randomly is coded as a list data structure as follows: 

  
Figure 4 A firefly (circuit) or tour or Hamiltonian cycle representing a feasible solution 

Figure 4 indicates that the vehicle route commences from depot (origin) and traverses the first through the 95 th((last) 

collection point. From there, it moves to the disposal facility (DF) to dispose the waste and returns to the depot. 

2.3.3. Modifying Circuit or Tour Procedure  

In this section, the procedure used to modify circuits is presented in detail. This modification procedure is a firefly 

based one and it is, according to our knowledge, the first time in the literature that such a FA based procedure is applied 

to SWCRP in order to modify and evolve circuits. In this approach, due to the discrete nature of this kind of 

optimization problems applying the classic FA’s attraction and movement or light absorption coefficients parameters 

in order to evolve fireflies is not advisable (Babazadeh et al., 2011 & Kechagiopolos, 2014). In the proposed procedure, 

fireflies which comprises of Hamiltonian cycles (circuits) are modified at each iteration of the FA based algorithm by 

2-Opt local search heuristic mechanism. The elements of fireflies modified are parts of circuits (i.e. intra-circuits 

improvement method). In order not to add computational burden on the basic algorithm, the 2-Opt procedure is 

attempted on the selected (current) firefly at most ten times and if it proves to be useful for improving the quality of 

the solution, it will be accepted. In other words, if the lower objective function is found at the first attempt, the new 

circuit configuration is accepted. Otherwise, a second attempt is made. The procedure stops if no further improvements 

can be obtained after tenth attempt. 

The modification procedure is evolutionary, that is, at each iteration the circuits (fireflies) of the current population are 

modified, using specific alteration methods (2-Opt), in order to create better circuits for the population of the next 

iteration.  This alteration method is applied, at each iteration, to the whole firefly population (swarm). These selections 

are made at random, that is, all circuits are equally possible to be selected. In order to select the circuits, the rand.rand( 

) function of Python is used, which returns a random value following the standard uniform distribution from the open 

interval (0,1). In the adaptation of FA to TSP, perturbations used to change the order of the visited cities is 2-Opt 

(Croes, 1958). It is used for small perturbations. It removes two non-adjacent edges from a tour (solution, Hamiltonian 

cycle) and the remaining segments are reconnected in all possible ways, purposely to achieve a better quality solution. 

2.4. Input data  

In this work, we first utilize some benchmark instances of the TSP lifted from the publicly available electronic library 

TSPLIB of TSP problems (Reinelt, 1991). Then, a sample data set of the waste collection problem in two layouts of 

Damaturu metropolis is considered which comprises of Sabon Fegi and Pompomari with varied number of collection 

points, respectively. For the real data set, an ArcGIS Pro Software using GPS tool is used to obtain the geographical 

coordinates of each of the collection point, thereby generating the adjacency matrix (see Figures 5 and 6). The distances 

between the collection points are estimated via Google maps services. The problem is comprised of a single depot and 
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a single disposable facility. The vehicles are homogeneous and can carry up to 5 tons of waste. Each vehicle must start 

and end at the depot. Vehicles would be deployed to the layouts purposely to collect the waste and dispose it to the 

disposal facility. Multiple trips can be made to the disposal facility in order to complete the collection before the vehicle 

can return empty to the depot. In other words, the driver would leave the deport with an empty vehicle and then begins 

collecting waste from the first point until the last point following the constructed tour. Before returning to the depot, 

he would unload the waste at the disposal facility to empty the vehicle. The quality of the route constructed was 

evaluated based on the total distance travelled to serve all collection points. It is worthy to note, all information 

concerning collection points connections (see Figures 5 and 6) and distances between collection points is provided in 

form of adjacency matrix. 

 

       Figure 5. Geographical distribution of waste dumps in Sabon Fegi Layout 
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           Figure 6 Geographical distribution of waste dumps in Pompomari layout 

2.5. Algorithm’s parameters  

The specific parameter values used for our algorithm are provided as follows: • fireflies swarm size: 30 • total number 

of iterations:200 • Experiments are run 30 times. These values are selected based on exhaustive experimental trials 

conducted during the development of the algorithm. These parameters clearly influenced the computational cost of the 

proposed algorithm. It is observed that lowering excessively the swarm size than 30, the search would stagnate 

sometimes to non-optimal solutions. On the other hand, increasing the swarm size higher than 30, would adversely 

affect the computational cost, without significant improvement in the quality of results. Hence, to achieve a reasonable 

compromise, a swarm size equal to 30 for the considered instances was chosen.  

3 Results and Discussion  

In this section, the computational results of the application of the proposed FA based algorithm to the TSP are 

presented.  The FA algorithm was run on a Pentium® Dual-Core @ 2.10GHz with 3.00 memory using Python 

programming language. In order to demonstrate the efficiency and the effectiveness of the proposed algorithm, it is 

calibrated on some benchmark instances of the TSP mentioned in input data section. Most of the instances included in 

TSPLIB have already been solved in the literature and their optimality results can be used to compare algorithms. 

Fourteen instances are considered with sizes ranging from 51 to 280 cities. All the TSP instances distance is of the 

Euclidean type. A TSP instance provides some cities with their coordinates. The numerical value in the name of an 

instance represents the number of cities it contained, for example. the instance named eil51 has 51 cities (Ouaarab et 

al., 2014). 
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The evaluation of the performance of the proposed algorithm is presented in what follows based on the following: (1) 

benchmark data sets as TSP (2) the real data set to solve the solid waste collection problem in two layouts of Damaturu 

metropolis. 

3.1. Evaluation of the performance of the firefly-based algorithm 

The proposed algorithm is tested on some instances (benchmark) of the TSP. A comparison between the proposed 

algorithm and three other recent metaheuristics approaches for solving TSP is firstly carried out. Then, the proposed 

algorithm is calibrated on a real instance to tackle the SWCRP. The parameter settings used in the experiments are 

presented in Algorithm’s parameters section. These parameters are those that produced best results in terms of solution 

quality and the computational resources required to achieve this solution. In each instance, 30 independent runs of the 

algorithm with the selected parameters are carried out. The results of the proposed algorithm are presented in Table 2. 

We adopted some comparison metrics in (Bouzidi, 2017) to validate the performance of our proposed algorithm.  

The best and worst solution found by the FA based algorithm over the 30 independent runs is presented in columns 12 

and 13.  Column 14 shows the relative percentage deviation, while column 15 gives the average solution length of the 

30 independent runs. It can be observed from Table 2, column 14, that the algorithm achieves results that outperforms 

the considered approaches in seven out of the 14 instances (see the bold and asterisked values in column 14). 

Specifically, the proposed algorithm outperformed Cat SO in all instances, Bat and Cuckoo-search in seven instances, 

respectively. 

Statistical significance test: We carried out two statistical tests at 5% level of significance: (1) we applied runs test for 

randomness to the 30 independent outputs for all the considered instances. We failed to reject the null hypothesis and 

conclude that the observed sequence of runs up and down the mean, in fact have come from a sample of the 30 random 

observation. (2)  We also employed one-way ANOVA to determine whether all the instances have the same average 

total travel distance and conclude that there is extremely strong evidence that the 14 instances do not all have the same 

mean travel distance. It is worth noting that the Minitab Statistical Package v.17 is used for implementing the tests in 

this study. 

Convergence analysis: From the start of the execution of the algorithm, the solution gradually converged to a lower 

value until the best solution was obtained at the 80th iteration for the A280 instance as shown in Figure 7. In other 

words, as the number of iterations increases so also the quality of the solution (i.e. the objective value decreases) until 

at 80th iteration the optimum objective value is reached (i.e. minimum total travel time is 2579).  The average running 

time is at most 3.25 minutes. We noticed that as the size of the graph increases so also the running time. 
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Figure 7 Convergence to the optimal solution for benchmark problem A280 
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Furthermore, in terms of the relative percentage deviation, it can be observed in Table 2 that the proposed algorithm 

achieves superior results compared to other results found by the considered approaches. In fact, the proposed algorithm 

produces the smallest values for the 14 TSP instances. This can be attributed to the ability of proposed algorithm to 

search the solution efficiently through the embedded local search heuristic. Additionally, the content of the RPD% 

values in Table 2 is plotted as Figure 8: 

  

                 Figure 8 Comparison of proposed firefly-based algorithm with CatSO, BatSO and Cuckoo-search regarding 

RPD% values for the considered benchmark instances  

By graphical analysis of the variation of the error percentage, after application to the 14 benchmark instances of 

TSPLIB, it seems clear that the proposed FA based algorithm is the best one to solve the TSP as compared to the other 

considered published approaches, because our algorithm yields the lowest error percentage as shown on the graph, 

which indicates that the FA based algorithm is more efficient to solve the real-life application based on the TSP. 

3.2. Result for the real-life data set 

In this paper, a sample dataset of the solid waste collection problem of two layouts (i.e. column 1 row 1 represents 

Sabon Fegi, while column 1 row 2 represents Pompomari) of Damaturu metropolis with varied number of collection 

points is displayed in Table 3. The problem involved one deport and one disposal facility. The driver would begin 

collecting waste from the first point until the last collecting point by following the route constructed for him. The 

vehicles are homogeneous. In fact, a single vehicle is assigned to serve the collecting points from every layout and 

multiple trips is usually made to the disposal facility in order to complete the collection before the vehicle returned to 

the depot with empty load. The quality of the route constructed for the driver was evaluated based on the total distance 

travelled to serve all collecting points. In Table 3, it can be observed that the proposed algorithm achieves 32% and 

38% savings in travel cost for the first and second layout, respectively. 
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Table 3 Comparison of the existing Tours and the ones constructed by the proposed algorithm. 

Layout/Area Total 

collecting 

points 

Existing Tours 

(Total travel 

distance, in km) 

Tours constructed by the proposed algorithm 

(Minimum total travel distance, in km) 

   Best Worst Average(km) 

1 84 10 6.8 8.0 7.4 

2 96 12 7.4 8.6 8.0 

 

 

4 Conclusion 

In this paper, we modified the classical FA algorithm to accommodate the discrete nature of the optimization processes. 

A 2-opt local search heuristic is utilized to determine the attractiveness based on the fitness of the considered firefly. 

The waste collection problem is formulated as a symmetric TSP and adapted to tackle a real instance of SWCRP. The 

computational results are compared with other results achieved by some recent metaheuristics approaches published 

in the literature. The results of the comparison have shown that the proposed FA based approach outperforms all the 

other three more recent metaheuristics approaches for solving the TSP. This can be explained by the intensification 

scheme of the local search heuristic. Subsequently, the approach is calibrated to address a real instance. The proposed 

algorithm adapted to TSP has been implemented and its performance has been tested on some benchmark TSP 

instances. The results of the comparison have shown that the proposed algorithm outperforms all the other three 

methods considered. For the case study, the quality of the route constructed for the driver was evaluated based on the 

total distance travelled to serve all collecting points. The proposed algorithm achieves 32% and 38% savings in travel 

cost for the first and second layout, respectively.  

Further studies can be reasonable if we can focus on the parametric studies and applications of the proposed algorithm 

into other combinatorial optimization problems. In waste collection problems, time is a critical factor and the time 

window constraints can be added to the given problem. 
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