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ABSTRACT 

This dissertation presents the development of an optimized routing scheme for a capacitated 

vehicle model using Firefly Algorithm (FFA). The conventional model is a formal 

description involving mathematical equations formulated to simplify a more complex 

structure of logistic problems. The logistic problems are generalized as the Vehicle Routing 

Problem (VRP). When the capacity of the vehicle is considered, the resulting formulation is 

termed the Capacitated Vehicle Routing Problem (CVRP). In a practical scenario, the 

complexity of CVRP increases when the number of pickup or drop-off points increase 

making it difficult to solve using exact methods. Thus, researchers have over the years, 

proposed computational methods for solving CVRP problems. In this research, two scenarios 

of CVRP were considered. The solid waste management and supply chain for retail 

distribution. Thirty-six instances and ten instances in the solid waste management and retail 

supply chain respectively were used in formulating the optimization model. Certain 

parameters like number of vehicles, number of customers (pickup or drop off locations), 

capacity of vehicles, quantity of demand, the number of routes and depot position were 

considered in formulating the model. Some constraints like a vehicle must begin and end at 

the depot, all demand must be met, a customer is visited just once by a distinct vehicle each 

time, the demand on each route must not exceed the vehicle capacity were used to guide the 

model creation. Also some assumptions were made like observing normal road conditions 

with traffic, customers availability and a reduction in the total route distance inevitably 

reduces time and cost. Simulation was carried out using MATLAB R2015b and performance 

was evaluated on the two scenarios using total route distance covered. The simulated results 

shows a significant improvement occurred on the travelled distance with a slight percentage 

difference due to the enormous distance covered. The outcome indicates that the developed 

model had an overall improvement of 6.03% over the Particle Swarm Optimization (PSO) 

on the solid waste management and a 7.36% over the Best Known Solution (BKS) for the 

retail supply chain using the total route cost as performance metrics. For the various depot 

positions considered which are the Random, Optimized, Centered and Eccentric (ROCE), it 

is observed that the optimized depot position which is determined by this model had a 25% 

best result for the Instances of the solid waste management, 44.44% over the eccentric 

position and 77.78% over the centered and random depot placement. This informs that the 

developed scheme has significantly reduced the total travelled distance in a search space 

which can be applied to the logistics industry to save cost and time. 
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CHAPTER ONE 

INTRODUCTION 

1.1 Background 

The rapid advancement in technologies have made logistics to become very important in 

budgetary considerations for government and its establishments and in revenue generation 

for private companies. The fact that anybody on the planet can be all around connected has 

prompted complex transport networks that are exceptionally requesting and are winding up 

progressively critical. Hence, an effective logistic system can have a tremendous effect to 

organizations and pertinent business operations. Highlighting the importance of logistics in 

some sectors like, groceries delivery, online stores delivery of goods, waste management, 

intra-city public transportation, product price can increase due to an increase in the 

distribution cost, whereas, vehicle routing has the potential of significant economic savings 

of up to 30% (Hasle & Kloster, 2007). Thus, the need for vehicle routing becomes necessary. 

 

Vehicle Routing Problem (VRP) is a class of optimization problems that involve optimizing 

itineraries of a fleet of vehicles to serve a given set of customers (Cattaruzza et al., 2017). 

This situation represents a large part of the flow of vehicles for various logistic purposes in 

cities. The framework is used to model an extremely broad range of issues in various 

applications like, supply chain management, delivery services, public transportation, 

telecommunications and production planning (Bocewicz et al., 2017). The optimization of 

vehicle routing can bring about significant economic savings. The interest in VRP is due to 

its practical and economic importance. However, to solve a VRP is not a simple task as it 

belongs to the complexity class of decision problems (Kumar & Panneerselvam, 2012).  

 



2 
 

Variants of VRP (Subramanian et al., 2013) include: 

1. Capacitated VRP (CVRP)  

2. VRP with simultaneous pickup and delivery  

3. VRP with mixed pickup and delivery  

4. Multi-depot VRP with mixed pickup and delivery  

5. VRP with access time windows.  

In VRP, the objective can be the minimization of delivery and vehicle costs, optimization of 

the number of drivers and vehicles, minimizing the time spent during delivery, minimizing 

the total route cost, etc. (Mahmoudi & Zhou, 2016). The optimization problem may be 

developed in order to address any one or a combination of the stated objectives considering 

their constraints. Essential application fields incorporate fuel and diesel conveyance, the 

arrangement of the soldiers in a frontline, flights of airplanes, conveyance of food and 

beverage to the restaurants, conveyance of cash to the automated teller machines (ATMs), 

student and worker services, delivery of items that are purchased by shopping online, 

transportation and waste management (Kirci, 2016). The focus of this work will be on the 

CVRP as applied in waste management and supply chain. 

In transportation, a CVRP model is an approach that can resolve the improper logistic 

scheduling in the movement of people that needs a commercial transportation service to 

ensure all customers are considered and picked up. Also, in supply chain, by taking into 

cognisance the demand (payload of each customer) and vehicle capacity which are used in 

planning for payload drop offs and pick up. 

In Waste Management, environment quality is the extent to which the condition of an 

environment relative to the requirements of human need is rapidly deteriorating with 
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concerns to solid waste management, which increases CO2 emissions in the atmosphere and 

inevitably gives rise to global warming (Budzianowski, 2016). Waste management, has over 

the years, been modified and improved using various technologies due to increase in solid 

waste as a result of the growing population (Moh & Manaf, 2014).  

1.2 Significance of Research 

This research is motivated by the growing concern in getting quality solutions especially for 

instances of routing models that put into consideration the number of vehicles and cost of the 

operation. Literature has shown that a better method applied to this routing problem can yield 

a more optimized solution (Uchoa et al., 2017). For this reason, an algorithm that can be 

associated with the properties of the CVRP and its attributes will be applied which is the 

Firefly algorithm (FFA). The main characteristics of the FFA include the fact that, the nodes 

(fireflies) are more versatile in attractiveness, leading to higher mobility, and a more efficient 

exploration of the search space i.e. The best route will be more efficiently identified and 

exploited for vehicles to deliver to customers. Also, the brightness of a node is proportional 

to the attractiveness i.e. a less bright Firefly will move towards a brighter one through the 

shortest path. The brightness of every Firefly is determined by the landscape structure of the 

objective function. Thus, considering the fitness at each stage of motion, for each iteration, 

the nodes (customers) move to get a better result dropping the previous result to be replaced 

and this continues until the maximum iteration is reached. 

1.3 Statement of Problem 

In optimizing route distance to save cost and other resources, first, the necessity to determine 

the total proximity of all other nodes by locating the best position for a depot which has an 

effect on the route distance has to be considered. Secondly, the problem of vehicle to route 

assignment knowing which vehicle to assign to which route, whilst observing the capacity 
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constraints on the model, is a task which needs a solution and such solution will enhance the 

total route cost. Lastly, a node –to – node travel path which determines the next node for the 

vehicle to proceed to, such decision has an overall reduced total travelled distance and 

inevitably will reduce the route cost. 

1.4 Aim and Objectives 

The aim of this research is to develop an optimized routing scheme for route optimization 

and depot positioning on a capacitated vehicle model using the Firefly algorithm (FFA). 

The objectives for this research are as follows: 

1. To develop the CVRP model and objective function considering the Random, 

Optimized, Centred and Eccentric (ROCE) depot positions. 

2. To optimize the developed model in (1) using the FFA and to apply it to instances for 

solid waste management and supply chain. 

3. To validate by comparison with the work of Hannan et al., (2018) and (Uchoa et al., 

2017) using total route distance, time and cost as performance metrics. 

1.5  Methodology 

The methodologies for this research involve the following: 

1. Development of the CVRP Model and objective function on various depot positions. 

a) Modeling the objective function of the ROCE positions of the depot. 

b) Creation of the CVRP model considering all constraints. 

2. Application of Firefly algorithm to the developed model in (1) to obtain the optimum of 

the objective function. 

a) Initialize the parameters of Firefly. 

b) Development of brightness model. 

c) Development of attractiveness model. 
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3. Application of the optimized model in (2) to the instances for solid waste and retail supply 

chain management. 

a) Simulation and performance evaluation. 

b) Implement the instances for Solid Waste Management. 

c) Implement the instances for Retail supply chain management. 

4. Validation by comparing with the work of Hannan et al., (2018) and (Uchoa et al., 2017) 

using total route distance, time and cost as performance metrics.  

 

1.6  Dissertation Organization 

The general introduction has been presented in Chapter One. The rest of the chapters are 

structured as follows: Detailed review of related literatures and relevant fundamental concept 

about the capacitated vehicle routing, the algorithm used is explained in Chapter Two. In-

depth approach and relevant mathematical models describing the development of the 

capacitated vehicle routing problem model using the Firefly algorithm were presented in 

Chapter Three. The analysis, performance and discussion of the result were analysed in 

Chapter Four. Conclusion and recommendations make up the Chapter Five. Quoted 

references and Appendices are also provided at the end of this dissertation. 
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CHAPTER TWO 

LITERATURE REVIEW 

2.1  Introduction  

This chapter comprises of mainly two sections which are review of fundamental concept and 

review of similar works. In the fundamental concept, most of the existing works on relevant 

fundamental theories of vehicle routing problem are discussed. In the review of similar 

works, some of the related literatures which are relevant to this research work are discussed. 

2.2  Review of Fundamental Concepts  

In this section, concepts which are fundamental to the vehicle routing problems, capacitated 

vehicle routing problems, attributes of various instances, heuristics constrains, and various 

solution methods are discussed. 

 

 2.2.1  Vehicle Routing Problem 

The Vehicle Routing Problem (VRP) involves the process of determining the optimal routes 

utilized by a fleet of vehicles, usually located at one or more depots, in order to serve a given 

set of customers (Subramanian et al., 2013). In practical application, there are usually 

operational and practical constrains associated in finding a suitable solution to VRP. For 

example, in a situation where the capacity of the vehicle is known, the load along each route 

must not exceed the capacity of such vehicle. The VRP service involve both collection and 

deliveries, the aggregate length of every route should not be more than a given limit, 

customers need to be met within a given time, the fleet can contain heterogeneous vehicles, 

priority relations can exist between the customers, the service of a customer may be divided 

between different vehicles, and the constant change in the demand or travel times. 
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The concept of VRP was first introduced by (Dantzig & Ramser, 1959) who considers a 

central depot  0  using k independent delivery vehicles of identical capacity C, with a 

quantity td  of an item to be delivered to every customer  nNi ,...,1 . Items are to be 

delivered at minimum total cost, with 0ijc  representing the cost of traveling from i to j 

where nji  ,0 . The structure of the cost is mostly assumed to be symmetric, i.e., jiij cc   

and 0iic . A combinatorial solution to the VRP problem consists of partitioning of N into 

k routes, with every route satisfying Cd
Rj j   1

and a permutation 
i corresponding to 

each route specifying the service ordering. The VRP problems is associated with an 

undirected graph consisting of nodes   0N , edges E, and edge-traversal costs   Ejicij ,, . 

When a union of k cycles intersects only at the depot node, a solution is formed. Each cycle 

relates to the route serviced by one of the k vehicles. An integer programming formulation 

can be formulated by associating a binary variable with each edges of the graph (Ralphs et 

al., 2003):  





Ee

ee xcxf min)(                                                                                            (2.1) 

kx
Eje

e 2
},0{




                                                                                                         (2.2) 

Nix
Ejie

e 


2
},{

                                                                                                (2.3)  

1,)(2

,
},{





SNSSbx

SjSi
Ejie

e
                                                                              (2.4) 

0,,},{10  jiEjiexe                                                                           (2.5)  

Ejexe  },0{20
                                                  (2.6)  
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Eexe int
                 (2.7)  

For ease of computation:  

   Cdsb iSi /)(                                                                                                 (2.8) 

where b(S) is the lower limit associated with the number of trucks required to service the 

customers in set S. Equation (2.1) is the fitness function while equations (2.2) and (2.3) are 

degree constrains. Equation (2.4) is a generalization of the sub-tour elimination constraints 

derived from the Travelling Salesman Problem (TSP) and help to enforce solution 

connectivity also to check that no route has total demand exceeding the given capacity C. 

The inequalities in equations (2.5) and (2.6) are the capacity constraints.  

2.2.2  Capacitated Vehicle Routing Problem  

The Capacitated Vehicle Routing Problem (CVRP) is a classic example of vehicle routing 

problem where the capacity of the vehicle is considered in modelling the problem. A typical 

example of a CVRP model generated in MATLAB R2015b is given in Fig. 2.1. 

 

     

Fig. 2.1: Typical CVRP Scenario 

Figure 2.1 shows an instance of a capacitated vehicle routing problem. The figure contains 

77 nodes (bins), with 1 depot located at the center of the grid across 10 routes (they are 
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segmented in different color codes). Where a vehicle takes off from a depot, moves from 

one node to another and back to the depot, over a certain distance to form a route. 

In the CVRP (Hannan et al., 2018): 

1. Every delivery is assigned to a customer 

2. the demands are known in advance and are deterministic 

3. the demands may not be split 

4. The vehicles are based at the depot 

5. The vehicles are imposed with a capacity constraint 

6. Total travel cost minimization is the ultimate objective of CVRP i.e. number of routes 

traveling cost (time, length etc.) required to serve all the customers 

The input to a CVRP model involves a set of  1n  points, a depot with n customers; an

   11  nn  matrix  ijc  which is the travel costs between a pair of points i and j; an n-

dimensional vectors of demand  ijd  giving the amount to be collected from customer i; and 

a vehicle capacity Q where objective is to find a solution with minimum total cost (Pecin et 

al., 2017). A solution is obtained as a set of routes which start and end at the depot and visit 

every customer precisely once, where the route constrain is to ensure that the total customers 

demand should not exceed the capacity of the vehicle Q. The CVRP is a widely studied 

problem modelling adequately a significant number of real logistic systems and a 

prototypical VRP variant playing an important role in vehicle routing research (Lin et al., 

2014). 

A formal definition of the CVRP problem is as follows. Consider a fully connected graph 

 EVG ,  with a set of vertices  nV ,...,0  where the vertex 0 represents the depot and the 

remaining vertices represents the customers. Each edge   Eji , has a positive cost ijc  and 
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every customer 'Vi has an associated demand di. If  mC ,...,1  are a set of homogeneous 

vehicles with capacity Q (Subramanian, 2012), then the CVRP cost function model can be 

represented as: 

ijk

N

i

N

j

K

k

ij PdS 
  


0 0 1

min                                                                                         (2.9) 

Where, S is the cost function which optimize the total route distance. The nodes i and j, d 

defines the travel distance between the nodes, while P is the ability for a vehicle to travel 

from node to node. The basic concept of CVRP involves constructing a set of m routes such 

that (Chen et al., 2006):  

1. The beginning and ending point of every route is the depot;  

2. The capacities of each vehicle is not surpassed;  

3. all demands are accomplished;  

4. The supply to a customer is done exactly once by a only a single vehicle  

5. The overall total cost is minimized 

 

2.2.3  VRP Instances 

Instances are the scenarios formulated by some attributes like number of customers, number 

of routes in some cases the route duration, the route distance, all these will be discussed.  

Literature demonstrated that the number of point (including the depot) and the number of 

routes should reflect the naming and formulation of instances. An example of a naming 

nomenclature 8101 knE   is an instance that has 1 depot, 100 customers and 8 routes. The 

series are usually named randomly by the authors. In the E series by (Nicos Christofides & 

Eilon, 1969) where locations are generated at random from a uniform distribution, some of 

the instances actually come from (Dantzig & Ramser, 1959) and (Gaskell, 1967) while some 
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are modifications on the capacity suggested by (Gillett & Miller, 1974). For the M series, 

customers are grouped into clusters as an attempt to represent practical cases and some 

instances are modifications of the E series by considering increment in customers and 

capacity. For example, instances 17200 knM   and 16200 knM   differs only by the 

number of routes. These new instances were formulated because 16200 knM   had 

tightness very close to 1 (0.995625) that finding any feasible solutions maybe difficult. 

However, the optimal solution of M-n200-k16 instance may costs less than the optimal 

solution of 17200 knM   (Christofides et al., 1979). (N Christofides et al., 1979) defined 

a CMT benchmark set, which consists of modifications of some E and M series whereby the 

number of routes are not fixed. This set also has an addition of maximum route duration and 

service time values while the vehicles are assumed to travel at unitary speed. The F series 

presents instances with data set from real-world applications, from grocery deliveries and 

delivery of goods to a gasoline service station (Fisher, 1994) etc. The A, B and P series by 

(Augerat et al., 1998) proposed a scenario where the customers and depots are randomly 

positioned in the A series and clustered in the B series while the demands are picked from a 

uniform distribution in both series. The P series are just modifications in the capacity and the 

routes of some instances in A, B and E. (Hannan et al., 2018) presented an arrangement of 

36 scenarios with a CVRP metaheuristic used to solve the occurrences. 

The following are elements that are considered all together or in any varying combination to 

generate instances and parameters used in the CVRP (Uchoa et al., 2017): 

A. Depot Positioning 

A depot can be a number of items with variances being stationed and stored in a particular 

location. It can be applied in transport, technology, pharmaceuticals or military troops. It 

is considered as the starting and finishing point of any VRP. The positioning of this depot 
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has an effect of the total output of a solution because it determines the distance covered 

by a moving vehicle to deliver to customers and return to the depot. This element in the 

formulation of the instance is controlled based on discretion but for real applications 

other things like cost of the location as compared to cost of the operation, nearness to 

customers compared to nearness to source of goods, then, the security of chosen location 

against invasion, can be considered. Below are various positions where a depot can be 

located on a [0, 1000] × [0, 1000] grid: 

a) Random (R): the depot is positioned at a point with no defined pattern on the grid. 

b) Central (C): the depot is located at the exact middle point of the grid, point (500,500) 

c) Eccentric (E): the depot is placed in the corner of the grid, point (1000,1000) 

B. Customer Positioning 

The positions and locations of customers are paramount in the result of an optimum 

solution because factors like distance and distribution plays a part in the architecture and 

modelling of the solution method. The following are alternatives that can be considered 

for customer positioning: 

a) Clustered: A number of customers form cluster seeds which are picked from a 

uniform discrete distribution. It means that customers are put together as different 

groups to emulate the densities in some large urban agglomerations that have 

developed from less isolated units.    

b) Random: All customers are positioned arbitrarily in the grid 

c) Random-Clustered: A part of the customers are positioned at points, without a 

method of calculation for such locations while others are clustered. Superposition is 

not allowed so all customers have their distinct points on the grid. 
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C. Route distance 

This is the length of the course taken to move from the depot to serve a set of customers 

and return to the depot. It is the dimension of travel which will determine the total time 

taken and also the optimum solution for the given set of instances. Although some 

methods are best used for shorter distances, while some for long distances, but in this 

work will create a common ground for such uprising. 

D. Number of Vehicles 

One major difference between the TSP and VRP is that in the latter, more than one 

vehicle is used to schedule a visit to the customers and return to the depot. The number 

of vehicles to be used for a VRP determines the speed at which customers can be served 

and also contributes to an optimum solution in the shortest time frame. 

E. Vehicle Capacity 

The capacity of the vehicle gives a description on the available space that can 

accommodate the amount of goods that is demanded by the customer. 

F. Service Time 

The time taken to deliver the expected demand to each customer is taken into 

consideration in some reviews. Also the time taken to travel from a customer to another 

is also taken into cognisance as such parameter is paramount in achieving an optimum 

solution in the best possible time. 

G. Demand 

This is the amount of payload that is required by the customer(s), which inevitably 

determines the number of vehicles to be used in a specified space to oblige with the 

constraints where the total demand must not exceed the vehicle capacity. 
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For instances that have large number of routes and customers, the problem complexity can 

be quite high, so the solution may be better obtained using metaheuristic algorithms. 

 

2.2.4  Metaheuristic Algorithms 

Metaheuristic algorithms are high-level techniques and frameworks, used to find and 

generate methods that may provide sufficient or optimal solutions to an optimization 

problem, without the knowledge of a complete information or specificity on the problem 

(BoussaïD et al., 2013). Some metaheuristic algorithms used for the CVRP are discussed as 

follows: 

1. Particle Swarm Optimization (PSO): 

The particle swarm optimizer is best presented by explaining its conceptual development. 

Agents were thought of collision-proof birds and the original intent was to graphically 

simulate the unpredictable choreography of a bird flock (Kennedy, 2011). 

A simulation relying on two props: nearest-neighbour velocity matching and “craziness.” 

A population of birds was randomly initialized with a position for each on a torus pixel 

grid with X and Y velocities. At each iteration a loop in the program determined for each 

agent (a more appropriate term than bird), the other agent was its nearest neighbour, then 

assigned that agent’s X and Y velocities to the agent in focus. Essentially this simple rule 

created a synchrony of movement. The flock settled on a unanimous, unchanging 

direction. Therefore, a stochastic variable called craziness was introduced (Innocente & 

Sienz). At each iteration, some change was added to the randomly chosen X and Y 

velocities. 
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More importantly, bird flocks and land where there is food. How do they find food? 

Anyone who has ever put out a bird feeder knows that within hours a great number of 

birds will likely find it, even though they had no previous knowledge of its location, 

appearance, etc. It seems possible that something about the flock dynamic enables 

members of the flock to capitalize on one another’s knowledge. The second variation of 

the simulation defined a “cornfield vector,” a two-dimensional vector of XY coordinates 

on the pixel plane. Each agent was programmed to evaluate its present position in terms 

of the equation (Eberhart & Kennedy, 1995): 

22 )100()100(  ypresentxpresentEval          (2.10) 

In the implementation of PSO, the velocity of each particles are updated using the 

equation 2.11  (Du & Swamy, 2016): 

At iteration t+1, the swarm can be  

             txtxcrtxtxcrtvtv i
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iii  

211                                                     (2.11) 

Where, c > 0 is the acceleration constant, r1 and r2 are uniform random numbers 

generated within [0, 1]. The concept fitness, as do all evolutionary computation 

paradigms, shows the similarities between the adjustment toward pbest and gbest by the 

particle swarm optimizer and the crossover operation utilized by genetic algorithms.  

2. Firefly Algorithm (FFA):  

In describing the new FFA, the following three idealized rules are used (Yang, 2010):  

a) The fireflies are considered as unisex; thus, the Firefly can attract each other 

regardless of their gender; 

b) The brightness of the fireflies is proportional to their attractiveness, thus for any 

two flashing fireflies, the less bright one will move towards the brighter one. Both 
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attractiveness and brightness decrease as the distance between fireflies increases. 

If there is no brighter Firefly than the present Firefly, then, a random movement 

is performed. 

c) The fireflies’ brightness can be determined by the optimization objective function 

landscape. In a maximization problem, the value of the objective function is 

proportional to the brightness (Yang, 2009). 

 

Plate I: Pseudo-code for Firefly algorithm (Yang, 2009) 

In FFA, there is always a distinction between the attractiveness formulation and light 

intensity. The attractiveness of a Firefly is determined by its brightness which is a 

function of the objective function. Usually, the brightness I at a location x chosen as

 xfxI )( . However, the attractiveness β is relative (Yang, 2010). Thus, it will vary 

with the distance ijr  between Firefly i and Firefly j. Also, the light intensity decreases 
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with the distance from its source. The light intensity )(rI  is usually determined using 

the inverse square law 
2)(

r

I
rI s where, 

sI  is the source intensity. In a scenario 

where the light absorption coefficient γ is fixed, the light intensity I vary with the 

distance r, where I0 is the original light intensity. To eliminate singularity problem at 

0r in the expression 2r

I s  the combined effect of both the absorption and inverse 

square law can be approximated using the Gaussian form given as (Arora & Singh, 

2013). 

2

0)( reIrI                                                                (2.12) 

The attractiveness β of a Firefly, since its proportional to light intensity 

mrer   0)(                                                                (2.13) 

The distance between two fireflies i and j at ix  and 
jx , is represented as the cartesian 

distance where ikx  is the kth element of the spatial coordinate xi of ith Firefly (Yang 

& Deb, 2010). 
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The movement of a Firefly i which is attracted to a Firefly j with higher attractiveness 

(brightness) is determined by equation 2.15. 
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(2.15) 

The second term of equation 2.15 is due to the attraction while the third term is 

randomization with α being the randomization parameter (Sayadi et al., 2010). 
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2.3 Review of Similar Works 

Some literature relevant to the subject area of Vehicle routing problem and the approaches 

used to solve them are described in this section. 

Agatz et al. (2011) presented a method for managing the tactical time slot home delivery. 

Customers were associated with each geographical location. The number of customers were 

distributed evenly within the given time slots in each schedule. Various ways were proposed 

to evaluate the travel time between two customers in the same zone, visited in the same time 

slot and between two zones visited at different time slots. Two different problem-solving 

approaches were described, considering demand clustering to reduce travel cost. For the first 

approach, the expected cost of a given assignment of time slot to zones was estimated using 

continuous approximation. A greedy iterative search heuristic was then used to modify this 

initial assignment. The second approach solved an integer programming problem with 

approximate delivery costs. However, tactical routes of vehicles over the zones are not 

considered in both cases hence, does not capture the vehicle to route assignment. 

 

Xiao et al. (2012) proposed a string-model-based simulated annealing algorithm for the 

CVRP to optimize the fuel consumption. The VRP with their variants focusing at reducing 

the total distance under various constraints (such as: route length limit, capacity limit, depot 

positioning etc.) based on the assumption that a lower cost can be achieved through a delivery 

schedule with a shorter route length. However, in the case of fuel consumption, the optimum 

cost may not be as a result of shortest distance alone, since the vehicle’s load contribute 

jointly to the fuel consumed. The proposed algorithm was developed based on hybrid 

exchange rule that mitigated the problem of fuel consumption in the capacitated vehicle 
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routing problem. The simulation results showed that, a better fuel consumption was obtained 

when computational experiments on the 27 well-known CVRP benchmark instances was 

carried out, and the fuel consumption vehicle routing problem (FCVRP) was able to reduce 

the fuel consumption by 5% on average compared to the CVRP  model which made it 

effective and efficient.  However, other factors can affect the fuel consumption, such as speed 

of the vehicle and terrain were not considered. 

 

Kuo et al., (2012) proposed a hybrid genetic algorithm and particle swarm optimization for 

solving a capacitated vehicle routing problem with fuzzy demand. This is developed by using 

a chain-constraint model which uses the idea best solution of particle and a best global 

solution in the PSO combining it with the mutation crossover in the GA. Hence, the study 

used GA to modify the PSO with the hope of improving its performance and used fuzzy 

variables to deal with the uncertain parameters in developing the CVRP model. However, 

the concept of smart bin data was not implemented for an efficient waste collection, yielding 

a limited experiment alongside the non-consideration of the location of the depot. 

 

Subramanian et al., (2013) developed a hybrid algorithm for a class of VRP with 

homogeneous fleet. This hybrid algorithm consists a set partitioning formulation and an 

iterated local search-based heuristic. The key aspects of the method is the interaction between 

a metaheuristic and a solver approach while solving a given mixed integer programming 

model and an efficient scheme of dynamically controlling the size for SP models when 

solving large size instances. Thus, the proposed technique was used to solve the problem 

associated with vehicle routing problems, since it can handle large size instances. Simulation 
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results showed that the proposed techniques were quite competitive with those found by 

heuristics devoted to specific variants. However, it had less improvement as compared to ties 

for the CVRP solutions and additional constraints weren’t considered such as time windows. 

 

Penna et al., (2016) developed a hybrid iterative local search algorithm and a set partitioning 

for electric fleet size and mix VRP with a recharging stations and time windows. Due to the 

increase in population, congestion in traffic, noise disturbance, energy consumption, and 

carbon emissions, have become a major concern. Electrical vehicle were developed but have 

some challenges with limited driving range and long recharging times. This proposed 

algorithm was developed to mitigate the electric fleet size and mix vehicle routing problem 

with time windows and recharging stations. The iterative local search algorithm was used to 

generate a set of good quality routes. Simulations results showed that, when the proposed 

algorithm was tested on 168 benchmark instances with 100 customers, it was capable of 

obtaining 76 new improved solutions and to equal the result of 8 instances. This made the 

proposed technique more robust in terms of solution quality. However, few customers were 

considered not exceeding 100 in number. 

 

Al Mamun et al., (2016) proposed an architecture and intelligent sensing algorithm for real 

time solid waste bin monitoring system that will contribute to the optimization of solid waste 

collection. The monitoring application uses wireless sensor network in sensing solid waste 

data. The architecture is built on three levels smart bin, gateway and control station. The 

elementary concept is that the smart bin collects the status of the waste at any change 

occurrence then transmits the data to the server in real time via a gateway, hence the field 
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test shows that the system has been able to monitor the real time bin status, that made it 

feasible to decide the payload of which bin to be collected and which not. These information 

can be used for waste collection planning, route optimization and collection cost. However, 

the sensor can only function on a two wheeled bin and the sensor sometimes produced 

erroneous output data due to the irregularities of the solid waste pattern. This brings about 

an inefficient waste collection approach. 

 

Grangier et al., (2017) presented a metaheuristic method using large neighbourhood search 

for vehicle routing problem with cross-docking (VRPCD). The VRPCD have to do with the 

set of routes that satisfy transportation needs between a set of pickup points, where the 

vehicles are homogeneous and a set of delivery points, where the vehicles are also 

homogenous but different from the former. This proposed technique was able to provide an 

efficient solution to the stated problem, by introducing the large neighbourhood search and 

periodically solving the set partitioning. Experimental results showed that, the proposed 

technique outperformed the existing methods having better solution quality when tested by 

the benchmarks. However, a threshold to the number of vehicles was not considered, when 

formulating the cost function. 

 

Bouzid et al., (2017) proposed an integration of Lagrangian split and variable neighbourhood 

search (VNS) for the CVRP. This Lagrangian relaxation method incorporates an integer 

linear programming (ILP) formulation, which optimally partition the giant tower in CVRP. 

Hence, it causes the problem of infeasible partitioning in the system, thus the Lagrangian 

split was a sub-gradient method that was used to repair and improve an infeasible partitioning 
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of a giant tour. The split can solve small size instances, but its resolution became impractical 

for relatively larger instances. The experimental result showed that the proposed technique 

finds good split solutions quickly in a wide range of situations and the integration to VNS 

have yielded relatively good solutions to large instances as related to studied literature. 

Hence, the proposed method did not put in perspective, tackling the vehicle routing problem 

in terms of time windows, distance restriction and heterogeneous fleets.  

 

Archetti et al., (2017) proposed a flexible periodic vehicle routing problem (FPVRP). The 

proposed technique was used to minimize the total routing cost. Since a carrier has to initiate 

a distribution plan to serve customers over a planning horizon, each customer has an 

aggregate demand that must be served within the horizon and a limit on the maximum 

quantity that can be conveyed at each visit. The FPVRP has service frequencies and 

schedules, this then gives it more advantages over the periodic vehicle routing protocol 

(PVRP). The experimental results showed that, the percentage relative reduction in the 

objective function value of the proposed technique is better that the PVRP technique. 

However, for the set of instances used in the experiment, the larger instances were not 

considered due to its complexity.  

 

Hernandez et al., (2017) presented a heuristics for tactical time slot management in a 

periodic vehicle routing problem. The tactical problem occurred when a time slot schedule 

for delivery service over a given planning horizon was selected in each zone of a 

geographical area. This, then makes the heuristic search which was able to evaluate each of 

the scheduling selection by constructing a corresponding tactical routing plan of minimum 
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cost based on the demand and service time. The tactical problem was solved using the three-

phase approach of the heuristic, where the issue of periodic vehicle routing problem was  

mitigated and then a repair phase and a final improvement phase where the vehicle routing 

problem with time windows was also mitigated for each period of planning horizon. The 

proposed technique provided a solution to the tactical problem that decomposes the problem 

into a PVRP and a number of VRPTWs. However, solution to the large instances with larger 

zones were not provided but the small instances with fewer zones had feasible results. 

 

Bianchessi et al., (2017) presented a split delivery vehicle routing problem with time 

windows and customer inconvenience constraints. The split delivery allows customers to be 

served through multiple visits, not as in the case of classical routing problem that each 

customer was visited exactly once. But this several visit, may become a problem to the 

customer side, which at each visit there are interruptions of some primary activities of the 

customer so as to handle the goods receipt. This paper addressed the challenges with the split 

delivery distribution strategies. This then makes it paramount for the employment of the 

proposed techniques that investigated the measures that limit the customer inconvenience. 

The proposed technique used two different measures, a maximum number of visits and the 

temporal synchronization of deliveries. The objective function was formulated based on 

different measures such as comprising variable routing costs, costs related to route durations 

and fixed fleet costs. The vehicle routing problem with time windows was developed, in 

which the split deliveries were allowed and the corresponding generalization which accounts 

for customers inconvenience constraint were also designed. Which prompt to the design of 

the extended branch-and-cut algorithm to solve the stated problem. The experimental results 
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showed that, the proposed technique resolved the problem associated to the customers. 

However, in the set of benchmark used only the smaller-sized instances for 25 to 50 

customers were considered. 

 

Uchoa et al., (2017) proposed a new set of benchmark instances which consider number of 

customers ranging from 100 to 1000. This was formulated to provide a robust and balanced 

experimental setting using exact and heuristic methods. The methodology was to develop an 

efficient neighbourhood-based technique consisting of iterated local search based 

metaheuristic algorithm and a population technique which is based on unified hybrid genetic 

search. The ILS is coupled with an integer programming solver over a set partitioning (SP) 

formulation, which seeks to create new solutions in the light of known routes from the 

previous local optimums. In the UHGS, a continuous diversification was actualized by 

modifying the objective during the parents and survivor selection. This was to promote not 

only good but also diverse solutions. Both methods achieved quality results although the 

UHGS outperformed the ILS for instances containing large number of customers on a route. 

But for instances enclosing few number of customers per route, the ILS produced solutions 

of generally higher quality. For instances with large number of customers per route, the ILS 

demonstrates slower convergence and generally leads to solutions of lower quality. However, 

a single approach could not be used for both problems, in obtaining the number of routes the 

maximum number was fixed using the bin-packing problem which made the number of 

routes not adaptive to the number of customers.  
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Hannan et al., (2018) proposed a modified PSO algorithm in a capacitated vehicle routing 

problem model in determining an accurate waste collection and route optimization solution. 

A threshold waste level and scheduling concepts are applied to the model using various 

datasets. The acquired results from the datasets provide a competitive solution on efficiency 

on the travel distance, waste collection efficiency and tightness as compared with previous 

heuristics used. However, the position of the depot was not considered and the optimization 

used on some instances could not attain an optimal value. 

 

From the literature reviewed, it is evident that there is minimal work on determining the best 

position to locate a depot and that there are various methods developed to solve the VRP 

scenario for large and small scale instances each. This proposed research will develop a 

model to optimally locate the best depot position and also use a single technique to solve 

large and small case scenarios putting into consideration the capacity of the vehicle and the 

demand of the customer. The problem of vehicle to route assignment identified in Agatz et 

al. (2011) is addressed in this dissertation using the FFA. Sampling few customers or small 

sized Instances  in Penna et al., (2016), Archetti et al., (2017), Hernandez et al., (2017) and 

Bianchessi et al., (2017) does not depict a complete perspective to the method used and 

shows the inefficiency of the approach but the number of customers in this work used up to 

1000 customers and the approach is used for both small and large Instances. The inefficient 

waste collection due to type of smart bin and its data in Kuo et al., (2012) and Al Mamun et 

al., (2016) was addressed with the use of Threshold Waste Level (TWL).  
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CHAPTER THREE 

MATERIALS AND METHODS  

3.1  Introduction 

In this chapter, the materials, the methods and the reported procedures used for the 

implementation and simulation of the CVRP model and various depot positions are described 

based on the outline developed in section 1.6. The relevant assumptions necessary for the 

development of the optimized scheme. The mathematical equations governing the model 

formulation for performance evaluation are described. 

3.2  Materials 

In this section, the materials used for the implementation of this research, presented in this 

report are discussed. These materials involve the specification of the computer system and 

the software used for the implementation. 

3.2.1 Computer System 

All simulations performed in this research were carried out using a personal Lenovo 

ThinkPad E550 laptop. The specification of this computer are given below in Table 3.1. 

Table 3.1 Computer Specification 

S/N Items Specifications 

1 System Type         64-bit Operating System 

2 Operating System Microsoft Windows 10 Pro 

3 Microsoft Word, Excel & Power Point Office 2013 

4 Processor    Intel® Core™ i3-5005U CPU @  2.00 GHz 

5 Memory      4GB of RAM 

6 Hard disk    500GB of hard disk space 

7 Display       1366x768 or higher resolution display with 

16bits colours 
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3.2.2 MATLAB 

The MATrix LABoratory (MATLAB) is the software used to implement all models in this 

research. The MATLAB is a numerical computing environment and programming language 

for engineers. Although, several versions of the MATLAB have been developed by 

MathWorks but, for the purpose of this research the R2015b was used. 

 

3.3  Conceptualized Framework of Solid Waste Management 

The problem of waste management is in optimizing the best possible route to pick up waste 

(waste generation centre), take them to a dumpsite (waste collection centre) and then to a 

recycle factory (waste recycling centre) as shown in Fig. 3.1.  

Depot

Logistics B

Bin

Bin

Bin Bin

Bin

Bin

Bin

Bin

Bin

Logistics A

Recycle 
Factory

Waste Generation Center Waste Collection Center
Waste Recycling Center

  

Fig. 3.1 Stages of Waste Management 

Fig. 3.1 shows the conceptualised framework which describes the stages of waste 

management. The bins (which are referred to as nodes) in the waste generation centre denotes 

the container that holds the quantity of the waste (demand). It is the first point of contact by 

the vehicles to pick up the demand from one node to another where the proposed model was 

be applied. When the pickup is completed, the vehicles proceed (logistics A) to the depot 

where the proposed model is also applied. At this stage, the demand is collected from various 
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vehicles and put together to deliver (logistics B) to the recycle factory for processing into 

various products e.g. fertilizers and other by-products to benefit mankind. 

 

3.4  Development of the CVRP Model 

The basic concept of VRP is to serve a set of customers to find the least travel distance but 

when the vehicle capacity is considered, it becomes CVRP. This model objective is to 

determine a viable route that minimizes distance. There are some constraints accredited to 

the modelling of a CVRP explained in this study. Where N is the number of customers, a 

nonnegative distance cost 
ijd and represents distance from bins i to j , where ji  . A set of 

vehicles  Kk ,...,2,1 is available at the depot to either collect or deliver demand as the case 

maybe. 

A route is established by the summation of multiple links. A link is formed with the notation 

k

ijP which moves from customer i  through to customer j , by a vehicle k, where the decision 

variables are dependent of the vehicle capacity and the customer demand which are modelled 

as follows: 

𝑃𝑖𝑗
𝑘 = {

1, 𝑖𝑓 𝑣𝑒ℎ𝑖𝑐𝑙𝑒 𝑡𝑟𝑎𝑣𝑒𝑙𝑠 𝑓𝑟𝑜𝑚 𝑐𝑢𝑠𝑡𝑜𝑚𝑒𝑟 𝑖 𝑡𝑜 𝑗
0, 𝑖𝑓  𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒                                                    

                                                     (3.1) 

The variables take only the integer (s) because the number of customers, vehicles and route 

cannot be a fraction, 

 1,0k

ijP          KkNji ,...,2,1;,...,2,1,0,                                                                    (3.2) 

All vehicles begin and end at the depot i.e. each vehicle is not used more than once, 
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aj
iaP      KkNji ,...,2,1;,...,2,1,0,                                                                 (3.3) 
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Although the vehicle must not be re-used, the inequality is considered when the vehicle is 

also not being used out of the pool of vehicles at the depot. If all vehicles are used it will be 

an equal sign. 

A customer is visited once, by only one vehicle each time, 





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ijp
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0
0

1            KkNji ,...,2,1;,...,2,1,0,                                                             (3.4) 

There must be route continuity, 
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it PP             NtKk ,...,2,1;,...,2,1                                   (3.5) 

The route has a limit (not exceeding the total distance), 
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k

ij DPd 
 0 0

             KkNji ,...,2,1;,...,2,1,0,                                                    (3.6) 

The number of routes and vehicles must be above 1, else the model becomes a TSP and not 

a VRP, where the former deals with a vehicle and a single route, 
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ijP                      KkNji ,...,3,2;,...,3,2,            (3.7) 

The capacity of the vehicle must not exceed its maximum, there must be no overloading, 

maxkk QQ                      Kk ,...,2,1                              (3.8) 

The total demand 𝑞𝑇 on each route must not exceed the capacity of the vehicle on that route, 
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All the demand must be accomplished, 

𝑞𝑇 =  {
∑ 𝑞𝑗 (∑ 𝑃𝑖𝑗

𝑘

𝑁

𝑖=0

)     𝑖𝑓 𝑞𝑖𝑗 ≠ 0

𝑁

𝑗=0

0                          𝑖𝑓 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

                                                                                    (3.10)  

 

The total cost and travel distance is minimized, 

ijk
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0 0 1

min             (3.11) 

3.4.1 Depot Positions 

For this CVRP model, one depot is considered. The location of the depot is pivotal in 

achieving the set objective of the routing scheme. This approach is also used to determine 

the best location for the depot to be positioned as against other positions. Various depot 

positions are sampled across all the Instances. An Instance in CVRP are arrangement or 

scenarios formulated based on certain parameters as explained in subsection 2.2.3. These are 

standard point of references which can be used for comparison.  The various positions 

considered are: 

1. Random (R) – the depot is located at an arbitrary point on the search space (x, y). 

There is no empirical or systematic approach that guides the decision for this location. 

However, the depot should be positioned such that the total cost which is the 

collective distance across all the vehicle pickup points is minimized. A typical 

scenario of a randomly positioned depot is given in Fig 3.2 below. 
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                     a. Instance A-n26-k4                                                 b. Instance X-n101-k25  

Fig. 3.2. A Random Positioned Depot 

Fig 3.2 shows a snippet of randomly positioned depot of a CVRP model. The Fig 

3.2a shows a depot (which is the rectangular node in the search space), four (4) route 

and twenty-five (25) pick-up locations scenario for the solid waste management 

system, where the depot is positioned in the search space at random. Fig 3.2b shows 

a depot, twenty-five (25) route and hundred (100) drop-off locations scenario for the 

retail supply chain, where the depot location is not pre-defined. This route and 

customer locations (which are the circular nodes) are generic for the samples 

explaining the various depot positions. Similar randomly positioned depot was 

implemented for the other scenario considered in this report. 

2. Central (C) – in this case, the depot is positioned at the centre of search space. The 

search space is a 100X200 for solid waste management and 200X200 for retail supply 

chain, thus, the depot is positioned at a coordinate given as  

sup ( , )D x y        (3.12) 

Where x is the coordinate in x-axis and y is the coordinate in y-axis whose values are 

selected as (100, 50) for the solid waste management. In the case of retail supply 
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chain, the positions of x and y are taken as (100, 100). Fig 3.3 shows the snippet of 

the two cases (supply chain and waste management). 

 

            
a. Instance A-n26-k4                                                          b. Instance X-n101-k25  

Fig. 3.3. A Central Positioned Depot 

 

3. Eccentric (E) – the position of the depot is considered to be located at any of the 

edges of the search space. Where x is the coordinate in x-axis and y is the coordinate 

in y-axis whose values are selected as (195, 95) for the solid waste management. In 

the case of retail supply chain, the positions of x and y are taken as (195, 195). The 

snippet of the eccentric positioned depot for both cases (supply chain and waste 

management) is shown in Fig. 3.4 
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    a. Instance A-n26-k4     b. Instance X-n101-k25  

                                               Fig. 3.4. An Eccentric Positioned Depot 

                 

4. Optimized (O) – the position (𝑥, 𝑦) on the x and y axis on the search space is decided 

by the algorithm. The search space is explored for the best possible location to fix the depot, 

relative to the pick-up locations, in order to serve the given set of customers, assuming the 

customer locations are fixed. The difference between this position and the Random (R) 

position is that in (R) there is no search done and any arbitrary point is just utilized. 

               
a. Instance A-n26-k4        b. Instance X-n101-k25  

Fig. 3.5. An Optimized Position of a Depot 

 

Fig 3.5 a and b shows the depot position actualised for the instance in both solid waste management and 

supply chain respectively. The various routes, also represent various path taken by different vehicles. 



34 
 

From the pictorial scenario above in Fig 3.5, it can even be visually observed that, the locations through 

which the vehicles move on the route are closer to the depot, which will turn out to have a shorter 

travelled distance considering all the constraints. 

3.5 CVRP Optimization using Firefly Algorithm 

The Firefly based technique simply solves the CVRP model by identifying the nodes 

(customer points) as the stationary fireflies and a vehicle as the moving fireflies. Evaluating 

all the points and the given parameters to define the best position to locate the depot. Then, 

the vehicles are evaluated knowing which one is to be assigned to which route, after which 

it is attracted to the nearest customer location guided by the set constraints. This process 

continues until the CVRP is solved. In this research, a total of thirty-six cases for each of the 

positions (random, optimized, centre and eccentric) as explained in subsection 3.4.1, was 

employed for the waste management problem and the work of Hannan et al., 2018 was used 

for comparison shown in Table 4.3. In the case of supply chain problem, only ten (10) of the 

total scenarios presented in the work (Uchoa et al., 2017) was used for the purpose of 

comparison shown in Table 4.4. This information was used along with the CVRP model 

parameters for the optimization models described in subsection 3.2. The total cost and travel 

distance of the CVRP described in (3.11) was then optimized using the Firefly optimization 

algorithm. The process of implementing according to the methodologies and systematic 

approach as seen in Appendix A and Appendix B in developing the routing scheme is 

structured in the flowchart for the FFA implementation which is given in Fig. 3.6. 
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& FFA parameters (I, J, Itr, npop)

Evaluate Depot Positions

Generate Initial positions of Fireflies (Depot)

Evaluate Fitness of CVRP

Rank Fireflies based on their 
Fitness

Evaluate Fitness value of each 
Firefly

Print Best Fitness value

t=0
.
.
.

                  t <Itr

For i= 1:n
For j = 1:n
F(j) > F(i)

t = t+1

Stop

Move Firefly  I  towards  j 
Yes

No

 
Fig. 3.6 Flowchart of the FFA-CVRP model 
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Fig 3.6 details the flow in developing the optimized routing scheme for the CVRP model. To 

implement this routing scheme, the parameters vehicle capacity (Q), number of customers 

(N) which correspond to the number of fireflies, number of vehicles (V) which correspond 

to the search dimensions and the quantity of load (q) were initialized. The parameters of the 

FFA algorithm which are the initial customer points (i), the next customer point (j), number 

of iterations, and population were also initialized. The various depot positions (random, 

optimized, centred and eccentric) were generated at different points in the search space. This 

positions were evaluated for each Firefly. The fitness of these initial positions and parameters 

was evaluated and each Firefly are ranked according to their fitness. The vehicle moves from 

Firefly i to Firefly j and progresses in that order from the initial customer points (i), the next 

customer point (j), to the next point (i+1), then to (j+1) until the maximum number of 

fireflies is reached. The FFA solution search process was then performed in an enclosed loop 

and the fitness of the new positions were evaluated. The entire process was then evaluated 

over a number of iterations continuously until the maximum number of iteration is reached 

and the Firefly with the overall best position is taken as the optimum solution. The simulation 

parameters used is given in Table 3.2. 

Table 3.2: Simulation Parameters of Solid Waste Management 

SN Parameters  Values Units  

1 Number of Vehicles, V 2 - 10 --- 

2 Number of Customers, N 11 - 100 --- 

3 Capacity of vehicle, Q 100 - 400 kg 

4 Capacity / Quantity of demand, q 10 kg 

5 Travelled distance, d 100 - 1500 km 
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Table 3.2 shows the simulation parameters used to implement the Instances in the CVRP 

model for Solid Waste Management. 

Table 3.3: Simulation Parameters of Retail Supply Chain 

SN Parameters  Values Units  

1 Number of Vehicles, V 25 - 62 --- 

2 Number of Customers, N 100 - 1000 --- 

3 Capacity of vehicle, Q 13 - 794 kg 

4 Travelled distance, d 20000 - 80000 m 

 

Table 3.3 details the parameters used for the Instances in simulating the CVRP for Retail 

Supply Chain. 

 

 

 

 

 

 

 

 



38 
 

CHAPTER FOUR 

RESULTS AND DISCUSSIONS 

4.1  Introduction 

In this Chapter, the performances of the model on the route using certain parameters are 

observed. Random, Optimized, Centred and Eccentric depot positions (ROCE) plots are 

presented to enhance the understanding of all the model uncertainties and obtain the best 

possible depot location. The performance of the proposed Firefly based capacitated vehicle 

routing problem model were compared with the performance of the PSO based technique as 

well as ILS-SP, UHGS and BCP with reference to total route distance. 

4.2  Results of FFA-CVRP Model 

The results obtained when the Firefly algorithm was used to optimize the capacitated vehicle 

routing problems on the waste management scenario is given in Table 4.1 

Table 4.1 Results of FFA on the CVRP Model 

No. Datasets 

Capacity 

of 

vehicle, 

Q (unit) 

Capacity 

of bin, q 

(unit) 

TWL 

(%) 
N V 

Distance 

Standard 
FFA  

Improvement 

(%) 

1 A-n33-k5 100 10 0 32 5 661 622 5.87 

2    60 28 5 629 499 20.60 

3    70 25 4 585 407 30.51 

4    75 21 4 533 367 31.12 

5    80 17 3 457 304 33.48 

6    90 12 2 374 219 41.57 

            

7 A-n46-k7  100 10 0 45 7 914 842 7.82 

8    60 38 7 895 699 21.91 

9    70 28 5 750 413 44.94 

10    75 22 4 634 339 46.53 

11    80 18 4 548 310 43.51 

12    90 14 3 449 235 47.59 

            

13 A-n60-k9 100 10 0 59 9 1371 1121 18.21 
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14    60 41 8 1258 909 27.75 

15    70 38 8 1223 834 31.81 

16    75 31 6 1048 663 36.77 

17    80 29 6 979 528 46.04 

18    90 19 4 693 317 54.19 

            

19 P-n40-k5 140 10 0 39 5 458 359 21.62 

20    60 34 4 417 345 17.27 

21    70 32 4 388 334 13.92 

22    75 25 4 352 333 5.40 

23    80 18 3 294 266 9.52 

24    90 12 2 232 192 17.24 

            

25 B-n78-k10 100 10 0 77 10 1263 1091 13.60 

26    60 54 9 1124 828 26.33 

27    70 43 8 1069 732 31.49 

28    75 27 6 732 409 44.16 

29    80 21 4 613 304 50.41 

30    90 11 2 346 111 68.01 

            

31 P-n101-k4 400 10 0 100 4 705 489 30.64 

32    60 81 4 616 442 28.25 

33    70 70 4 564 436 22.70 

34    75 62 3 545 424 22.20 

35    80 55 3 494 411 16.80 

36       90 33 2 351 193 45.01 

 

Table 4.1 shows the 36 instances featured in (Hannan et al., 2018). The result obtained using 

the FFA on the CVRP model shows improvement on the distance across all instances. Each 

set of instance has same capacity of all vehicles while the number of service points and TWL 

(threshold waste level) which is the level of the quantity of demand varies. Due to the 

decrease in the number of nodes (bins), the route length decrease s, thus only a few vehicles 

are needed. Although, the customer positions are randomly located. Each improvement is 

realised by the percentage difference between the FFA acquired distance and the standard 

from literature, which is the exact method used (Hannan et al., 2018). For the first set of 
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instances A-n33-k5, it gives a collective improvement of 27.19%, A-n46-k7 gives a 

collective improvement of 35.39%, A-n60-k9 gives a collective improvement of 35.80%, P-

n40-k5 gives a collective improvement of 14.16%, B-n78-k10 gives a collective 

improvement of 39.00% and P-n101-k4 gives a collective improvement of 27.60%. The 

collective improvement is the average of the individual improvement in each set. From the 

table above, using the FFA metaheuristic approach, it is observed that there is total 

improvement on all instances, this interprets to a reduced total route distance. These results 

are further analysed under different depot positions using the bar chart given in Fig. 4.1 

           

A.    Dataset A-n33-k5      B.    Dataset A-n46-k7 

 

                

C. Dataset A-n60-k9    D.    Dataset P-n40-k5 
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E. Dataset B-n78-k10               F.    Dataset P-n101-k4 

Fig. 4.1 Plot of Travelled distance against the Instances 

Fig. 4.1 shows the plot of the travelled distance against the various set of Instances. This 

details the overview of the FFA-CVRP model used to solve the Instances in other to achieve 

a minimize travel distance. The thirty-six (36) Instances of the solid waste management, are 

grouped into six (6) sets, having different set of instances with same vehicle capacity but 

varies with their number of customers and number of vehicles. For example, Instance A-n33-

k5 has a vehicle capacity with a demand capacity of 100 and 10 respectively, as shown in 

Table 4.1 which interprets the scenario having the numbers of customers to be 32 with 1 

depot and 5 different routes. The latter values vary within the set of Instance. 

4.3 Results for Variations in Depot Positions 

In this section, there is a detailed analysis of the depot position and its effect in obtaining the 

best route distance which is the lowest travelled distance. The charts Fig 4.3 and Fig 4.4 are 

segmented into three, the improved, the draw and the common results. There are four 

variations of the positions of the depot for each of the segments, the optimal, the eccentric, 

the centred and the random positions which have been explained in subsection 3.2.1.  
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4.3.1 Optimal Depot Position 

There are thirty-six instances used for the solid waste management model which the various 

depot positions where tested on, to determine which produces a result with the lowest total 

route distance. The number of iterations used for this simulation is 1000 and the extract from 

Table 4.2 is deduced from Appendix D which solves the quest to the first objective in section 

1.4.  

Table 4.2 Results of Depot Positions 

Position Improved Draw Common Total 

OD 9 7 7 36 

ED 5 6 7 36 

CD 2 6 7 36 

RD 2 3 7 36 

 

Table 4.2 above shows out of the 36 instances, the optimized depot position have 9 times 

best results, the eccentric depot position have 5 times best results, the central and random 

depot placement each have 2 times best results each. This description explains the improved 

category.  

The Fig 4.2 interprets the number of times each depot position obtained the same results with 

another depot positions. The summation of the frequency of a position constitute the numbers 

of the Draw column in Table 4.2. 

1
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RDED

CDOD
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

 

Fig 4.2 Intersection of various depot position 

Fig 4.2 provides a breakdown on which depot had achieved same travelled distance as 

another. This gives a figurative caption on the Draw column in Table 4.2.  It is seen that the 
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central and eccentric position obtained same result twice. The optimal and eccentric position 

also had same result twice. The optimal and central depot positions achieved the same result 

four times. Twice, the eccentric and randomly placed depot obtained same result, only the 

optimal and random depot position had same total travelled distance once. 

The column Draw in Table 4.2 explains the summary of the above result in Fig 4.2 which is 

the total number of times each position had same results with one or more other positions 

but not all. The optimized depot position had same results 7 times with another depot 

position, 6 times, both the eccentric and central position shares same result with other depot 

positions and the randomly placed depot has the same result 3 times.  

To further buttress the graphical representation of analysis, the output is shown in the Fig. 

4.3. 

 

Fig. 4.3 Plot of Depot Position against Frequency of Result 

Fig. 4.3 shows the plot of the various depot positions against the number of result outcomes 

of the 36 Instances. This gives a pictorial view of Table 4.2. It further describes a Common 

result for all the positions (the random, optimized, central and eccentric) acquired the same 

total travelled distance seven times. The figure also details that the optimized depot 
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placement gives the highest number of best results over the other positions, after which the 

eccentric, then the centred depot position and randomly placed depot position.  

4.3.2 Depot Location Percentage Improvement 

In evaluating the performance of the developed model under different depot positions, the 

percentage improvement of the best result obtained by each depot position was determined 

against the total number of instances. The figure below is based on Table 4.2. 

 

Fig. 4.4 Line Chart of the Depot location Improvement 

The line chat in Fig 4.4 shows the plot percentage improvement against the classification of 

the results. It details the depot positions with the percentages of the improved result, the 

percentage of draw and the common results. Of the 36 instances, this shows that there is a 

5.56% improvement positioning the depot at the centre or at a random (arbitrary) location. 

A 13.89% improved result is obtained when the depot is at an eccentric location (refer to 

3.2.1). For an optimal position, there is a 25% improvement when the depot position is being 

decided by the Firefly algorithm within the search space. For the depot positions that 

obtained the same travelled distance similar to another, a 19.944% same result is obtained 

by the optimal depot position, both the eccentric and centrally placed depot each had 16.67% 
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and the randomly place depot had an 8.33%. All four positions had same travelled distance 

obtaining a 19.44% result of the 36 instances. 

From the performance of each depot positioning, the extract from Table 4.2 and Fig. 4.2 

informs the Fig 4.5. Fig 4.5 provides a graphical description on the advantaged result of the 

optimal depot position over the other positions as explained in graphical representation 

outcome of the simulation in subsection 3.4.1. 

 

Fig 4.5 Advantage Improvement of the optimal depot placement  

Fig 4.5 shows the plot of the percentage improvement of the optimized depot position over 

the other three depot positions i.e. the advantage of the optimal depot position (OD) as 

against the eccentric depot position (ED), the centred depot position (CD) and the random 

depot position (RD). The detail obtained in the chart shows the OD has a 44.44% 

improvement over the eccentric position. There is also a 77.78% improvement in results over 

the centred and random positions. Also, for the draw, the OD has more same results with 

either of the other three depot positions, than each of them with other positions. This means 

the OD achieved more uniform results than either of three depot positions with a 14.29% 
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over the eccentric and centred positions have with either of the two depot positions. The OD 

also has a 57.14% more draw results than the RD. 

This depicts the OD has more improved results and has more same results than the rest of 

the depot positions. This will give a better route navigation leading to a more reduced total 

route distance and reduced cost inevitably with an improvement of 44%, 78% and 78% over 

the eccentric, centre and random positions respectively. This explains that the human eye, is 

not best to give a random location for a depot to be placed just by mere taking into cognisance 

of the environmental layout and the customer distribution spread. This further informs us 

that the algorithm used to determine the best location is substantive. Hence, the optimized 

position determined by the FFA is the optimal depot position to achieve the minimum total 

travelled distance. 

4.4 Results of Comparison for the PSO with the FFA Based Technique 

The developed FFA based CVRP model was compared with that of PSO based CVRP 

method considering the thirty-six-case scenario. The results obtained are given in Table 4.3 

Table 4.3 Comparison between FFA and PSO 

No. Datasets 

Capacity 

of 

vehicle 

(unit) 

Capacity 

of bin 

(unit) 

TWL 

(%) 
N V 

Distance 

PSO 
FFA  

Improvement 

(%) 

1 A-n33-k5 100 10 0 32 5 661 622 5.87 

2    60 28 5 599 499 16.63 

3    70 25 4 518 407 21.52 

4    75 21 4 430 367 14.62 

5    80 17 3 316 304 3.80 

6    90 12 2 212 219 -3.07 

            

7 A-n46-k7  100 10 0 45 7 914 842 7.82 

8    60 38 7 876 699 20.22 

9    70 28 5 615 413 32.86 

10    75 22 4 440 339 22.96 
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11    80 18 4 329 310 5.91 

12    90 14 3 221 235 -6.47 

            

13 A-n60-k9 100 10 0 59 9 1371 1121 18.21 

14    60 41 8 1154 909 21.24 

15    70 38 8 1091 834 23.56 

16    75 31 6 801 663 17.27 

17    80 29 6 699 528 24.43 

18    90 19 4 350 317 9.29 

            

19 P-n40-k5 140 10 0 39 5 458 359 21.62 

20    60 34 4 380 345 9.21 

21    70 32 4 329 334 -1.52 

22    75 25 4 271 333 -22.88 

23    80 18 3 189 266 -40.74 

24    90 12 2 118 192 -62.71 

            

25 B-n78-k10 100 10 0 77 10 1263 1091 13.60 

26    60 54 9 1000 828 17.19 

27    70 43 8 912 732 19.69 

28    75 27 6 424 409 3.60 

29    80 21 4 298 304 -2.01 

30    90 11 2 95 111 -16.52 

            

31 P-n101-k4 400 10 0 100 4 705 489 30.64 

32    60 81 4 538 442 17.84 

33    70 70 4 451 436 3.33 

34    75 62 3 421 424 -0.71 

35    80 55 3 346 411 -18.79 

36       90 33 2 175 193 -10.29 

 

Table 4.3 above shows the comparison for the results of the PSO technique and FFA 

technique on total route distance. Table 4.3 shows the total travelled distance obtained from 

the PSO and FFA. It is observed that there are improvements on result obtained by the FFA 

model over the PSO metaheuristic approach. The percentage difference between the FFA 

acquired distance and the PSO approach is the percentage improvement of the FFA based 

model. For the first set of instances A-n33-k5 has an improvement of 9.89%, A-n46-k7 has 
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an improvement of 13.88%, A-n60-k9 has an improvement of 19.00%, P-n40-k5 gives a 

decline of -16.17%, B-n78-k10 has an improvement of 5.93% and P-n101-k4 has an 

improvement of 3.67%. From Table 4.3, using the FFA metaheuristic approach, it is observed 

that there is a five out of the six set of instances have substantial improvements on the total 

route distance. From the above result, as the number of vehicles and customer points 

decrease, even with an increasing threshold waste level (TWL) from 0 – 90%, the total travel 

distance reduces. This is because technically, with less number of vehicles and customers 

interprets less number of routes which invariably gives a reduced travelled distance. Of the 

36 instances where the FFA-CVRP model is tested on, the FFA has a 72% better results over 

the PSO. 

4.5 Results of Comparison for the ILS-SP, UHGS, BCP with FFA 

The developed model in this research was validated using the iterated local search with set 

partitioning (ILS-SP), unified hybrid genetic search (UHGS) and branch and cut price (BCP) 

methods presented in the work of Uchoa et al., (2017). The data from the result is analysed 

in Table 4.4. 

Table 4.4 Comparison between ILS-SP, UHGS, BCP and FFA 

    Instance Characteristics Travelled distance achieved through Metaheuristic Improvement  

# Name n Dposition Q ILS-SP UHGS BCP BKS FFA  Distance         (%) 

1 X-n101-k25 100 R 206 27591 27591 27591 27591 22572 5019 18.19 

2 X-n153-k22 152 C 144 21340 21220 21140 21140 20538 602 2.85 

3 X-n200-k36 199 R 402 58626 58578 58455 58455 52052 6403 10.95 

4 X-n303-k21 302 C 794 21812 21748 21546 21546 19784 1762 8.18 

5 X-n401-k29 400 E 745 66453 66243 65971 65971 60194 5777 8.76 

6 X-n502-k39 501 E 13 69284 69253 69120 69120 65785 3335 4.82 

7 X-n613-k62 612 C 523 60229 59778 59323 59323 55361 3962 6.68 

8 X-n701-k44 700 E 87 82888 82293 81694 81694 78617 3077 3.77 

9 X-n801-k40 800 E 20 73830 73587 73124 73124 70175 2949 4.03 

10 X-n1001-k43 1000 R 131 73776 72742 71812 71812 67927 3885 5.41 
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Table 4.4 shows the total route distance achieved by using different metaheuristic approach 

on each Instance considered. The Table depicts the BKS that was obtained considering the 

previously used three algorithms (ILS-SP, UHGS and BCP). The BKS was then used to 

compare the results obtained by the FFA. It is seen that applying the FFA on the CVRP 

model minimized the total travelled distance for X-n101-k25 by 5019m, for X-n153-k22 by 

602m, for X-n200-k36 by 6403m, for X-n303-k21 by 1762m, for X-n401-k29 by 5777m, for 

X-n502-k39 by 3335m, for X-n613-k62 by 3962m, for X-n701-k44 3077m, for X-n801-k40 

2949m and for X-n1001-k43 by 3885m. This result was then implemented to calculate the 

percentage improvement for each of the Instances considered. The validated results obtained 

is plotted below in Fig 4.6. 

 
Fig 4.6 Best Known Solution for the Supply Chain Instances 

 

Fig 4.6 shows the plot of the travelled distance against the Instances for the supply chain. 

The result of FFA possess the Best Known Solution in comparison with the algorithms used 

in (Uchoa et al., 2017). For all the 10 instances in serving 100 to 1000 customers, it is 

certified that the FFA now provides the new best known solution (BKS) amongst the four 
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techniques tested on the Instances. In order to further evaluate the performance of the 

developed method, the performance test given in Fig. 4.7 was generated. 

 
Fig. 4.7 Perfromance of the FFA-CVRP Model 

Fig. 4.7 highlights the plot of the performance of each of the algorithms as against the 

Instances. This details the efficiency of the FFA-CVRP Model which has shown to provide 

better results and outperforms the other methods used in solving both large and small scale 

instances for supply chain. 

 
Fig. 4.8 Performance of the Instances for Supply Chain 

0

50000

100000

150000

200000

250000

300000

350000

P
ER

FO
R

M
A

N
C

E

INSTANCES

ILS-SP UHGS BCP FFA

0

1000

2000

3000

4000

5000

6000

7000

D
IS

TA
N

C
E 

D
IF

FE
R

EN
C

E

INATANCES



51 
 

Fig. 4.8 shows the performance if each of the instances, deduced from the difference in the 

BKS of Uchoa et al., (2017) and the FFA-CVRP Model. The instance X-n200-k36 has the 

highest value, which means the FFA-CVRP model is able to navigate channels faster and 

better with efficient productivity to obtain a more improved solution. This is due to the low 

ratio of the number of routes and the vehicle capacity to the number of customers and their 

demand distribution. The dip in the X-n153-k22 instance, shows it possess the lowest 

difference between the BKS of the earlier techniques used and the FFA based model.  
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CHAPTER FIVE 

CONCLUSION SUMMARY AND RECOMMENDATION 

5.1 Summary of findings 

This research has presented a routing scheme for a capacitated vehicle routing model using 

the Firefly algorithm, aimed at minimizing the total route distance and identifying the best 

possible location to position a depot. Two Instances were used to test the model, 36 instances 

from solid waste management and 10 scenarios from supply chain. Against the PSO, results 

showed that for solid waste management, the first set of the instances A-n33-k5 shows an 

improvement of 5.87%, a 16.63% improvement occurs at instance A-n29-k5, A-n26-k4 has 

an improvement of 21.52%, a 14.62% improvement on A-n22-k4, a 3.80% on A-n18-k3 and 

A-n13-k2 has a decline of -3.07%. For the second set of instances, A-n46-k7 has a 7.82% 

improvement over the PSO while A-n39-k7 has a 20.22% improvement, there is a 32.86% 

improvement on instance A-n29-k5, a 22.96% improvement on A-n23-k4, 5.91% 

improvement on A-n19-k4 and A-n15-k3 has a decline of -6.47%. The third set of instances 

A-n60-k9, has an 18.21% improvement over the PSO, a 21.24% improvement on A-n42-k8, 

a 23.56% improvement on A-n39-k8, A-n32-k6 has a 17.27% improvement, while there is a 

24.43% improvement on A-n30-k6 and 9.29% on A-n20-k4. For the fourth set of instances, 

P-n40-k5 has a 21.62% improvement, P-n35-k4 has an improvement of 9.21%, a series of 

decline occurs with a -1.52% on P-n33-k4, -22.88% on P-n26-k4, -40.74% on P-n19-k3 and 

-62.71% on P-n13-k2. The fifth set of instances shows an improvement of 13.60% on 

instance B-n78-k10, a 17.19% on B-n55-k9, B-n44-k8 with a 19.69% improvement while a 

3.60% on B-n28-k6, two scenarios of decline is experienced on B-n22-k4 with a -2.01% and 

-16.52% on B-n12-k2. Lastly, the sixth set of instances shows half had results with 
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improvements, a 30.64% on instance P-n101-4, a 17.84% on P-n82-k4, a 3.33% on P-n71-

k4 and half had a total route distance that declined with -0.71% on P-n63-k3, -18.79% on P-

n56-k3 and -10.29% on P-n33-k2. 

For the instances of supply chain to deliver demand between 100 to 1000 customers, 

improvement occurred across all instances. 18.19% on X-n101-k25, 2.85% on X-n153-k22, 

10.95% on X-n200-k36, 8.18% on X-n303-k21, 8.76% on X-n401-k29, 4.82% on X-n502-

k39, 6.68% on X-n613-k62, 3.77% on X-n701-k44, 4.03% on X-n801-k40 and 5.41% 

improvement on instance X-n1001-k43. The lowest ranked percentage improvement, which 

occurs on instance X-n153-k22 is due to the minimal difference in the distance between the 

BKS on the instances and the FFA-CVRP model. The slight percentage observed in the 

improvements is due to the distance covered which is large, hence, the difference compared 

to the largely covered distance will not have a high magnitude. 

5.2 Significant Contributions 

The significant contributions of this research work are as follows: 

I. The developed routing scheme for the capacitated vehicle routing model using 

Firefly algorithm significantly improved the total route distance on both large and 

small sized instances by minimizing the travelled distance from a node to node 

path until all nodes and visited. For the solid waste management instances, the 

FFA-CVRP model contributed an overall improvement of 29.86% over the 

standard method and a 6.03% over PSO. The model outperformed the, ILS, 

UHGS and BCP approach used on the set of instances for supply chain with an 

average improvement of 7.36%. All the observations were made used assuming 

same conditions as other techniques used. 
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II.  The developed model achieved a distinct travel path and search in actualizing the 

best position to locate a depot. It obtained best results 25% of the instances, with 

a 44.44% advantage over the eccentric position, a 77.78% advantage over both 

the centre and randomly positioned depot as shown in Fig 4.4 extracted from 

Table 4.2. 

5.3 Conclusion 

This research developed a routing scheme for capacitated vehicle routing problem (CVRP) 

which was optimized using the Firefly algorithm to obtain an optimal solution on the total 

route cost. The objective function was modelled considering various depot positions. The 

simulation was performed on MATLAB R2015b using instances on solid waste management 

and retail supply chain. The results obtained was compared with Hannan et al., (2018) and 

Uchoa et al., (2017). The result achieved an optimal depot placement for various 

classification of instances. The efficiency of this model improved the effectiveness of the 

Solid waste management and Retail supply chain by reducing its total route distance which 

in turn will minimize cost. 

5.4 Limitations 

The limitations of this research work are highlighted as follows: 

I. Accounts of the peak periods when the customers will be available was not taken 

into consideration. 

5.5 Recommendations for Further Work 

The following possible areas of further work are recommended for consideration for future 

research: 
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I. Modelling time windows into the FFA-CVRP model can be investigated as there are 

periods for some pattern of transportation like the solid waste management due to the 

environmental pollution and cases like supply chain due to customer availability this 

will be a different type of VRP which is the VRPTW.  

II. FFA can be hybridized with another algorithm on the same CVRP model to test for 

improvement. 

III. A proposed platform that can simulate a mapped geographical area, channelling exact 

pattern of roads and extracting modelled scenarios for the CVRP can be implemented 

using this approach. 
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APPENDIX A 

MATLAB script for the SOLID WASTE MANAGEMENT SCENARIO 
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APPENDIX B 

MATLAB script for SUPPLY CHAIN SCENARIO 
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APPENDIX C 

MATLAB script for the SELECT MODEL FUNCTION FOR SOLID WASTE 

MANAGEMENT AND SUPPLY CHAIN SECENARIOS 
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APPENDIX D 

RESULT FOR THE ROCE DEPOT POSITIONS  

No. Datasets 

Capacity 

of 

vehicle, 

Q (unit) 

Capacity 

of bin, q 

(unit) 

TWL 

(%) 
N V 

Distance 

(Unit) 

FFA FFA FFA FFA 

OD CD ED RD 

1 A-n33-k5 100 10 0 32 5 661 322.69 322.03 322.09 324.11 

2    60 28 5 629 347.00 351.53 355.16 345.48 

3    70 25 4 585 332.00 340.06 337.74 335.92 

4    75 21 4 533 305.00 304.56 305.09 304.62 

5    80 17 3 457 304.00 308.91 314.94 308.91 

6    90 12 2 374 218.52 218.52 218.52 218.52 

              

7 A-n46-k7  100 10 0 45 7 914 364.00 362.93 352.60 363.94 

8    60 38 7 895 364.00 359.10 364.87 370.11 

9    70 28 5 750 346.00 346.88 346.66 354.21 

10    75 22 4 634 306.00 308.42 306.44 308.61 

11    80 18 4 548 303.00 301.84 300.65 301.55 

12    90 14 3 449 235.08 235.08 235.08 235.08 

              

13 A-n60-k9 100 10 0 59 9 1371 377.00 376.98 380.58 382.82 

14    60 41 8 1258 348.55 348.93 348.44 348.68 

15    70 38 8 1223 356.00 356.93 356.30 360.70 

16    75 31 6 1048 296.00 296.29 299.87 297.47 

17    80 29 6 979 344.00 345.69 342.79 343.12 

18    90 19 4 693 286.00 285.97 286.51 286.55 

              

19 P-n40-k5 140 10 0 39 5 458 340.00 334.08 328.50 334.64 

20    60 34 4 417 347.00 345.44 365.21 353.43 

21    70 32 4 388 334.00 351.50 342.36 337.97 

22    75 25 4 352 333.00 332.98 332.60 332.54 

23    80 18 3 294 266.00 265.85 265.85 265.85 

24    90 12 2 232 192.00 192.00 192.00 192.00 

              

25 B-n78-k10 100 10 0 77 10 1263 397.00 399.65 405.04 400.62 

26    60 54 9 1124 362.00 364.07 369.51 362.92 

27    70 43 8 1069 363.04 363.97 361.99 363.58 

28    75 27 6 732 341.00 341.06 340.45 340.12 

29    80 21 4 613 302.00 311.96 304.35 304.09 

30    90 11 2 346 110.70 110.70 110.70 110.70 

              

31 P-n101-k4 400 10 0 100 4 705 488.57 492.61 507.97 518.77 

32    60 81 4 616 422.00 427.28 422.55 421.56 
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33    70 70 4 564 435.91 435.94 463.86 445.58 

34    75 62 3 545 446.22 453.20 450.53 424.00 

35    80 55 3 494 427.00 419.88 411.19 423.54 

36       90 33 2 351 192.00 193.00 183.00 190.00 


