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ABSTRACT 

 

 

The vehicle routing problem (VRP) is a well known in logistics operation. The vehicle 

routing problem with simultaneous delivery and pickup (VRPSDP) is an extension of VRP 

that considers simultaneous distribution and collection of goods to/from customers. It is a 

critical and vital problem in reverse logistics. This thesis studies the vehicle routing 

problem with simultaneous delivery and pickup (VRPSDP) for the healthy environment. 

This research develops a mathematical optimization model for VRPSDP called 

environmental vehicle routing problem with simultaneous delivery and pickup (EVRPSDP) 

model by using the traveling distance and the load of vehicle. The aim of this model is to 

determine the efficient vehicle route under optimizing the fuel consumption of a vehicle, 

which results in reducing energy consumption as well as pollutant emissions in the air 

(GHG). A Hybrid Genetic Algorithm (HGA) is designed in this research to solve the fuel 

optimization (EVRPSDP) model efficiently. In order to compare the operational efficiency 

of HGA, genetic algorithm (GA) is implemented to solve the EVRPSDP model. The 

computational experiment is conducted and the results of computational experiments show 

the performance of HGA is superior to that of GA in terms of the total fuel consumption (L) 

of a vehicle. 
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CHAPTER 1 

INTRODUCTION 
 

 

1.1 Background 

Supply Chain Management (SCM) is the process of designing, planning, execution, control 

and monitoring of the supply chain activities with the objective of creating net value, 

building a competitive infrastructure, leveraging worldwide logistics, synchronizing supply 

with demand and measuring performance globally (Oliver and Webber, 1982). It efficiently 

integrates suppliers, manufacturers, warehouses and stores; so that merchandise is produced 

and distributed at the right quantities, to the right locations, at the right time in order to 

minimize system-wide costs while satisfying service level requirements (Basher, 2010). 

According to Council of Logistics Management (1991), logistics management is the 

component of supply chain management and is concerned with physical flow of materials 

from suppliers to the consumers. Due to the movement of goods and services, 

transportation is the key of logistics management. There are many fields of logistics 

management and reverse logistics is one of them. Reverse logistics is the process of 

effective flow of goods from the point of consumption to the point of origin for capturing 

value, or proper disposal (Biabchessi and Righini, 2007).  

 

Transportation is the greatest origin of pollution in logistics (Zhang et al., 2014). In 

Bangladesh, transportation accounted for 14% of greenhouse gas (GHG) emission in 2012 

(USAID, 2012). Among GHGs, CO2 emissions are particularly the most concerning issues 

as they have direct effects on human health (Bektas and Laporte, 2011). Also, CO2 is the 

prominent factor for global warming. This vehicle emissions (GHG) mainly depend on the 

amount of fuel consumption of a vehicle (Barth, et al., 2005). According to the information 

of BPC, total annual fuel consumption in Bangladesh is about 3.78 million metric ton (MT) 

of which 2.03 million MT is for transport sector. The total fuel consumption of 

transportation sector is about 54%, which is about 2.5 times higher than the agricultural 

https://en.wikipedia.org/wiki/Good_(economics)
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sector or 18 times higher than the industrial sector (BPC, 2008). From the above 

information, it is strongly evident that designing the transportation network is essential 

under optimizing the fuel consumption of vehicles. So, this research focuses on controlling 

the GHG emissions by optimizing the fuel consumption of vehicles in transportation phase. 

The vehicle routing problem (VRP) is a well-known and frequently analyzed model and 

often used in real life applications, like transportation (Borgulya, 2008). In 1959, the VRP 

was first introduced by Dantzig and Ramser. VRP is concerned with delivering goods to a 

set of customers with known demands through vehicle routes that begin and finish at the 

same depot. Each route has to start and finish at the same depot and each customer has to be 

visited exactly once by one vehicle. VRP with simultaneous delivery and pickup 

(VRPSDP) is an extension of VRP and encountered as reverse logistics. In this variant, 

customers require not only the delivery of goods but also the simultaneous pick up of goods 

from them. Due to the growing concern of environmental deterioration because of 

transportation, this current research is intended to minimize the fuel consumption of a 

vehicle and thereby reduce the vehicle emissions with the objective of minimizing the 

environmental impact. For that reason, this research formulates a fuel optimization model 

for VRPSDP that is the extension of Dethloff (2001). This research also designs a hybrid 

genetic algorithm (HGA) for solving the fuel optimization model efficiently and effectively. 

The research uses filled soft drinks glass bottles as the goods for distribution and empty 

glass bottles as the goods for collecting in the reverse process. 

 

 

1.2 Objectives with Specific Aims  

The specific objectives of this research are- 

1. Development of a fuel optimization (fuel oriented) model for Vehicle Routing 

Problem with Simultaneous Delivery and Pickup (VRPSDP) called Environmental 

VRPSDP (EVRPSDP) model using the distance traveled and load. 

 

2. Development of a Hybrid Genetic Algorithm (HGA) for solving the fuel 

optimization (EVRPSDP) model efficiently and effectively. 
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The results of this thesis work are predicted that the fuel optimization model of a vehicle 

under VRPSDP will provide important sustainable development in environment by 

optimizing the fuel consumption as well as by the reduction of GHG emission from a 

vehicle. 

 

 

1.3 Outline of Methodology 

The proposed research methodology is outlined below:-  

a) Mathematical optimization model for VRPSDP called EVRPSDP model is 

developed by considering the distance traveled and load. 

b) Computational optimization procedure named Hybrid Genetic Algorithm (HGA) is 

designed to solve the fuel optimization model (EVRPSDP) under optimizing the 

fuel consumption of a vehicle. 

c) HGA is developed by hybridizing the Genetic Algorithm with Sweep algorithm and 

Nearest Neighbor Heuristic (NNH). 

d) Genetic Algorithm (GA) is also applied to solve the EVRPSDP model in order to 

compare the operational efficiency of proposed HGA. 

e) The computational experiments of HGA and existing GA are conducted based on 

hypothetical data and the performance of the proposed HGA is compared with 

existing GA based upon several genetic operators. 

 

 

1.4 Organization of the Thesis  

The remainder of this thesis is organized as follows. Chapter 2 presents the literature review 

of all the relevant topics of the thesis. Chapter 3 describes the proposed fuel oriented fuel 

optimization model. Chapter 4 presents the proposed HGA. In Chapter 5, the computational 

experiments are discussed with the necessary data. Chapter 6 illustrates the computational 

results and analysis of HGA and GA. Chapter 7 concludes the thesis with future directions. 
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CHAPTER 2 

LITERATURE REVIEW 
 

   

2.1 Fuel Optimization under VRP and its Variants  

Rapid industrialization and increasing consumption of goods are increasing day by day due 

to prosperity and advances in technology. As a result, the importance of transportation in 

logistics management has been increased. But, the rise in transportation has increased the 

hazardous impacts on the environment such as resource consumption, land use, 

acidification, toxic effects on ecosystems and humans, noise and so on (MirHassani  and 

Mohammadyari, 2014). In addition, the releases of harmful gases (Greenhouse Gas (GHG)) 

into the atmosphere, the usage of non-renewable resources are also occurring due to 

transportation. Consequently, global warming is increasing day by day. The consequent 

global warming leads to climatic change and humans are facing the impact of the enormous 

changes taking place in the environment. A major contributor of the green house gases that 

aggravates global warming is carbon-di-oxide (CO2).  

 

Growing concerns about such hazardous effects of transportation on the environment call 

for revised planning approaches to road transportation by explicitly accounting for such 

negative impacts. Therefore, green transportation is a policy toward reduction of 

environmental impact. This research focused on transportation phase where distribution 

plays an important role and is responsible for a large part of final costs. When a distribution 

center receives all required demand information from all the retail stores it supplies, a 

vehicle routing problem (VRP) is produced. The vehicle routing problem (VRP) is first 

introduced by Dantzig and Ramser (1959). The VRP is concerned with designing the route 

of a vehicle for delivery or collection of goods to a number of geographically scattered 

cities or customers. The fundamental objectives of VRP are to find the minimal number of 

vehicles, the minimal travel time or the minimal costs of the travelled routes or minimal 

cost for fuel consumption. Since then, a large number of different approaches of VRP have 

been extensively developed. Such as Capacitated VRP (CVRP) concerning the fixed no. of 
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vehicles, VRP with time windows (VRPTW) considering the delivering goods within a 

time window, multi-depot VRP (m-VRP), VRP with simultaneous pick-up and delivery 

(VRPSPD) and so on. Each of these has different objectives, constraints and application 

backgrounds. The details of VRP, its variants, formulation, and solution methods can be 

found in Toth and Vigo (2002), Golden et al. (2008), and Hoff et al. (2010). Recently, 

numerous studies have paid their attention to the effect of some economic impacts on 

ecological influence in the VRP networks. The research on minimizing environmental 

deterioration under vehicle routing models can be divided into two main categories. The 

first is the set of models where time-independence is assumed. The second set includes 

models where the road conditions are subject to traffic congestion (time dependent) and so 

the time needed to travel along a road segment depends on the time of day. The load, speed, 

distance, time or many other factors can be decision variable in both cases. 

 

Time Independent Model 

Among time independent models, Palmer (2007) studied to minimize the environmental 

deterioration elements such as CO2 in VRP. The speed, congestion and road topography 

were taken to estimate the emissions of CO2. In this study, Palmer developed an integrated 

routing and emissions model for freight vehicles and the approach was tested on a case 

study of home deliveries for grocery stores in the UK. He found an average saving of 4.8% 

in CO2 emissions was possible compared to using routes that minimize time, but at the 

expense of a 3.8% increase in the time required. Other factors such as the load, nature of the 

road, weight of the empty vehicle, rolling resistance and air drag etc were opposed. Another 

one, Suzuki (2011) studied VRPTW and developed mathematical formulation for 

optimizing the fuel consumption as well as reduction of CO2 pollutants of a truck. In this 

experiment, relatively heavy items were delivered early in the tour while delivery light 

items later of a tour. They considered the vehicle load, average speed based on the road 

gradient and average amount of fuel consumed per hour while a vehicle wait at customer 

sites. This experiment showed that delivering the heavy items earlier than light items has 

significant impact on fuel consumption of a truck but, suzuki did not give any definitive 

conclusion about the effect of waiting time on the fuel consumption of a truck. Several case 

studies have been reported using time-independent approaches with the objective of 
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minimizing fuel consumption and emissions. For example, Ubeda et al. (2011) conducted a 

case study in order to minimize the distances for optimizing the GHG emissions for the 

VRP with backhauls in case of food delivery operation. They introduced several changes in 

fleet management and a methodology for solving VRPB with environmental criteria 

minimization. In their experiment, they reduced the no of routes for distance minimization 

to control the CO2 emissions. They found savings of around 25.5% in CO2 emissions was 

possible compared to the original plan. 

 

Many researchers consider the vehicle load as a decision variable under the time 

independent model. Such as Kara et al. (2007) introduced an extension of VRP called 

Energy-Minimizing Vehicle Routing Problem in which a weighted load function (load 

multiplied by distance) was optimized rather than just the distance. The authors presented a 

model for this problem, based on a flow formulation of the VRP with a load-based 

objective function derived from simple physics. Their approach did not accurately reflect 

the actual energy consumed by a vehicle. In their study, they did not consider the speed or 

other technical factors such as the empty vehicle mass, friction, air drag, time etc. Similarly 

Hsu et al. (2007) studied VRP for energy minimizing (fuel consumption). These authors 

considered a VRP in which perishable food needs to be distributed using vehicles with cold 

storage equipment. The objective was to minimize a total cost function including 

transportation, inventory, energy and violations of time windows introduced as soft 

constraints. The derivation of the energy function was based on the thermal load of a 

vehicle and was stated as a function of total travel time and time spent in serving customers. 

Tavares et al. (2008) demonstrated the effect of both road inclination and vehicle load on 

fuel consumption in waste collection. In their research, three levels of vehicle loads were 

considered: half load when collecting the waste, full load on the way to the disposal site, 

and no load on the way back. This experiment showed that fuel-efficient routes yield 52 per 

cent savings in fuel consumption compare to the shortest distance routes, even travelling a 

34 percent longer distance. Similarly, Xiao et al. (2012) formulated the fuel consumption 

rate (FCR) for a VRP (FCVRP) in order to optimize the fuel consumption using the 

distance traveled and the load of the vehicle as a parameter. They designed a simulated 

annealing algorithm with a hybrid exchange rule to solve FCVRP. They saved average 5% 
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of fuel consumption on the proposed FCVRP as compared to the CVRP model that 

considered only distance as a parameter. They estimated FCR as a linear function of load. 

Peng and Wang (2009) also studied vehicle routing problem based on optimization of fuel 

consumption. They focused that fuel consumption and emissions of vehicle mainly depends 

on vehicle load. In their studied, they gave clear picture that fuel consumption is influenced 

by more than just load and distance, other factors such as speed and the effect of road 

congestion. 

 

Other time-independent models allow the speeds of vehicles to be decision variables. 

Bektas and Laporte (2011) studied the pollution routing problem (PRP) an extension of the 

classical vehicle routing problem to minimize both operational and environmental costs, 

taking into account the customers time window constraints. In their study, the total travel 

distance, the amount of load carried per distance unit, the vehicle speeds and the duration of 

the routes were the main cost components. The authors proposed a non-linear mixed integer 

mathematical model and performed an extensive experimental analysis on realistic 

instances to capture the trade-off between each variation, as well as the effect of the speed 

and time-window constraints on the distance, energy and costs. The results suggest that the 

PRP is significantly more difficult to solve large instances to optimality but has the 

potential of yielding savings in total cost. Later Demir et al. (2012) proposed a two-phase 

heuristic to solve the larger PRP instances. In the first phase, they applied adaptive large 

neighborhood search (ALNS) to the vehicle routing problem with time windows (VRPTW). 

This algorithm consisted of removal and insertion operators to search the solution space. 

They presented five insertion operators and twelve removal operators for ALNS. In the 

second phase, they used the speed optimization algorithm to optimize the vehicle speeds on 

each. Computational experiments were implemented for instances up to 200 customers. 

Therefore, Pollution-routing problem (PRP) has several conflicted aspects. Higher speed 

causes larger amount of emissions, although it results in shorter time routes. Ideally, in 

order to minimize emissions, speed on arcs should be decreased in an optimal speed. 

However, with lower speed, the ability to locate a set of feasible VRP routes will be 

significantly reduced. As a consequence, integrating route and speed decisions will be 
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important in order to reach a suitable balance between these antagonistic aspects (Kramer et 

al. 2015). 

 

Time Dependent Model 

In set of time dependent models, the travel speed plays a major role in time dependent. This 

speed depends on the road congestion. In 1995, Jensen analyzed the relationship between 

travel speeds and emission of vehicle for the different types of roads. Kou (2010) studied 

the time-dependent vehicle routing problem (TDVRP) and proposed a model for optimizing 

the fuel consumption of a vehicle. In that model, Kou assumed the speed and travel time 

depend on the time during planning the vehicle route. The loading weight was considered 

for proposed fuel consumption optimization model. Then, a simulated annealing (SA) 

algorithm was proposed for finding the vehicle route with the least total fuel consumption. 

Furthermore, Kou and Wang (2011) studied the suggested routing plan of Kou (2010) and 

proposed an algorithm for the optimization of fuel consumption. In this algorithm, they 

took three factors namely transportation distance, transportation speed and loading weight 

that had great impacts on transportation fuel consumption. Then, they employed simple 

Tabu search to optimize the routing plan. Figliozzi (2010) formulated an integer 

programming to solve vehicle routing problem in which minimization of air pollution and 

fuel consumption was the primary objective. They considered departure time and travel 

speed as decision variables. Finally, they described a solution algorithm that tested on 

modified Solomon benchmark problems. In contrast to Maden et al. (2010), this model 

allowed vehicles to travel faster than their optimum speed that minimizes emissions if the 

traffic conditions and speed limits allow. Thus, there are examples where uncongested 

conditions can lead to increased emissions. Jabali et al. (2012) used a similar model to 

Figliozzi (2011) but with speed as an additional decision variable, though without the use of 

time windows. Their model was based on a complete network where the nodes represent 

the depot and customers, while the maximum speeds on the arcs linking the nodes were 

subject to similar profiles. They applied a tabu search heuristic for solving the problem and 

tested it on standard benchmark instances. The results showed that the reduction of about 

11.4% in CO2 emissions can be achieved, but at the expense of a 17.1% increase in travel 

times. 
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It is often the case that the emissions resulting from a distribution operation is reduced at 

the expense of more time or cost. There are methods explicitly aimed at modeling this issue 

through a multi-objective approach. Psychas et al. (2014) provided a method. They applied 

a Parallel Multi-Start NSGA II to solve multi-objective vehicle routing problem where one 

objective optimization of the total travel time,  while other the minimization of the fuel 

consumption of the vehicle. They considered travel distance, the load of the vehicle, and 

other route parameters as a parameter. Similarly, Demir et al. (2014) considered the bi-

objective Pollution Routing Problem (PRP) where optimization of fuel consumption and 

driving time were the two relevant objectives. 

 

Recently, there is an emerging strand of research considering vehicle routing problems for 

alternatively powered vehicles that are designed to be more environmentally friendly. Such 

vehicles may have a more limited range before requiring refueling and there may be a 

limited availability of refueling points. An example is given by Erdogan and Miller-Hooks 

(2012). They defined a “Green Vehicle Routing Problem” where additional constraints such 

as how far the vehicles may travel without refueling and the refueling stations were located 

at specific places. They formulated a mixed integer program to minimize the total distance 

and developed heuristics for its solution. Tests were carried out based on the location of 

stations supplying biodiesel fuel in a part of the USA. 

 

Different researchers have studied heterogeneous vehicles in respect to minimization of 

CO2 emission in vehicle routing models. For example, Kwon et al. (2013) studied vehicle 

routing problem with heterogeneous fixed fleet vehicle routing to minimizing the sum of 

variable operation costs. They incorporated a cost-benefit assessment of the value of 

purchasing or selling of carbon emission rights by using a mixed integer-programming 

model to reflect heterogeneous vehicle routing. They also used Tabu search algorithm to 

obtain solutions within a reasonable amount of computation time. At the same time, Kopfer 

et al. (2014) introduced the Emission Minimization Vehicle Routing Problem with Vehicle 

Categories (EVRP-VC) to minimize the transport-related emissions (especially CO2) 

instead of driving distance. They compared two approaches VRP and EVRP-VC by 
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heterogeneous fleets of vehicles with different capacities (load) and fuel consumption opens 

up a tremendous potential for saving CO2 emissions. In their study, they used CPLEX for 

the comprehensive computational experiments to evaluate EVRP-VC. They found that 

reduction of CO2 emission was possible around 20% and even more with this approach. 

 

On the other hand, similar studies have started appearing in other contexts such as for 

manual material handling. Such as Nanthavanij et al. (2009) proposed two mathematical 

models to minimize the total cost for a vehicle routing problem with manual materials 

handling (VRPMMH). In first model, they minimized the total cost and in second model, 

they minimized the maximum total residual energy capacity of any team of workers. In the 

first objective function, the fuel cost was fuel cost per mile multiplied by distance travelled. 

They mentioned the fuel consumption depends on the distance travelled.  

 

Finally, Vehicle routing problem with simultaneous pickups and deliveries (VRPSPD) is an 

extension of VRP that being studied as a commonly encountered problem in road cargo 

transportation, especially associated with reverse logistics. More specifically, Huang et al. 

(2012) introduced a green VRPSPD (g-VRPSPD) problem by including fuel consumption 

and carbon emission costs into the model.  Pradenas et al. (2013) studied the VRP with 

backhauls and time windows to calculate the emission of GHGs. The load and distance 

between customers were considered into their model. They analyzed a scatter search, for 

problems from the literature with up to 100 randomly distributed customers. Majidi et al. 

(2017) studied the pollution-routing problem with simultaneous pickup and delivery where 

the goal to minimize fuel consumption and emissions by scheduling and routing customers 

under the capacity and time windows constraints.  Hence, speed of vehicle, load and 

distance were decisions variable. A nonlinear mix integer-programming model was 

presented for this problem, and an adaptive large neighborhood search heuristic was 

proposed for the solution including new removal and insertion operators. 

  

To the best of my knowledge, the above mentioned studies provide a good, if not 

exhaustive, coverage of research studies aiming explicitly at reducing environmental 

consequences of vehicle routing. 
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2.2 Different Methods to Optimize the Fuel Consumption under VRP 

VRP is used to design the delivery or pickup routes of vehicles to serve the customers in the 

field of transportation and supply chain (Goodson, 2010). VRP continues to draw 

researchers’ attention due to usefulness in real life like in transportation sector as well as in 

logistics. From the literature study, it is found that number of different methods such as 

exact, heuristic and metaheuristic methods have been applied to solve VRP. 

 

2.2.1 Exact methods 

Exact methods give the optimal solution but computational time considerably increases 

with the increasing size of the problem. There are different types of exact method: branch-

and-cut, branch-and-bound, dynamic programming, and set-partitioning methods. 

 

1. Branch-and-Bound 

In 1960, Land and Doig proposed the branch-and-bound for discrete programming. Branch 

and bound is the most commonly used tool for solving NP hard optimization technique 

(Clausen, 1999). It search of all possible solutions while discarding (pruning) a large 

number of non-promising solutions by estimating upper and lower bounds of the quantity to 

be optimized. The effectiveness of branch-and-bound algorithms largely depends on the 

quality of the lower bounds used to limit the search tree. Therefore, for the effectiveness of 

branch and bound algorithm, some elementary combinatorial relaxations such as the 

assignment problem (AP), the degree-constrained shortest spanning tree, state-space 

relaxation and lagrangean relaxation are applied for estimating lower bound.  

 

2. Branch and Cut Algorithm 

Laporte et al. (1985) proposed the exact method (branch and cut) for the CVRP.  This 

algorithm uses the Linear Programming (LP) relaxation of model without capacity 

constraints as a basis for the solution of the VRP with capacity and maximum distance 

restrictions. This initial relaxation is iteratively strengthened by adding violated capacity 

constraints, which are heuristically separated by considering the connected components 

induced by the set of nonzero variables in the current LP solution. Gomory cuts are also 

https://en.wikipedia.org/wiki/Discrete_optimization
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introduced at the root node of the branch-and-cut tree. The algorithm was capable of 

solving randomly generated loosely constrained Euclidean and non-Euclidean instances 

with two or three vehicles and up to 60 customer. 

3. Set-Partitioning Formulation 

There is an optimization version of the partition problem, which is to partition the 

multiset S into two subsets S1, S2 such that the difference between the sum of elements in S1 

and the sum of elements in S2 is minimized. The optimization version is NP-hard, but can 

be solved efficiently in practice. The formulation is originally proposed by Balinski and 

Quandt (1964) and contains a potentially exponential number of binary variables.  

 

 

2.2.2 Heuristic methods 

A heuristic technique is any approach to problem solving, learning, or discovery that 

employs a practical method not guaranteed to be optimal or perfect, but sufficient for the 

immediate goals. Where finding an optimal solution is impossible or impractical, heuristic 

methods can be used to speed up the process of finding a satisfactory solution. Heuristic 

methods perform a relatively limited exploration of the search space and typically produce 

good quality solutions within modest computing times. These approaches start from null-

solution and generate feasible solutions by achieving simple steps. These approaches are 

continued until a complete solution is achieved and termination criteria are met. Heuristics 

that are typically used for solving VRP as follows: 

 

1. Savings Algorithm 

The Savings Algorithm is the constructive heuristic that proposed by Clarke & Wright 

(1964) based on the concept of saving (minimization). The cost reduction is obtained by 

serving two customers sequentially in the same route, rather than in two separate ones. If i  

is the last customer of a route and j  is the first customer of another route, the associated 

saving is defined as ijjiij CCCS  00 . If ijS  is positive, then serving i  and j  

consecutively in a route is profitable. This method considers all customer pairs and sorts the 

savings in non increasing order. Starting with a solution in which each customer appears 

https://en.wikipedia.org/wiki/Optimization_problem
https://en.wikipedia.org/wiki/NP-hard
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separately in a route, the customer pair list is examined and two routes are merged 

whenever this is feasible. Generally, a route merge is accepted only if the associated saving 

is nonnegative but, if the number of vehicles is to be minimized, then negative saving 

merges may also be considered. The Clarke and Wright algorithm is inherently parallel 

since more than one route is active at any time. However, it may easily be implemented in a 

sequential fashion. The resulting algorithm is quite fast but may have a poor performance. 

 

2. Route-First Cluster-Second 

The construction starts from the initial route that visits all the nodes. The route is then split 

into several routes starting from the depot. This approach builds a giant tour covering all 

customers and splits it into feasible trip. Examples of such algorithms are given by Beasley 

(1983), Haimovich and Rinnooy Kan (1985), and Bertsimas and Simchi-Levi (1996), but 

the performance of this approach is generally poor. 

 

3. Cluster-First-Route-Second Method 

In 1971, Wren and Carr first introduced the sweep algorithm in her book and in 1972, Wren 

and Holliday mentioned in their paper, but in the year of 1974, Gillet and Miller applied 

this algorithm for the vehicle dispatch problem with distance and load constraints for each 

vehicle. Sweep algorithm is an algorithmic paradigm that uses a conceptual sweep line or 

ray that originated from a center point to solve various problems in Euclidean space. The 

idea behind the sweep algorithm is to imagine that a line (often a vertical line) is swept or 

moved across the plane at any point in time, stopping at some points. It stores the 

information along the sweep line. The vertical line can be moved in any angle in Euclidean 

space. Sweep algorithm is the basic and important problem in geographic information 

system. It can be Forward sweep and backward sweep. In forward sweep algorithm, the 

vertical line starts from center point that sweep clockwise to store information along the 

line. Similarly, in backward sweep algorithm, the vertical line starts from center point that 

sweep anticlockwise to store information along the line. 

 

 

https://en.wikipedia.org/wiki/Algorithmic_paradigm
https://en.wikipedia.org/wiki/Euclidean_space
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4. Nearest Neighbor Heuristic (NNH) 

Firstly, Reinelt (1994) introduced the nearest neighbor algorithm to solve the travelling 

salesman problem. The basic principle of the Nearest Neighbor method that is developing 

the travel route, each vehicle serves the closest city from the last city until all have been 

visited that has not been visited before. In other word, the method solves the problem by 

determining the closest point with the shortest distance and it quickly yields a short tour, 

but usually not the optimal one. It is a simple method to solve these problems and has an 

early solution. This heuristic has been effectively hybridized with other heuristics and 

metaheuristics for large scale problem. Du and He (2012) studied VRP and they developed 

an effective hybrid metaheuristics which combines Nearest Neighbor Search and Tabu 

Search algorithm. It was highly competitive method than others. 

 

 

2.2.3 Metaheuristic  

Metaheuristics are strategies that “guide” the search process. A metaheuristic is a higher-

level procedure designed to find or generate a sufficiently good solution to an optimization 

problem, especially with incomplete or imperfect information or limited computation 

capacity.  The goal is to efficiently explore the search space in order to find (near-) optimal 

solutions. Metaheuristic algorithms are approximate and usually non-deterministic and are 

not problem-specific. They may incorporate mechanisms to avoid being trapped in confined 

areas of the search space. Today more advanced metaheuristics use search experience 

(embodied in some form of memory) to guide the search for solving VRP such as: 

 

1.  Simulated Annealing (SA)  

Simulated annealing is a generalization of a Monte Carlo method for examining the 

equations of state and frozen states of systems and Metropolis et al. (1953) first introduced 

it. Simulated annealing (SA) is a probabilistic technique for approximating the global 

optimum of a given function in order to escape the local optimum. It is used to discrete 

(e.g., all tours that visit a given set of cities) search space. Simulated annealing is more 

preferable where finding an approximate global optimum is more important than finding a 

https://en.wikipedia.org/wiki/Travelling_salesman_problem
https://en.wikipedia.org/wiki/Travelling_salesman_problem
https://en.wikipedia.org/wiki/Procedure_(computer_science)
https://en.wikipedia.org/wiki/Optimization_problem
https://en.wikipedia.org/wiki/Optimization_problem
https://en.wikipedia.org/wiki/Probabilistic_algorithm
https://en.wikipedia.org/wiki/Global_optimum
https://en.wikipedia.org/wiki/Global_optimum
https://en.wikipedia.org/wiki/Function_(mathematics)
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precise local optimum in a fixed amount of time. Simulation annealing approach mimics the 

annealing process in metallurgy. The simulated annealing algorithm performs the search by 

sampling the neighborhood randomly. The probability of accepting depends on the 

temperature. When the temperature is high, there is a high chance to accept degraded 

solution. Temperature parameter is evolved during the search, thus imitating the cooling 

process in metallurgy. Therefore, the level of this acceptance depends on the magnitude of 

the increase in solution cost and on the search time to date. Different researchers used 

simulated annealing algorithm to reduce fuel consumption as well as environmental impact. 

Xiao et al. (2012) developed a string-model-based simulated annealing algorithm with a 

hybrid exchange rule (SMSAH) in order to optimize the fuel consumption under the travel 

distance and the vehicle load. In their experiment, SMSAH performed well and on average 

5% reduction of fuel consumption was occurred. Similarly, Cordeau et al. (2005), Vidal et 

al. (2013) studied simulated annealing algorithm to solve variants of VRP. 

 

2. Tabu Search (TS) 

Tabu search is a metaheuristic local search method that used for mathematical optimization. 

In 1986, Glover developed and formalized in 1989 for optimization problem. The idea of 

the tabu search is to prevent a move in the search that is already performed during specified 

amount of last iterations. In such approach restrictions are stored in memory so called tabu 

list. Application of tabu search prevents cycling in search and allows moving the search to 

unexplored search space. It is used to solve different variants of VRP. For example, 

Montane and Galvao (2006) studied VRPSDP and developed a tabu search algorithm to 

solve it. The algorithm combines several efforts to obtain alternative inter-route and intra-

route solutions, includes relocation of a customer from one route to another route, 

interchange a pair of customers between two routes, crossover two routes, and 2-opt 

procedure. In their formulation, the VRPSPD was formulated to minimize the total traveled 

distance of the route subject to maximum distance and maximum capacity constraints on 

the vehicles. 

 

 

https://en.wikipedia.org/wiki/Fred_W._Glover
https://en.wikipedia.org/wiki/Optimization_(mathematics)
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3. Ant Colony Optimization (ACO) 

Ant colony optimization algorithm, proposed by Dorigo in 1992 in his PhD thesis, the first 

algorithm was aiming to search for an optimal path in a graph, based on the behavior 

of ants seeking a path between their colony and a source of food. This approach is inspired 

by the behavior of the ants. In the nature initially each ant wanders randomly and when the 

food is found, the ant returns to the colony by laying down pheromone trails. When other 

ants find the path with pheromone trails they choose to go by that path with higher 

probability comparing to go randomly. By the time pheromone trails evaporate, so longer 

paths will evaporate more than shorter ones because of time needed to travel down the path 

and back again. Evaporation technique of the pheromone trails lead to optimization of the 

path length. ACO has been known to find high quality solutions to vehicle routing 

problems, and is particularly good at adjusting to problem complexities such as blocked 

routes and obstacles in the path of vehicles (Taresewich and McMullen, 2002).  

 

4. Genetic Algorithm 

In 1975, Professor John Holland first introduced an attractive class of computational 

models, called Genetic Algorithms (GA), that mimic the biological evolution process for 

solving problems in a wide domain at the University of Michigan. Genetic algorithms have 

been inspired by the Charles Darwin’s theory of natural selection mechanism. The principle 

of Darwin theory is that “survival of the fittest entities”. It indicates that the ‘fittest’ 

individuals are more likely to survive, mate, and have a greater chance that their goods 

genetics will be passed over consecutive generation. Therefore, over several generations, 

biological organisms evolve based on the principle of natural selection “survival of the 

fittest entities” to reach certain splendid tasks and finally the next generation should be 

fitter and stronger. Genetic algorithms are widely used in large-scale vehicle routing 

problems. For example, Pop and Chira (2014) developed a hybrid genetic algorithm to 

solve VRP. They used single depot and clustered customers to form group. To find 

optimum clustered route for the above problem, genetic algorithm was used in combination 

with local global approach.  

 

https://en.wikipedia.org/wiki/Marco_Dorigo
https://en.wikipedia.org/wiki/Ants
https://en.wikipedia.org/wiki/Ant_colony
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5. Particle Swarm Optimization 

PSO is an evolutionary computation technique firstly introduced by Kennedy and Eberhert 

(1995) which motivated by the group organism behavior such as bee swarm, fish school, 

and bird flock when looking for their food. This algorithm is based on population. In PSO, 

term swarm is used for group of particles (i.e. population) which move in search space to 

find shortest distance between source and destination. Each particle has its current velocity 

and position, local best and global best positions. Fitness of particles is evaluated based on 

search function. Due to its global and local exploration abilities, simplicity in coding and 

consistency in performance, PSO algorithm has been widely applied in many fields 

although PSO algorithm was originally proposed for continuous optimization problems. 

Such as Ai and Kachitvichyanukul (2009) proposed the mathematical formulation of 

VRPSPD which was a network flow-based formulation and a mixed integer linear program 

(MILP) and they applied particle swarm optimization (PSO) algorithm for solving it. 
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CHAPTER 3 

FUEL OPTIMIZATION MODEL 

 

 
3.1 Vehicle Routing Problem with Simultaneous Delivery and Pickup 

Managing both the delivery of finished goods and the pickup of end-of-life products has 

become important to modern companies due to regulations by the government, the need for 

protecting the environment and of meeting environmental requirements, and value-added 

customer service for enhancing competitiveness (Lin et al., 2014). It is also the cornerstone 

of green supply chain. In this framework, the Vehicle Routing Problem with Simultaneous 

Delivery and Pickup (VRPSDP) is one.  

 

The VRP with Simultaneous Deliveries and Pickups (VRPSDP) is a case of combined 

demands where customers require simultaneous pick-up of goods from their location in 

addition to delivery of goods to their location. Various types of service appear in practical 

situations, where customers require simultaneous pick-up of goods from their location in 

addition to delivery of goods to their location and a fleet of vehicles originated in a depot 

serves customers with pick-up and deliveries from/to their locations. Such as in soft drink 

industry or gas distribution industry, empty containers/cylinders must be returned in the 

delivery to grocery stores, where reusable pallets/containers/cylinders are used for the 

transportation of merchandise. In this regard, separate service for the delivery and pick-up 

the goods may not accepted because a handling effort is necessary for both activities. 

Therefore, this effort may be considerably reduced by a simultaneous operation. In this 

research, the soft drinks containers are considered. The vehicle routing problem with 

simultaneous deliveries and pickups VRPSDP is explained in Fig. 3.1. In following Fig. red 

circles indicate customer nodes while blue rectangle indicates the depot, red arrows indicate 

deliveries while green arrows indicate pick-ups in customer nodes and solid lines are the 

arcs between customer nodes. A number of routes are sought for number of vehicles with 

homogenous capacity, that minimize the total transportation cost of routes while satisfying 

the pick-up and delivery demands of the number of customer nodes simultaneously. Each 
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vehicle has to depart and return to the depot and each customer node has to be visited 

exactly once by one vehicle. 

 
Fig. 3.1 Vehicle Routing Problem with Simultaneous Delivery and Pickup  

 

Min (1989) first introduced the VRPSPD. Min applied the VRPSPD concept on a 

distribution problem of a public library with 22 branch libraries and 2 vehicles based on the 

central library where each vehicle serve branch libraries everyday with deliveries and pick-

ups at each branch library. Min also proposed solution approach for the problem that based 

on clustering customers according to their demands and vehicle capacities first, and then 

solving TSP for each cluster. Finally, after finding the routes for each cluster, an iterative 

procedure was used in order to satisfy the feasibility of the route.  

 

Approximately ten years later from Min, a number of researchers studied the problem for 

real life problem. Dethloff (2001) strengthened the importance of VRPSPD for reverse 
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logistics in respect to environmental concern and examined the relation between VRPSPD 

and other variants of routing problems. He formulated the mathematical model for the 

problem to minimize the total traveled distance subject to maximum capacity constraint of 

the vehicle.  Dethloff developed an insertion-based heuristic to find the optimum solution 

that uses four different criteria to generate the solution of this problem. Tang and Galvao 

(2006) studied the VRPSPD to minimize the total traveled distance of the route subject to 

maximum distance and maximum capacity constraints on the vehicles. The relocation 

(customer from one route to another route), interchange (a pair of customers between two 

routs) and crossover (two points) movements based tabu search algorithm were 

implemented to solve VRPSDP. Lin et al., (2014) studied VRPSDP of plastic carboys in 

order to minimize both economic and environmental costs. They believed that by designing 

a green transportation scheme of both deliveries and pickups the management of the 

procedures involved can be improved. In this research, they compared vehicle routing 

problem with simultaneous delivery and partial pickup and vehicle routing problem with 

simultaneous delivery and full pickup based on genetic algorithm for economic and 

environmental cost efficiency. There have been a lot of studies, such as Chen and Wu 

(2006), Tasan and Gen (2012), Zachariadis and Kiranoudis (2011), using VRPSDP to 

tackle the transportation network optimization problems arising in reverse logistics. 

 

The vehicle routing problem with backhauls (VRP-B) is another extension of the VRP 

where both delivery and pick-up like VRP-SPD are occurred but the pick-up demands are 

met after finishing all delivery in a route. Osman and Wassan (2002) studied VRPB to 

design the set of minimum cost. Initial solutions were generated based on the saving-

insertion and saving-assignment procedures, respectively. The initial solutions were then 

improved by a reactive tabu search meta-heuristic. Many researchers such as Liu and 

Chung (2009), Ropke and Pisinger, (2006) etc also studied the vehicle routing problem with 

Backhauls (VRPB) that are found in literature to handle the transportation optimization. 

 

Since the introduction of VRPSDP, it has gained much popularity in reverse logistics. 

Moreover, the importance of reverse logistics has become strongly important due to the 

economic benefits of using returned products in the re-manufacturing process (Lin, et al., 
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2014). Increasing importance of reverse logistics activities motivate to study the efficient 

and effective vehicle routes for the minimization of environmental deterioration. However, 

none of the research work on VRPSDP under fuel optimization with the objective of 

minimizing the environmental impact has been done yet. The objectives of their models are 

still in terms of minimizing vehicle-traveling distance. Therefore, the purpose of this 

research is to study a green VRPSDP with the objective of minimizing the environmental 

impact by optimizing the fuel consumption of a vehicle. This research is a pioneering 

attempt for the optimization of fuel consumption of a vehicle under VRPSDP by using the 

distance traveled and load of a vehicle. 

 

 

3.2 Model Development 

In this section, a new fuel optimization model is developed for VRPSDP called 

environmental vehicle routing problem with simultaneous delivery and pickup (EVRPSDP) 

with the aim of reducing the adverse effect on the environment caused by the routing of 

vehicles. In the proposed optimization model, the vehicle load and traveled distance are 

considered. The mathematical formulations of EVRPSDP model is an extension of Dethloff 

(2001). The mathematical model herein is developed on the following assumptions: 

1. There is only one depot. 

2. There is no working time limitation for the depot. 

3. All vehicles are identical, with the same capacity, speed, air emissions, energy, etc. 

4. All customer demands and pickup amounts are known. 

5. Number of vehicles departs from the depot, visit customers and return to the depot. 

6. The vehicles first deliver and then pick up the predetermined goods at the same 

customer. 

7. Each customer is visited exactly once, meeting all of its demand in whole. 

8. The total vehicle load in any arc does not exceed the capacity of the vehicle 

assigned to it. 

The settings and notations of EVRPSDP model are described in Table 3.1. In this research, 

the route between two nodes contains no directional information i.e the symmetric network 
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indicates that  jinjiCC jiij  ,,  . The above assumptions and notations are sufficient to 

construct a vehicle routing model with simultaneously deliver and pick-up with the 

objective of finding the optimum traveling that minimize the fuel consumption.  

 

 

3.2.1 Environmental influence 

The environmental influence is externalized in terms of the CO2 emission and the emission 

of CO2 depends on the fuel consumption of vehicles (Kirby et al., 2000). Therefore, the 

critical issue is to measure the amount of fuel consumption. In this research, the fuel 

consumption rate (FCR) is determined by considering the traveling distance and the load of 

vehicles because the vehicle’s load and distance contribute jointly to the total fuel 

consumption of a vehicle (Xiao et al. (2012). Therefore, similar to Xiao et al. (2012), a 

linear expression between the fuel consumption and the weight of vehicle is adopted to 

calculate FCR. The mechanism of environmental measurement is following: 

The capacity of the vehicle ( Q ) is the maximal weight the vehicle could carry. The 

vehicle’s gross weight is divided into two parts: the vehicle’s no-load weight 0Q  and the 

carried load 1Q . The empty-load and full-load fuel consumption rate of vehicles are denoted 

as 0  and   respectively. The vehicle’s fuel consumption rate (FCR) under the no-loaded 

condition is expressed as follows 

   bQ  00                                                                                                                  (3.1) 

The vehicle’s FCR can be expressed as follows when it carry maximum load 

    bQQ  0                                                                                                        (3.2) 

So, the fuel consumption rate  under the the carried load 1Q (approximately) is expressed 

as follows 

    bQQQ  101                                                                                             (3.3) 

Where,   is the slope and b is the intercept point. 
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From equation (3.1) & (3.2),           
Q

0



                                                              (3.4)              

The fuel consumption rate FCR under the carried load 1Q is expressed as follows by putting 
the value of slope in equation (3.3)       

  1
0

01 Q
Q

Q 





                                                                                                (3.5)   
                                                                                                      

 

When vehicle v  is traveling from customer i  to customer j , the traveling distance and the 
load of vehicle v  are represented as ijC and ijY  respectively, thus the fuel consumption rate 
for vehicle v  can be represented as follows. 
 

      ijij Y
Q




 0
0


 ;                                                                                              (3.6)    
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                                                                                  (3.7) 

 

3.2.2 Environmental vehicle routing problem with simultaneous delivery and pickup 

model 

Based on the fundamental VRPSDP (Dethloff, 2001) model and the new environmental 

consideration described in the above sections, the complete formulation of the 

environmental vehicle routing problem with simultaneous delivery and pickup (EVRPSDP) 

can represented in the following: 

Objective function: 

VvXCpdloadInitial
Q

CMinimize ijvij

Ji Jj Ji Ji

iifuel 



   

;
0 0

0
0   























  (3.8)                                                                                                                                           

The objective function (3.8) is designed to minimize the total fuel consumption of vehicles 
those serve customer nodes. 

Subject to 

JjX
n

Ji

m

Vv

ijv 
 

,1
0

 
                                                                                                        

(3.9) 

Constraint (3.9) ensures that each customer is serviced exactly once. 
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 (3.10)

 

Constraint (3.10) guarantees that every vehicle that arrives to a customer node must leave 
that customer node.  

VvXdl ijv

Ji Ji

jv 
 

,
0

  (3.11) 

Constraint (3.11) defines the vehicle’s initial load that is the accumulated demand of all 
customer nodes assigned to this vehicle. 
 

  VvJjXMpdll ojvjjvj  ,,1  
 (3.12) 

Constraint (3.12) means that the amount of vehicle load after it has served the first customer 
node on their route. 

JjJiXMpdll
m

Vv

ijvjjij 


,,1













      (3.13)

 

Constraint (3.13) gives the amount of vehicle load en route.
 VvQlv ,      

 

 (3.14) 

Constraint (3.14) guarantees that the initial vehicle loads do not exceed the vehicle 
capacity. 

JjQl j ,   (3.15) 
Constraint (3.15) means that the vehicle loads en route do not exceed the vehicle capacity. 

ijJjJiXnSS
m

Vv

ijvij 













  ,,,11 

  
(3.16) 

Constraint (3.16) ensures sub tour elimination.
 

JjS j ,0      
(3.17) 

Constraint (3.17) ensures the non-negativity of intermediate variables used to prohibit sub-
tours. 

  VvJjJiX ijv  ,,,1,0 00  (3.18) 

Constraint (3.18) states the decision variable is a binary variable 
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Table 3.1: The settings and notations of fuel optimization model 

Notation & definition 
Sets 
J  = Set of customer nodes {1,2,3,4,......................n} 

0J = Set of all nodes including customer locations and depot {0,1,2,3,4..............n} 
V = Set of vehicles {1,2,3,.............m} 
 
Parameters: 
 ii YX ,  = Coordinates of node i , i  = 0, 1, 2, 3,..........n, node 0 represents the depot 

ijC  = Distance between node i  and j , 0, Jji  , ji    
F = Total fuel consumption 

jd  = Delivery amount demanded by customer node j , Jj  

jp = Pickup amount of customer node j , Jj  

n =Number of nodes, 0Jn   
Q = Vehicle capacity 
M = A very large number used in Big-M technique 

 








  
  Jj Ji Jj

ijjj CpdM
0 0

,max  

r = Number of routes; the same as the number of vehicles being used 

nD = Total delivery amount 

nP  = Total pickup amount 

0 Fuel consumption rate of a vehicle under empty load condition 

  Fuel consumption rate of a vehicle under full load condition 


vl : Initial loads of Vth vehicle when leaving the depot 

jl : Load of vehicle after having serviced customer Jjj ,  

jS : Intermediate variable used to prohibit sub tours; can be interpreted as position of node
Jj  in the route 

 
Decision variables: 

ijvX : Binary decision variable that indicates whether Vth vehicle travels from node i  to j  

   ijvX = 1, if vehicle V traverses arc ( ji, ) 

   ijvX = 0, if vehicle V does not traverses arc ( ji, ) 
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CHAPTER 4 

HYBRID GENETIC ALGORITHM 

 
 

 

4.1 Genetic Algorithms Based Solution Approach (Hybrid Genetic Algorithm) 

VRPSDP belongs to the class of NP-hard combinatorial optimization (CO) problems 

(Catay, 2010). Due to the combinatorial nature of the problem, solving the VRPSDP to 

optimality is extremely time-consuming. To tackle the problem efficiently, all previous 

researchers preferred metaheuristic methods. In recent years, GA has drawn great attention 

to many researchers such as Baker and Ayechew, 2003; Prins, 2004; Gen and Cheng, 2000; 

Tasan and Gen, 2012 and so on due to its simplicity, easy operation, and great flexibility. 

For that reasons, GA is selected as an optimization tool in this paper. 

 

In 1975, Professor John Holland first introduced the Genetic Algorithms (GA) that mimic 

the biological evolution process. Genetic algorithms have been inspired by the Charles 

Darwin’s theory and the principle of Darwin theory is that “survival of the fittest entities”. 

It indicates that the ‘fittest’ individuals are more likely to survive, mate, and have a greater 

chance that their goods genetics will be passed over consecutive generation. GA starts with 

an initial set of random solutions, called population. Each solution in the population is 

called a chromosome, which represents a point in the search space. The chromosomes 

evolve through successive iterations, called generations. During each generation, the 

chromosomes are evaluated using some measures of fitness. The fitter the chromosomes, 

the higher the probabilities of being selected to perform the genetic operations, including 

crossover and mutation. In the crossover phase, the GA attempts to exchange portions of 

two parents, that is, two chromosomes in the population to generate an offspring. The 

crossover operation speeds up the process to reach better solutions. In the mutation phase, 

the mutation operation maintains the diversity in the population to avoid being trapped in a 

local optimum. A new generation is formed by selecting some parents and some offspring 

according to their fitness values, and by rejecting others to keep the population size 

constant. After the predetermined number of generations is performed, the algorithm 
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converges to the best chromosome, which hopefully represents the optimal solution or may 

be a near-optimal solution of the problem. 

 

Recently, Hybrid genetic algorithm (HGA) has been appeared as the most prevalent 

algorithms in solving hard optimization problems. Such as, the PCB component scheduling 

problem (Ho and Ji, 2003, 2004), the logistics distribution problem (Gen and Syarif, 2005), 

the water distribution network design (Keedwell and Khu, 2005), the bankruptcy prediction 

(Min et al., 2006), the flow shop scheduling problem (Wang et al., 2006), and so on. The 

HGA is one which combine the general working procedure of genetic algorithm with other 

heuristic or meta heuristic  methods (i.e sweep algorithm, clarke and wright savings 

algorithm, tabu search, ant colony algorithm and so on) to improve the solution quality. In 

addition, the required constraints in the developed fuel optimization model forces to diverse 

the existing GA algorithm. Therefore, based on the existing GA algorithm, a hybrid GA 

algorithm is developed to solve the developed fuel optimization model effectively. 

Furthermore, none of the researchers have developed the HGA to solve the VRPSDP. 

 

The operation procedure of the GA approach and proposed HGA in this study is shown in 

Fig. 4.1. The difference between them that GA generates a population of initial 

chromosome (solution) randomly but HGA is hybridized with sweep heuristic and the 

nearest neighbor heuristic (NNH) to generate a population of initial chromosomes. Then the 

chromosomes (solutions) are improved by iterated swap procedure (ISP). The procedure of 

the HGAs is explained as follows: At first some GA parameters, such as the iteration 

number, the population size, the crossover rate, and the mutation rate have been set. Then 

sweep algorithm is used to cluster the customer and routing the vehicle. The sweep 

algorithm consists of two phases, i.e the first phase is cluster and the second phase is 

construction. In the cluster phase, the customers are clustered by rotating a ray centered at 

the depot having the smallest angle for each vehicle based on vehicle capacity. After 

clustering, the NNH is used to determine the delivery sequence of vehicles in each route. 

After getting predetermined number of initial chromosomes, the ISP is applied to improve 

the chromosomes. Each chromosome is then measured by an evaluation function. The rank 

selection operator is employed to select some chromosomes for the genetic operations. 
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Fig. 4.1 The Operation Procedure of Designed HGA and Existing GA. 
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After a new chromosome or offspring is produced, the fitness of the offspring is measured 

and the offspring may become a member of the population if it possesses a relatively good 

quality. These steps form an iteration, and then rank selection is performed again to start the 

next iteration. The HGA will continue unless the predetermined number of iterations is 

conducted 

 

4.2 Operation Procedure of GAs to Solve Fuel Optimization Model 

4.2.1 Key elements 

Gene, individual and population are the key elements of GAs (Fig. 4.2). An individual is 

any possible single solution while the population is the set of individuals currently involved 

in the search process.  

1. Gene: A chromosome contains genes. Each gene contains a parameter of the problem 

represented by the whole chromosome. 

2. Individual/Chromosome: The chromosome is a sequence (permutation) of customer   

nodes. An individual or chromosome represents a potential solution to the problem    

(Carter and Ragsdale, 2006). It is a member of population. 

3. Population: A population is a group of all individuals. A population consists of a    

number of individual being tested, the phenotype parameters defining the individuals. 

     

Population 

Chromosome-1 1  2  5  9  7  8 
Chromosome-2 5  9  8  7  6  3 
Chromosome-3 5  2  1  9  4  3 
Chromosome-4 1  9  4  6  2  3 
Chromosome-5 3  6  2  8  7  5 

                                             Fig. 4.2 Example of Key Elements. 
 

 

4.2.2 Chromosome representation and encoding  

The process of standard representation of individual genes in chromosome is called 

encoding. Hence, permutation encoding is used for chromosome representation of the 

EVRPSDP. In permutation encoding, the customers are listed in the order in which they are 
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visited. The length of the chromosome determined by the number of customer nodes that 

are served by the vehicles. Routes are determined by the capacities of vehicles. For 

instance, there are 10 customer nodes, a randomly generated chromosome is 1  3  6  8  9  5  

4  10  2  7, which can be interpreted as r =3 feasible routes: 0-1-3-6-0, 0-8-9-5-0, and 0-4-

10-2-7-0. If vehicle (v) >= r, then this chromosome is legal; otherwise, it is illegal. Vehicle 

capacity constraints are hard constraints, which mean that the conditions must be met or the 

possible solution will be discarded by the algorithm. 

 

 

4.2.3 Population initialization 

The procedure of population initialization under proposed HGA is explained as follows: 

In the stage of population initialization, there are three steps to generate a feasible initial 

solution. The first step is to cluster the customers to each of n links using Sweep Heuristics 

that is, the grouping problem.  

 

Step-1: Clustering 

a) Angle: A cluster is a group of nodes that satisfies certain constraint. These nodes are 

joined based on their angles. After all customer nodes have been located, the angle of each 

node is calculated by the following equation; 

    2
1

2
1

1sin
YnodeYnodeXnodeXnode

YnodeYnode

iiii

ii









                                            (4.1) 

 

b) Sweep Method:  

There are two sweeping methods i.e. forward sweep and backward sweep for clustering the 

customer nodes. Before starting the clustering, forward sweep method is specified to 

determine the order of clustering.  

 

c) Clustering: 

The depot is a place like a warehouse where goods are temporarily stored in large quantities 

for future use. In the clustering stage, the depot is considered as center point and the rays or 
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lines are originated from depot at 00 angle that move clockwise to cluster the customers. In 

this case, the ray acts as a vehicle. This ray clusters the customers according to the capacity 

of the vehicle and demand of the customer. In details, in goods delivery vehicle routing, 

capacity is the maximum number of goods that can be carried by the vehicle. Therefore, 

clustering is executed by joining the nearest to any node which has smallest sin angle and 

this process is continued by joining the second closest, the third, and so forth until the 

capacity constraint is satisfied. When a customer node cannot be embodied in the first 

cluster due to vehicle capacity, then this node becomes the first node of the second cluster. 

The process is completed when all nodes are included in the clusters. Each cluster 

represents a single route of vehicle based on the capacity constraint for the vehicle routing 

problem. 

 

Fig. 4.3. Clustering Process. 

 

Step-2: Route Construction 

In the second step, the sequence of nodes is determined in each cluster based on fuel 

consumption by NNH. The basic principle of the Nearest Neighbor method is that to 

develop the travel route, each vehicle serves the closest city from the last city until all have 

been visited that has not been visited before. After being clustered, the route is constructed 

by linking the nodes in each cluster based on the closest distance of one node to another. 

The first node is selected as close as possible to the depot. The next node is selected by 

searching a node from unselected that is close to the previous one. This procedure is 

continued until all nodes are selected to be linked in the same cluster. The same procedure 
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is performed for each cluster. The distance between two nodes is calculated by Euclidean 

distance formula.  Euclidean distance between two points: 

       2
1

2
1 YnodeYnodeXnodeXnode iiii  

                                                  (4.2) 

 

The encoding together with the above two steps to generate a feasible initial solution of the 

EVRPSDP problem is explained as below: 

Example: the customers are clustered into routes based on vehicle capacity and customer 

demand as below. 

Route 1 for vehicle no. 1 = 2   4   7  

Route 2 for vehicle no. 2 = 3   8   5  

Route 3 for vehicle no. 3 = 1   9   6   10  

Now for each cluster, at first the distance between the depot and nodes are calculated. After 

finding the minimum distance from depot to nodes, then depot is linked with the closest 

node that represent the first node. Again, the distance between first node and other nodes 

are calculated except the depot. Then, the next second closest node is linked with first node. 

This process is continued until all nodes in the same cluster are linked as a route. Finally, 

the sequence of customer nodes are found in each route or cluster as like;    

Route 1 for vehicle no. 1 = 0   4   2   7   0 

Route 2 for vehicle no. 2 = 0   5   3   8   0 

Route 3 for vehicle no. 3 = 0   9   10   1   6   0  

The path representation for all customers can be represented as 

Chromosome 1 =  0  4  2  7  0  5  3  8  0  9  10  1  6  0 

This same procedure of population initialization is continued by creating the first ray at 

different angles from depot to cluster the customer nodes along with route construction. 

That is the initial population size.  In addition, the design of population size varies with the 

angle of ray or sweep hand.  
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Step-3: Improvement 

In order to promote the efficiency of HGA, the Iterated Swap Procedure (ISP) (Ho and Ji, 

2003, 2004) are used (shown in Fig. 4.4) to improve the links of each initial solution in the 

third step. Although, it increases the computational time but the generated new solution is 

better than the original one, or parent, in terms of quality. It will replace and become the 

parent. During iteration, the depot is not considered.  

The procedure of the ISP is as follows: 

Step 1: Select two genes randomly from a link of a parent. 

Step 2: Exchange the alleles of the two genes to form an offspring. 

Step 3: Swap the neighbors of the two genes to form four more offspring. 

Step 4: Evaluate all offspring based on minimization of fuel consumption and find the best 

one.  

Step 5: If the best offspring is better than the parent, replace the parent with the best 

offspring and go back to Step 1; otherwise, stop.    

There are two-improvement scenarios i.e the intra-route improvement and inter-route 

improvement are found in case of ISP. In intra-route improvement, customers are 

exchanged within the same route. Similarly, in inter-route improvement, customers are 

exchanged from one route to another route.  

Example: 

             Parent: 4   2   7   5   3   8   9   10   1   6  

             Offspring 1: 4   2   10   5   3   8   9   7   1   6  

             Offspring 2: 4   2   5   10   3   8   9   7   1   6  

             Offspring 3: 4   10   2   5   3   8   9   7   1   6  

             Offspring 4: 4   2   10   5   3   8   9   1   7   6  

             Offspring 5: 4   2   10   5   3   8   7   9   1   6  

Fig. 4.5 Iterated Swap Procedure. 

The transformation of offspring 1 based on vehicle capacity constraint with depot as 
follows 

0   4   2   10   0   5   3   8   0   9   7   1   6   0 

Similarly, each offspring is transformed to get the complete form of chromosome. 
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4.2.4 Fitness function evaluation 

The populations are evaluated based on the fitness function. The fitness function that 

minimizes the total fuel consumption of vehicles in the EVRPSDP model is as shown 

below. Let fuelC  be the total fuel consumption for chromosome nX  and ijC  represents the 

distance from one node to another node. 

  VvXCY
Q

CX ijvij

Ji Jj

ijfueln 



 

 














0 0

0
0                      (4.3) 

Where, 0J  is the total number node for EVRPSDP. Q represents the total capacity of a 

vehicle,  represents the fuel consumption rate in full loaded situation, 0  represents the 

fuel consumption rate in no loaded situation, and ijY  represents the carried load from one 

point to another point. 

 
 

4.2.5 Parent selection 

The rank selection operator (Baker, 1985) is adopted to select some chromosomes to 

undergo the genetic operations. Rank selection operator is selected to ensure the fittest 

chromosome. The fitness value for each chromosome is ranked according to ascending 

order to undergo genetic operations. Therefore, there is a high chance to select the fitter 

chromosome according to desired requirements. This means that the less consuming fuel 

chromosomes (solutions) are selected from the population to produce fitter offsprings based 

on desired population size (n). Due to super individuals, it helps to prevent premature 

convergence. 

 

 

4.2.6 Genetic operations 

Crossover and mutation are the two essential genetic operations by which the genetic 

searching procedure is progressed. Generally, the crossover operator exploits a better 

solution than previous while the mutation operator explores a wider search space.  
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4.2.6.1 Crossover 

Crossover is the process of taking two parent solutions and producing from them a child. 

After the selection (reproduction) process, the population is enriched with better individuals 

by this operation. Crossover operator is applied to the mating pool with the hope that it 

creates a better offspring. The genetic crossover operators i.e. one point crossover, two 

point crossover and cyclic crossover are adopted for the genetic operations in the 

EVRPSDP model. 

 

1. Single point crossover  

This crossover uses the single point fragmentation of the two parents and then combines the 

parents at the crossover point to create the offspring or child by swapping the tails of two 

parents. 

Parent-1 0 1 2 3 4 5 6 7 8 9 
Parent-2 5 8 9 7 3 1 0 6 4 2 

 

Offspring-1 0 1 2 3 4 1 0 6 4 2 
Offspring-2 5 8 9 7 3 5 6 7 8 9 

 
Fig. 4.6 Single Point Crossover 

 

2. Two point crossover 

The two-point crossover selects two crossover points within a chromosome and then 

interchanges the two parent chromosomes between these points to produce two new 

offsprings. 

Parent-1 0 1 2 3 0 5 6 7 8 9 
Parent-2 0 8 9 7 0 3 5 6 1 2 

 
Offspring-1 0 1 2 7 0 3 6 7 8 9 
Offspring-2 0 8 9 3 0 5 5 6 1 2 

 
Fig. 4.7 Two Point Crossover 
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3. Cycle crossover 

The cycle crossover (CX) operator was proposed by Oliver et al. (1987). It attempts to 

create offspring in such a way that each gene and its position come from one of the parents. 

In this crossover, cycle begins any gene i in parent 1, the ith gene in parent 2 becomes 

replaced by it. The same is repeated for the displaced gene until the gene which is equal to 

the first inserted gene becomes replaced. 

           Step-1: Cycle identification 

Parent-1 1 2 3 4 5 6 7 8 9 

 
 

  
 

    
 

          
Parent-2 9 3 7 8 2 6 5 1 4 

    
Parent-1 1 2 3 4 5 6 7 8 9 

          
Parent-2 9 3 7 8 2 6 5 1 4 

                                                          

Step-2: Offspring production 

Parent-1 1 2 3 4 5 6 7 8 9 

          
Parent-2 9 3 7 8 2 6 5 1 4 

 
Offspring-1 1 3 7 4 2 6 5 8 9 

          
Offspring-2 9 2 3 8 5 6 7 1 4 

 
Fig. 4.8 Cycle Crossover 

 

 

 

4.2.6.2 Mutation 

Mutation mechanism is applied on the new offsprings that produce by crossover. The 

mutation mechanism prevents the algorithm to be trapped in a local optimum and premature 

convergence. It maintains the diversity in the population by some sudden changes on the 

traits of individuals according to a predefined mutation probability parameter (Negnevitsky, 
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2002). The genetic mutation operators i.e. inverse and swap mutation are adopted in the 

EVRPSDP. 

 

1. Inversion mutation  

In inversion mutation, randomly selects two cut points in the chromosome, and inverse the 

sub-tour between these two cut points.  

 

Parent 3 9 5 4 6 2 7 1 8 

          Offspring 3 9 2 6 4 5 7 1 8 
 

Fig. 4.9 Inversion Mutation 

 

2. Swap mutation  

The swap mutation randomly selects two genes in the chromosome and exchanges their 

positions. It is also known as the exchange mutation (Banzhaf, 1990) operator, also known 

as reciprocal exchange mutation or swapping (Oliver et al., 1987). 

  

Parent 3 9 5 4 6 2 7 1 8 

          
Offspring 3 9 7 4 6 2 5 1 8 

 
 Fig. 4.10 Swap Mutation 

 

 

4.2.7 Chromosome replacement  

The steady-state approach is used in GA and HGA for chromosome replacement. In this 

case, the eligible offsrings enter into the population and at the same time, the inferior 

offspring is being removed. Thus, the size of the population remains constant. Additionally, 

to ensure the meeting of capacity constraints, a backtracking method is used. If a new 

offspring violates the constraints, the GA and HGA engine backtracks towards one of the 

parents of the child, changing the child until it falls within the valid solution space. 
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4.2.8 Termination criteria 

To provide more chances for optimization, the two termination criteria are set in this study: 

(1) fitness threshold and (2) number of total generations (upper bound). For instance, if the 

upper bound is set to be 1000 generations, the integer for checking the improvement is 150 

and the maximum change of fitness value is set to be 0.01%.  The GA and HGA engine will 

continuously check whether the target cell is improved at least 0.01% in the last 150 

generations while it’s running. If this ‘‘change criterion’’ is not met, the engine will stop 

optimization no matter whether the 1000 generation upper bound is reached or not. If the 

improvement is greater or equal to 0.01% in the past 150 generations, the engine will 

continue to optimize until either it does not meet the ‘‘change criterion’’ or reaches 1000 

generations.  

 

 

4.2.9 Chromosome decoding  

Once the termination criterion is fulfilled, the chromosome with the smallest fitness value is 

selected as the near-optimal solution. The chromosome is an array that should be translated 

into a form of vehicle routing solution that can be understood by others. An additional 

process is performed to transform the chromosome into a complete vehicle plan with near-

optimal total fuel consumption. 
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CHAPTER 5 

COMPUTATIONAL EXPERIMENT 
 

 

5. Computational Experiment 

In this section, the computational experiments of developed HGA and existing GA are 

conducted to solve EVRPSDP for the fuel optimization of vehicle. In computational 

experiments, the three crossover operators (single point, two point and cycle) and two 

mutation operators (swap and inversion) are adopted. These computational experiments are 

executed under six scenarios such as swap mutation with one point crossover, swap 

mutation with two-point crossover, swap mutation with cyclic crossover, inverse mutation 

with one point crossover, inverse mutation with two point crossover and inverse mutation 

with cyclic crossover. In addition, the computational study is carried out to compare the 

operational efficiency of two algorithms. In order to assess the effectiveness of proposed 

HGA with existing GA, the same hypothetical data is considered that are related to soft 

drinks glass bottles. The three different customer sizes are considered for computational 

experiments. Under each customer base, the controlled variable is vehicle capacity. Three 

different vehicle capacity levels are chosen for each customer base.  

 

 

5.1 Data Set 

The customers’ locations are specified randomly over the geographical area on a Euclidean 

Plan. The delivery and pickup amount of each customer are generated randomly within the 

range from 200 to 500 units. The customers’ demand level, pickup level and the capacity of 

the vehicles (diesel fuel) are considered in terms of quantity (pieces) and weight (kg) in all 

cases. Three levels of controlled variable for each customer base are considered. When 

customer size is 30, three levels of vehicle capacity are 800 Pieces (1000 Kg), 1000 Pieces 

(1500 Kg) and 1500 Pieces (2000 Kg). When customer size is 50, the adopted levels of 

vehicle capacity are 1000 Pieces (1400 Kg), 1500 Pieces (2000 Kg) and 2000 Pieces (2800 

Kg). When customer size is 80, the chosen levels of vehicle capacity are 1500 Pieces (2500 
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Kg), 2000 Pieces (3000 Kg) and 2500 Pieces (3500 Kg). Here identical soft drink 

containers are considered, i.e., glass bottle that contains 300 ml soft drinks and the weight 

of empty glass bottle is 456 gm for 300 ml. This empty glass bottles are returnable. The soft 

drinks are delivered to the customer and the empty glass bottles are returned from the 

customers as the required amount. 

 

 

5.2 Parameter Settings 

The algorithms are coded in MATLAB version 2013b. Computer hardware is fixed. 

Computational experiments are performed on DELL with Intel Core 2 Duo 3.0 GHz CPU 

and 2.0 GB of RAM. From the historical data, with the help of statistical goodness of fit 

test, the parameter of GA and HGA such as population size (pop_size), the probability of 

crossover (Pc), probability of mutation (Pm) and the maximum number of generations 

(ngener) is set in the experiment that are shown in Table 5.1. The population size is set 

large enough to ensure it does not stuck at a local optimum in all cases. During the 

computational experiments, the constraints of developed fuel optimization model is 

satisfied. The GA and HGA have been run for at least five times for each cases and the 

result with the best fitness value among all trials is selected as the final solution for each 

case. The parameters such as empty-load FCR and full-load FCR are considered based on 

the practical case study of Ubeda et al. (2011).  

 

Table 5.1: The parameter settings of GA and HGA 

Parameter Explanation 

HGA 
and 
GA 

algorithm 

Crossover rate            0.85 
Mutation rate               0.05 
Population size            100 
Termination criteria    Stops if either (1) target cell does not improve at 

least 0.015% in the last 150 generations, or (2) 
number of generations reaches 1000. 

Model 
The empty-load FCR, 0  0.296  l/km 

The full-load FCR, 
  0.390  l/km 
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CHAPTER 6 

RESULTS AND ANALYSIS 
 

 

The results and analysis of the computational experiments for two algorithms are presented 

in this section. The near-optimal results derived by running the GA and HGA are first 

reported. In order to assess the operational competency of the proposed HGA approach for 

the fuel optimization of vehicle, the comparison of the best solution between HGA and 

existing GA for each instance with different vehicle capacity are studied. The results of 

comparison between the proposed HGA and existing GA are discussed as follows in several 

main findings. 

 

 

6.1 Operational Performance of HGA and GA under Swap Mutation 

The operational efficiency of proposed HGA approach on solving EVRPSDP is compared 

with GA. The results of two algorithms are compared under the swap mutation with three 

crossover operators that are summarized in Tables 6.1, 6.2 and 6.3. In each table, column 

CS represents customer size, column VC represents the vehicle capacity in units and 

weight, column BSIP represents the best one solution in the initial population (minimum 

fuel consumption in L), column FBS represents the final best solution (minimum fuel 

consumption in L), column GN represents the number of generation to reach the final best 

solution, column TTD represents the total traveling distance in km for the final best 

solution, column IR (%) represents the fuel optimization improving rate, the column FCS 

(%) represents the percentage of fuel consumption savings in the HGA and the column DR 

(%) represents the percentage of distance reduction in the HGA. 

 

The fuel optimization improving rate, the percentage of fuel consumption savings and the 

percentage of distance reduction are calculated by following equation. If the savings (FCS 

and DR) value is positive, the total fuel consumption (L) and final traveling distance (km) is 

less in HGA than the GA and vice versa on solving fuel optimization model.  
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The experimental results show that the HGA produces most of the best outcomes under the 

swap mutation with one point crossover, swap mutation with two point crossover and swap 

mutation with cyclic crossover in terms of all indexes including total consumption, total 

distance, no of generations. The performance of proposed HGA is superior to that of GA in 

terms of the solutions’ quality. First reason is that, the best initial solutions generated by 

HGA are much better than those generated by GA. For example, in case of the 50-customer 

with 1000 pieces of vehicle capacity, the obtained best initial solution in HGA (555 L) is 

much better than that obtained by GA (1050 L). Therefore, the improvement rate in the 

HGA is less than in the GA for the optimization of fuel consumption in EVRPSDP. The 

second reason and the most important, HGA generates better final solutions than GA. For 

example, when the customer size is 50 while the vehicle capacity is 1000 pieces, the 

obtained final best solution in HGA (450 L) is much better than that obtained by GA (510 

L). As a result, the total traveling distance for different customer sizes in the HGA is less 

than in the GA. Finally, the average savings reflect that the savings is largest in the HGA 

than GA in terms of distance and fuel consumption. Therefore, the following results 

demonstrate that the economic cost (fuel cost) is evidently lower in HGA than GA. 
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Table 6.1: Computational results of HGA and GA for the EVRPSDP model under the swap mutation with one point crossover 

CS VC  
HGA GA 

FCS 
(%) 

DR 
(%) 

BSIP FBS GN TTD IR (%) T (S) BSIP FBS GN TTD IR (%) T(S) 

30 

800 
1000 387 347 60 1266.7 10.34 60 655 380 85 1437 42 86 8.7 11.9 

1000 
1500 353 308 85 1003.4 12.75 58 670 340 130 1260.4 49.3 86 9.4 20.4 

1500 
2000 329 299 60 959 9.12 50 655 349.9 140 1033.7 46.6 80 14.5 7.2 

50 

1000 
1400 555 450 200 1717.4 18.92 95 1050 510 510 1963.8 51.4 120 11.8 12.5 

1500 
2000 538 416 350 1472.6 22.68 75 1040 510 940 1899.2 51 120 18.4 22.5 

2000 
2800 490 380 340 1202.9 22.45 73 1120 504 560 1664 55 115 24.6 27.7 

80 

1500 
2500 780 575 730 1852 26.28 120 1850 700 910 2644.6 62.2 169 17.9 30.0 

2000 
3000 760 540 795 1848.6 28.95 100 1815 720 750 2746.4 60.3 150 25.0 32.7 

2500 
3500 750 490 680 1621.9 34.67 85 1850 705 950 2388.9 61.9 152 30.5 32.1 
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Table 6.2: Computational results of HGA and GA for the EVRPSDP model under the swap mutation with two-point crossover 

CS VC  
HGA GA 

FCS 
(%) 

DR 
(%) 

BSIP FBS GN TTD IR (%) T (S) BSIP FBS GN TTD IR (%) T(S) 

30 

800 
1000 388 347.5 100 1237.7 10.4 66 650 323 220 1077.3 50.3 88 -7.6 -

14.9 

1000 
1500 316.3 312.7 100 1012.2 1.1 63 640 335 140 1179.1 47.7 84 6.7 14.2 

1500 
2000 342 284 160 900.7 17.0 63 700 312 150 998.9 55.4 80 9.0 9.8 

50 

1000 
1400 571 452 180 1687.3 20.8 70 1025 495 550 2100.3 51.7 125 8.7 19.7 

1500 
2000 528 417 410 1447.3 21.0 70 1150 490 430 1694.0 57.4 123 14.9 14.6 

2000 
2800 495 398 500 1289.5 19.6 67 1200 505 350 1685.9 57.9 119 21.2 23.5 

80 

1500 
2500 800 548 920 1868.3 31.5 100 1900 760 960 2703.6 60.0 165 27.9 30.9 

2000 
3000 747 525 970 1773.7 29.7 98 1880 720 930 2319.8 61.7 163 27.1 23.5 

2500 
3500 725 517 790 1641.4 28.7 91 1950 680 990 2292.2 65.1 160 24.0 28.4 
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Table 6.3: Computational results of HGA and GA for the EVRPSDP model under the swap mutation with cyclic crossover 

CS VC 
 

HGA GA 
FCS 
(%) 

DR 
(%) 

BSIP FBS GN TTD IR (%) T (S) BSIP FBS GN TTD IR (%) T (S) 

30 

800 
1000 389 346 124 1224.8 11.1 66 690 349 150 1461.4 49.4 90 0.9 16.2 

1000 
1500 311 298 100 989.2 4.2 64 660 365 165 1232.4 44.7 89 18.4 19.7 

1500 
2000 312.2 306.8 100 984.1 1.7 63 670 351 330 1120.4 47.6 89 12.6 12.2 

50 

1000 
1400 577 461 420 1666.2 20.1 78 1090 475 770 1942.3 56.4 135 2.9 14.2 

1500 
2000 530 410 490 1432.4 22.6 75 1100 505 600 1868.9 54.1 132 18.8 23.4 

2000 
2800 490 384 348 1363.3 21.6 75 1180 450 790 1508.7 61.9 130 14.7 9.6 

80 

1500 
2500 800 551 690 1964.1 31.1 98 1900 750 960 2693.5 60.5 155 26.5 27.1 

2000 
3000 750 511 840 1750.5 31.9 95 1850 700 940 2551.4 62.2 154 27.0 31.4 

2500 
3500 710 505 790 1677.5 28.9 93 1990 650 950 2333.9 67.3 145 22.3 28.1 
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6.2 Operational Performance of HGA and GA under Inverse Mutation 

In order to assess the operational competency of the designed HGA approach for the 

optimization of fuel consumption of vehicle, the experimental results of HGA and existing 

GA under inverse mutation with one point crossover, inverse mutation with two point 

crossover and inverse mutation with cyclic crossover for each instance with different 

vehicle capacity are studied. The computational results of the EVRPSDP under two 

algorithms are compared in Tables 6.4, 6.5 and 6.6. The indexes in the tables are the same 

as those in Table 6.1, 6.2 and 6.3 and perform the same calculations. The computational 

results in each table show that the performance of developed HGA is beneficial than GA in 

terms of the solutions’ quality including total consumption (L), total distance (km), no of 

generations. This phenomenon proves that the heuristics hybridized for the initialization 

procedure prevail the solutions’ quality greatly. The solutions generated using these 

heuristics are already near optimal.  
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Table 6.4: Computational results of HGA and GA for the EVRPSDP model under the inverse mutation with one point crossover 

CS VC 
 

HGA GA 
FCS 
(%) 

DR 
(%) 

BSIP FBS GN TTD IR (%) T (S) BSIP FBS GN TTD IR (%) T (S) 

30 

800 
1000 392 340 115 1163.2 13.3 65 600 380 180 1430.5 36.7 90 10.5 18.7 

1000 
1500 318.8 312.2 105 962.4 2.1 61 660 340 80 1136 48.5 88 8.2 15.3 

1500 
2000 312.5 287 150 891.5 8.2 61 650 349 150 1078.2 46.3 83 17.8 17.3 

50 

1000 
1400 537 491 142 1711.2 8.6 75 1010 635 98 2398 37.1 105 22.7 28.6 

1500 
2000 520 436 115 1535.5 16.2 76 1110 550 205 2011.9 50.5 103 20.7 23.7 

2000 
2800 515 434 90 1370.7 15.7 70 1110 605 75 2067.1 45.5 100 28.3 33.7 

80 

1500 
2000 753 696 100 2189.1 7.6 80 1895 980 295 3388.9 48.3 146 29.0 35.4 

2000 
3000 760 652 140 2063.8 14.2 75 1950 870 980 2964 55.4 125 25.1 30.4 

2500 
3500 682 612 100 1942.2 10.3 70 1900 850 530 2678.2 55.3 119 28.0 27.5 
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Table 6.5: Computational results of HGA and GA for the EVRPSDP model under the inverse mutation with two-point crossover 

CS VC 
 

 
HGA 

 

 
GA 

 FCS 
(%) 

DR 
(%) 

BSIP FBS GN TTD IR (%) T (S) BSIP FBS GN TTD IR (%) T (S) 

30 

800 
1000 371 338 95 1087.8 8.9 60.0 610 410 100 1645.7 32.8 80 17.6 33.9 

1000 
1500 316.2 310.

5 70 1009.6 1.8 62.0 650 378 98 1322.7 41.8 70 17.9 23.7 

1500 
2000 330.5 302 100 928 8.6 55.0 655 310 100 899 52.7 69 2.6 -3.2 

50 

1000 
1400 554 478 50 1628.5 13.7 75.0 1100 585 120 2342.7 46.8 80 18.3 30.5 

1500 
2000 514 455 25 1664.1 11.5 73.0 1140 502 330 1833.4 56.0 75 9.4 9.2 

2000 
2800 492 421 140 1292.2 14.4 61.0 1170 525 99 1664.4 55.1 76 19.8 22.4 

80 

1500 
2500 828 678 205 2178.5 18.1 70.0 1900 790 750 2819.9 58.4 88 14.2 22.7 

2000 
3000 780 590 400 2005 24.4 65.0 1890 880 450 3014.4 53.4 85 33.0 33.5 

2500 
3500 718 602 90 1997.9 16.2 60.0 1950 997 125 3207.1 48.9 80 39.6 37.7 
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Table 6.6: Computational results of HGA and GA for the EVRPSDP model under the inverse mutation with cyclic crossover 

CS VC 
 

HGA GA 
FCS 
(%) 

DR 
(%) 

BSIP FBS GN TTD IR (%) T (S) BSIP FBS GN TTD IR (%) T (S) 

30 

800 
1000 349 348 200 1209.7 0.3 75 650 378 240 1286.2 41.8 110 7.9 5.9 

1000 
1500 316.75 313.4 190 1015.6 1.1 69 655 375 150 1167.1 42.7 100 16.4 13.0 

1500 
2000 330.5 312.7 235 954 5.4 69 660 349 350 1050.4 47.1 98 10.4 9.2 

50 

1000 
1400 535.2 432.3 210 1728.6 19.2 85 1140 603 285 2345.6 47.1 135 28.3 26.3 

1500 
2000 550 455 440 1597.4 17.3 85 1100 555 515 2047.3 49.5 120 18.0 22.0 

2000 
2800 492.5 455 340 1391.1 7.6 83 1100 535 360 1685.9 51.4 102 15.0 17.5 

80 

1500 
2500 790 655 970 2121 17.1 90 1830 1080 270 3644.1 41.0 105 39.4 41.8 

2000 
3000 754 668 205 2086.2 11.4 85 2000 950 580 3167.8 52.5 154 29.7 34.1 

2500 
3500 726 651 310 2109 10.3 80 1880 1050 530 3385.4 44.1 135 38.0 37.7 
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The computational optimization progress of proposed HGA and GA under the 50-customer 

and 80-customer on solving EVRPSDP under two mutation operators are shown in Fig. 6.1-

6.4, respectively. The Y-axis in these figures is the fitness value and the X-axis in these 

figures represents the number of generation. Fig. 6.1 and 6.2 give the curve that reflect the 

optimization progress in the scenario of the EVRPSDP model with 50 customers where 

1500 (Pieces) units of vehicle capacity under the swap and inverse mutation with two point 

crossover that obtained by HGA. Fig. 6.3 and 6.4 show the trend of the optimization 

progress in the scenario of the EVRPSDP model with 50 customers  while 1500 (Pieces) 

units of vehicle capacity under the swap and inverse mutation with two point crossover that 

obtained by GA.  

 

These figures are showing that the GA takes more generations than HGA to reach the final 

near-optimal solutions. In addition, the following curves represent that GA is great at the 

beginning of initial better solution and proposed HGA generate much better initial solutions 

than GA. This is because HGA incorporates the sweep algorithm and the NNH for 

generating the initial chromosomes. This can reduce total fuel consumption (L) and total 

traveling distance (km) of a vehicle significantly. Although GA converges significantly in 

EVRPSDP, the curves representing HGA are slightly lower than those representing GA. In 

other words, the heuristics hybridized for the initialization procedure play an important role 

in the EVRPSDP. Due to the NP-hard nature of EVRPSPD, GA, approach cannot solve the 

problem within an acceptable period while HGA perform well within significantly shorter 

period. Considering these results and CPU times, it can be stated that, HGA based proposed 

approach is efficient and performs well. 
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Fig. 6.1 Optimization progress of 50-customer, 1500/2000-capacity, HGA scenario for 
swap mutation with two point crossover. 
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Fig. 6.2 Optimization progress of 50-customer, 1500/2000-capacity, HGA scenario for 
inverse mutation with two point crossover. 
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Fig. 6.3 Optimization progress of 50-customer, 1500/2000-capacity, GA scenario for swap 
mutation with two point crossover. 
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Fig. 6.4 Optimization progress of 50-customer, 1500/2000-capacity, GA scenario for 
inverse mutation with two point crossover. 
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6.3 Genetic Operator Analysis under the Designed HGA 

The genetic operators (i.e. one point crossover, two point crossover, cyclic crossover, 

inverse mutation and swap mutation) are adopted to conduct the computational experiment 

of HGA. The computational results of two mutation operators with three crossover 

operators under the HGA are compared in Table 6.7, 6.8 and 6.9 in which the total fuel 

consumption, no of generation and total traveling distance of the instances in each classes 

are included. Here, the percentage of fuel consumption and distance reduction are 

calculated by following the equation (6.2) and (6.3). If the savings (FCS and DR) value is 

positive, the total fuel consumption and final traveling distance in the Swap mutation is less 

than in the Inverse mutation and vice versa on solving EVRPSDP. The experimental results 

in each table show that the designed HGA is efficient to optimize the fuel consumption (L) 

in swap operation. The reason is that the inverse mutation always reverses the delivering 

and picking sequence of many nodes, which affects the EVRPSDP substantially. So, the 

developed HGA with swap mutation method under all crossover operators is able to 

provide high quality solutions that are very close to the optimal solution.  

 
 

In addition, the operational competency of one point crossover, two point crossover and 

cyclic crossover under swap mutation of HGA are illustrated in Table 6.10. Under swap 

mutation operation, the following results are calculated by comparing HGA and GA. In this 

analysis, under the 30 customers with all vehicle capacity, the one point crossover operator 

performs the best with a 73.2 % improvement over the two point crossover operator and a 

13.8 % improvement on average over the cyclic operator for minimizing fuel consumption. 

In addition, the cyclic operator has a 68.8 % improvement on average over the two-point 

crossover operator for minimizing fuel consumption. In case of 50 customers with all 

vehicle capacity, the one point crossover operator performs the best with a 21.3 % 

improvement over the two-point crossover operator and a 47.2 % improvement on average 

over the cyclic operator for optimizing fuel consumption. In addition, the two-point 

crossover operator has a 32.7 % improvement on average over the cyclic crossover operator 

for optimizing fuel consumption. Again, when the customer size is 80 with all vehicle 

capacity, the two-point crossover operator performs the best with a 7.9 % improvement 



 
 

54 
 

over the one point crossover operator and a 29.3 % improvement on average over the cyclic 

operator. In addition, the one point crossover operator has a 23.9 % improvement on 

average over the cyclic crossover operator. The results demonstrate that the one point 

crossover always performs very well on the three data sets. The two-point operator 

performs worst specially when the customer size is small, but with the increase in customer 

size, the performance is gradually increased. In addition, the results of cyclic crossover 

operator indicate that it always performs moderate.  

 
 
 

Table 6.7: Computational results of HGA under the swap and inverse mutation with one 
point crossover 

 

CS 
 

VC 
 

Swap 
Mutation 

Inverse 
Mutation 

FCS 
(%) 

DR 
(%) 

FBS GN TTD FBS GN TTD 

30 

800 
1000 347 60 1266.7 340 115 1163.2 -2.06 -8.90 

1000 
1500 308 85 1003.4 312.2 105 962.4 1.35 -4.26 

1500 
2000 299 60 959.0 287 150 891.5 -4.18 -7.57 

50 

1000 
1400 450 200 1717.4 491 142 1711.2 8.35 -0.36 

1500 
2000 416 350 1472.6 436 115 1535.5 4.59 4.10 

2000 
2800 380 340 1202.9 434 90 1370.7 12.44 12.24 

80 

1500 
2500 575 730 1852.0 696 100 2189.1 17.39 15.40 

2000 
3000 540 795 1848.6 652 140 2063.8 17.18 10.43 

2500 
3500 490 680 1621.9 612 100 1942.2 19.93 16.49 
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Table 6.8: Computational results of HGA under the swap and inverse mutation with two-
point crossover 

CS 
 

VC 
 

Swap 
Mutation 

Inverse 
Mutation FCS 

(%) 
DR 
(%) FBS GN TTD FBS GN TTD 

30 

800 
1000 347.5 100 1237.7 338 95 1087.8 -2.81 -13.78 

1000 
1500 312.7 100 1012.2 310.5 70 1009.6 -0.71 -0.26 

1500 
2000 284 160 900.7 302 100 928 5.96 2.95 

50 

1000 
1400 452 180 1687.3 478 50 1628.5 5.44 -3.61 

1500 
2000 417 410 1447.3 455 25 1664.1 8.35 13.03 

2000 
2800 398 500 1289.5 421 140 1292.2 5.46 0.21 

80 

1500 
2500 548 920 1868.3 678 205 2178.5 19.17 14.24 

2000 
3000 525 970 1773.7 590 400 2005 11.02 11.54 

2500 
3500 517 790 1641.4 602 90 1997.9 14.12 17.84 

 

 

Table 6.9: Computational results of HGA under the swap and inverse mutation with cyclic 
crossover 

CS 
 

VC 
 

Swap 
Mutation 

Inverse 
Mutation FCS 

(%) 
DR 
(%) FBS GN TTD FBS GN TTD 

30 

800 
1000 346 124 1224.8 348 200 1209.7 0.6 -1.2 

1000 
1500 298 100 989.2 313.4 190 1015.6 4.9 2.6 

1500 
2000 306.8 100 984.1 312.7 235 954 1.9 -3.1 

50 

1000 
1400 461 420 1666.2 432.3 210 1728.6 -6.6 3.6 

1500 
2000 410 490 1432.4 455 440 1597.4 9.9 10.3 

2000 
2800 384 348 1363.3 455 340 1391.1 15.6 2.0 
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Table 6.9 (Continued): Computational results of HGA under the swap and inverse mutation 
with cyclic crossover 

CS VC 
Swap 

Mutation 
Inverse 

Mutation FCS 
(%) 

DR 
(%) FBS GN TTD FBS GN TTD 

 
 

80 

 
1500 
2500 

 
551 

 
690 

 
1964.1 

 
655 

 
970 

 
2121 

 
15.9 

 
7.4 

2000 
3000 511 840 1750.5 668 205 2086.2 23.5 16.1 

2500 
3500 505 790 1677.5 651 310 2109 22.4 20.5 

 

 
Table 6.10: Computational results of HGA under the swap mutation with one point, two 

point and cyclic crossover 
 

CS 
 

VC 
 

HGA GA One Point 
Crossover 

Two Point 
Crossover 

Cyclic 
Crossover 

FBS TTD FBS TTD FCS 
(%) 

DR 
(%) 

FCS 
(%) 

DR 
(%) 

FCS 
(%) 

DR 
(%) 

30 

800 
1000 347 1266.7 380 1437 9.5 11.9 -7.1 -

14.9 0.9 16.2 

1000 
1500 308 1003.4 340 1260.4 10.4 20.4 7.1 14.2 18.4 19.7 

1500 
2000 299 959 349.9 1033.7 17.0 7.2 9.9 9.8 12.6 12.2 

Average 12.3 16.0 3.3 3.0 10.6 16.0 

50 

1000 
1400 450 1717.4 510 1963.8 13.3 12.5 9.5 19.7 2.9 14.2 

1500 
2000 416 1472.6 510 1899.2 22.6 22.5 17.5 14.6 18.8 23.4 

2000 
2800 380 1202.9 504 1664 32.6 27.7 26.9 23.5 14.7 9.6 

Average 22.9 20.9 18.0 19.2 12.1 15.7 

80 

1500 
2500 575 1852.0 700 2644.6 21.7 30.0 38.7 30.9 26.5 27.1 

2000 
3000 540 1848.6 720 2746.4 33.3 32.7 37.1 23.5 27.0 31.4 

2500 
3500 490 1621.9 705 2388.9 43.9 32.1 31.5 28.4 22.3 28.1 

Average 32.98 31.58 35.8 27.6 25.3 28.9 
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CHAPTER 7 

CONCLUSIONS AND FUTURE STUDY 
 

 

7.1 Conclusions 

The VRP is a well-known combinatorial optimization problem in logistics management. 

The VRPSPD is an extension of the VRP that considers simultaneous distribution and 

collection of goods to/from customers. A fleet of vehicles originated in a depot serves 

customers with pick-up and deliveries from/to their locations. This research has studied the 

VRPSDP from an environmental perspective and proposed a fuel oriented new model 

called environmental vehicle routing problem with simultaneous delivery and pickup 

(EVRPSDP) model. This fuel optimization model is developed with the objective of 

optimizing the fuel consumption of a vehicle. The most two common parameters such as 

the load and traveling distance of a vehicle are considered. Other factors, such as the 

vehicle speed, road condition, weather and traffic are ignored. This model is effective to 

optimize the fuel consumption of a vehicle and easy to implement in logistics management. 

Then, computational optimization procedure a Hybrid Genetic Algorithm (HGA) is 

designed to solve the EVRPSDP model. In order to compare the operational efficiency of 

HGA, the GA is also applied to optimize the fuel consumption on solving EVRPSDP 

model. The computational experiments of two algorithms under different customer sizes to 

optimize fuel consumption are carried out. The computational result shows that the 

designed hybrid HGA algorithm outperforms the existing GA significantly in less fuel 

consumption. The HGA produces a fuel savings of 19.25% over the existing GA. The 

effectiveness of the proposed algorithm comes from the combination of following reasons. 

First, the sweep algorithm is used to cluster the customer in each route i.e. route 

construction. Second, the NNH is used to determine the delivery sequence of vehicles in 

each route. Third, after the predetermined number of initial chromosomes is generated, the 

ISP is adopted to improve the links of all chromosomes. On the other hand, existing GA 

generated initial solutions randomly. So, this research conclude that the HGA is a viable 

approach to the solution of EVRPSDP as an optimization method. 
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7.2 Future Study 

This research can be extended to some possible directions.  The proposed models only 

focus on the shipment flow between distribution centers and end-customers in a single-

echelon supply chain system. The concept of environmental measurement can be extended 

into multi-echelon system. In the proposed model, there is no time limitation. Therefore, 

this model can be extended by integrating more real-life operational constraints, such as 

time windows constraints and will be more practical and comprehensive models for real 

logistics issues, especially those involved very time-sensitive customer logistics services. 

The proposed method is effective and the researchers as well as the supply chain members 

can have the guideline to implement it into other VRP variants, such as multi-depot 

VRPSDP, VRP with split delivery and so on to reduce fuel consumption and pollutant 

emissions of a vehicle. 
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