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Abstract 
This study aims to investigate the Green Vehicle Routing Problem (GVRP), which considers stochastic traffic 
speeds, so that fuel consumption and emissions can be reduced. Considering a heterogeneous fleet, the fuel 
consumption rate differs due to several factors, such as vehicle types and conditions, travel speeds, roadway 
gradients, and payloads. A mathematical model was proposed to deal with the GVRP, and its objective is to 
minimize the sum of the fixed costs and the expected fuel consumption costs. A customized genetic algorithm 
was proposed for solving the model. The computational experiments confirm the efficiency of the algorithm and 
show that the solution of GVRP is quite different from that of the traditional vehicle routing problem. We 
suggest that a company should use light vehicles to service the customers situated at higher terrains. The 
customers with higher demands can be visited earlier, but the customers situated at higher terrains or far away 
from the depot should be visited later. The study also found that the fixed costs of dispatching vehicles are 
critical in GVRP; a logistics company may thus tend to use large vehicles, despite that it may cause higher fuel 
consumption and emissions. The proposed model and algorithm are capable of suggesting a guidance for green 
logistics service providers to adopt a beneficial vehicle routing plan so as to eventually achieve a low economic 
and environmental cost. 
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1. Introduction 
In recent years, with the continued trend of environmental protection and sustainable development, the issues of 
green supply chain management, green logistics, and green transportation have received increasing and close 
attention from business organizations, academics, and governments. One of the most important and urgent issues 
is to reduce fuel consumption and CO2 emissions, especially caused by transportation activities. 

In the traditional Vehicle Routing Problem (VRP), a common objective is to minimize the total travel distance 
(or travel time) of all vehicles. Such an objective, however, does not always result in less fuel consumptions or 
CO2 emissions. Many factors will affect fuel consumptions and emissions, such as vehicle types, payloads, 
roadway gradients, pavement conditions, and travel speeds. Among these factors, the travel speed has much 
higher uncertainty due to dynamic traffic conditions, especially in urban areas. The studies about stochastic 
travel speed in green VRP (GVRP) are not commonly seen in recent literature. 

The literatures of GVRP can be approximately divided into energy consumption, pollution emissions and reverse 
logistics. To match this research subject and requirements, the literatures about energy consumption and 
pollution emissions are reviewed and discussed below. 

At present, almost all vehicles of the third-party logistics, transport companies, even enterprises’ fleets use fossil 
fuel as power source. The fuel cost is an important part of transportation cost (Xiao, Zhao, Kaku, & Xu, 2012). 
The transportation activity is one of the main sources of greenhouse gas emission. The traditional vehicle routing 
planning which only considers the distance cannot actually minimize the greenhouse gas emission, because the 
factors influencing the emission also include speeds, loads and so on. Reducing the fuel consumption is the most 
direct objective of GVRP. In addition, the emissions of greenhouse gases can be derived directly from the fuel 
consumption to measure the influence on the environment (Mohammadi, Torabi, & Tavakkoli-Moghaddam, 
2014). Demir, Bektas, & Laporte (2014) classified the factors influencing fuel consumption into five major 
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classes: vehicle, environment, traffic, driving and operation. Most literatures only discussed some of these 
factors.  

Kara, Kara, & Yetis (2007) brought distance and load into the cost function of a capacitated VRP. However, the 
cost function lacks further measurement of fuel consumption or emission. Kuo (2010) dealt with a 
time-dependent VRP, which considers distance, speed and load simultaneously for fuel consumption, and 
guaranteed the vehicle's First-In-First-Out constraint. However, the paper did not discuss the relationship 
between speed and fuel consumption rate. Xiao et al. (2012) assumed the fuel consumption rate be a linear 
function of loads, and built an integer programming model containing fixed cost and fuel cost. Demir, Bektas, & 
Laporte (2012) considered the fuel cost, CO2 emission cost and driver's salary in the objective equation, and 
proposed an integer linear programming model along with a heuristic algorithm to deal with the 
Pollution-Routing Problem. 

Recently, Qian, & Eglese (2014) discussed the problem of finding a route and schedule for a vehicle in a 
time-dependent network where the objective is to minimize the greenhouse gas emissions, and proposed two 
solution methods: dynamic programming and heuristic algorithm. Felipe, Ortuño, Righini, & Tirado (2014) 
presented several heuristics for a variation of the vehicle routing problem in which the transportation fleet is 
composed of electric vehicles with limited autonomy in need for recharge during their duties. However, as the 
nonelectric vehicles were not considered in their study, the fuel consumption and pollution emissions were also 
disregarded; the objective function only considered recharging costs and battery costs. Tajik, 
Tavakkoli-Moghaddam, Vahdani, & Mousavi (2014) built a mixed integer linear programming model for the 
VRP with pickup and delivery; the objectives considered the fuel cost, CO2 emission cost, driver cost and time 
window violation cost. Tiwari & Chang (2015) used clustering and genetic algorithms to solve GVRP. The 
objective function considered the minimum distance travelled by each vehicle as well as the total emitted CO2, 
which was directly assumed to be the product of mean distance, load and conversion factor. Soysal, 
Bloemhof-Ruwaard, & Bektas (2015) considered a delivery network with a central station, several satellite 
stations and many customer points. Time-dependent travel times were considered. The objective function 
considered fuel costs, station costs and driver costs. The method of calculating fuel consumption is similar to that 
of Demir et al. (2012). Demir et al. (2014) and Lin, Choy, Ho, Chung, & Lam (2014) reviewed many studies for 
GVRP, and suggested some research directions. Their studies help to rapidly understand the development of 
GVRP.  

2. Model Formulation 
2.1 Notations 

Sets: 

 set of vehicles 

 set of customers 

 set of the depot and customers 

 set of segments in the path (i, j) 

Decision variables: 

 binary variable ; 1 if vehicle k travels from node i to node j and 0 otherwise 

 payloads between node i and node j 

Functions and parameters: 

 fuel consumption rate, which is a function of speed, load, and roadway gradients 

 fixed cost of dispatching vehicle k 

c unit cost of fuel consumptions and emissions 

 length of segment s in the arc (i, j) 

 capacity of vehicle k 

 demand of customer i 

2.2 Problem Description 

The GVRP is defined on a complete graph, where vertex set  is a combination of the customer set N and the 
depot. The edges of the graph represent the paths between vertexes. An edge or path is further divided into 
several segments according to their different gradients, speeds, or other road conditions that will affect fuel 
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consumptions. Among a heterogeneous vehicle set K, a number of vehicles depart from the depot, visit 
customers for delivery, and return to the depot. A customer with certain demands can be visited exactly once. 
Due to uncertain traffic conditions, the speed on a segment is assumed to be a random variable. The fuel 
consumption rate on a segment, which is also random, is assumed to be a function of the gradient, speed, and 
payloads on that segment. The GVRP seeks to find at most | | vehicle routes which start and end at the depot, 
such that the total cost, including fixed costs of dispatching vehicles and expected costs of fuel consumptions 
and emissions, is minimized. 

2.3 Mathematical Model 

Based on the above problem description, the GVRP is formulated as follows: Min		TC = ∑ ∑ ∈∈ + ∑ ∑ ∑ [ ]∈∈, ∈ ,   (1) Subject	to:	 ∑ ∈ ≤ 1				∀ ∈  (2) ∑ ∑ ∈∈ , = 1				∀ ∈  (3) ∑ ∈ , − ∑ ∈ , = 0				∀ ∈ , ∈  (4) ∑ ∈ , − ∑ ∈ , = 				∀ ∈  (5) ≤ ∑ ∈ 				∀ , ∈  (6) ∈ 0,1 				∀ , ∈ , ≠ , ∈  (7) ≥ 0				∀ , ∈ , ≠  (8) 

The objective function represented by equation (1) is to minimize the total cost, including fixed costs of 
dispatching vehicles, and expected costs of fuel consumptions and emissions. Constraint (2) requires each 
vehicle depart depot at most once. Constraints (3) and (4) require each customer be serviced exactly once by a 
certain vehicle. Constraint (5) defines the demand as the difference of payloads before and after service. Note 
that Constraints (5) also eliminates sub-tours which do not connect to the depot. The vehicle capacity constraint 
is presented in (6). Constraint (7) defines  as a binary variable, and Constraint (8) ensures the 
non-negativity of the loads en route. 

3. Solution Algorithm 
In the following, we propose a genetic algorithm to solve the GVRP model presented in the previous section. 
After introducing the method of chromosome encoding, the steps of the algorithm include: population 
initialization, fitness evaluation, selection, crossover, and mutation. 

3.1 Chromosome Encoding 

A solution of GVRP can be represented as a two-part chromosome; Chromosome-I is a sequence of customers, 
and Chromosome-II identifies the index of the last-serviced customer in Chromosome-I for each vehicle. The 
length of Chromosome-I equals the number of customers, while the length of Chromosome-II equals the number 
of vehicles. Each element in Chromosome-I and Chromosome-II is regarded as a gene. Figure 1 illustrates the 
chromosome encoding for a solution. For example, there are 12 customers to be serviced by 4 vehicles. Figure 1 
shows that the solution consists of three routes: 0-7-3-4-0, 0-12-1-8-2-0, and 0-11-5-6-10-9-0, assigned to 
Vehicle 1, Vehicle 2, and Vehicle 4, respectively. Note that “0” represents the depot and Vehicle 3 is not used. 

 

 

Figure 1. Example of chromosome encoding 

 

3.2 Population Initialization 

Initial feasible solutions are generated repeatedly until the population size is reached. For each solution, 
Chromosome-I is generated randomly. After that, each vehicle (i.e., a gene in Chromosome-II) can be chosen to 
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For a road segment, according to Demir et al. (2012), the fuel consumption rate function is expressed as follows: = + + + +  

where  is a random speed,  is payload,  is the radian of road angle, and other parameters are also 
summarized in Table 1. 

 

Table 1. Information of trucks and other parameters 

Notation Description Type 1 
(large size) 

Type 2 
(median size) 

Type 3 
(small size)

 Curb weight (Kg) 3900 2570 2400 
V Engine displacement (liters) 7.545 2.998 2.998 
N Engine speed (rev/second) 33 33 33 
k Engine friction factor (kilojoule/rev/liter) 0.2 0.2 0.2 
A Frontal surface area (m ) 5.54 4.47 3.89 

 Load capacity ( ) 29 17 9.5 
 Fixed cost (dollars) 60 55 50 

     

Notation Description Value  

 Fuel-to-air mass ratio 1  
 Heating value of a typical diesel fuel (kilojoule/gram) 44  
 Conversion factor (gram/second to liter/second) 737  
 Constant 0.5 A  
 Coefficient of aerodynamic drag 0.7  

 Air density (kilogram/meter3) 1.2041  γ Constant 1/360  
 Gravitational constant (meter/second ) 9.81  
 Coefficient of rolling resistance 0.01  

 

Forty customers and a depot are scattered on a 20 km×20 km area, which is not totally plain. Figure 3 shows the 
terrain of the area as well as the location of the customers and the depot. The darker area refers to a higher 
elevation. The depot is located at (10, 3). Customers 1 to 22 are randomly scattered on the rectangular area (5, 5) 
- (15, 15), which is assumed to be the downtown. Customers 23 to 28 are randomly scattered on the rectangular 
area (0, 0) - (5, 20). Customers 29 to 34 are randomly scattered on the rectangular area (15, 0) - (20, 20). 
Customers 35 to 37 are randomly scattered on the rectangular area (5, 15) - (15, 20). Customers 38 to 40 are 
randomly scattered on the rectangular area (5, 0) - (15, 5). The volumes and weights of the demands and the 
coordinates of the customers are listed in Table 2. 

The distance between nodes is assumed to be block distances; the vehicle moves only along the path parallel to 
the x axis or the y axis. The path is divided into several segments according to different gradients, speeds, or 
other road conditions that will affect fuel consumptions. For each segment, the random speed is characterized by 
the following probability density function, which is illustrated in Figure 4: 

= 2/ 2 − −2/ 2 − − − / −0 								 	 ≤ ≤	 ≤ ≤  

In this study we assume that truck drivers always drive under the speed limit. The travel speed is stochastic and 
may be lowered due to traffic conditions. Although the above probability density function is only an example, it 
does characterize the travel speed properly. 
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Figure 4. Probability density function of speeds 

 

4.2 Results and Discussions 

The tests were carried out based on the above information. First, we considered both fixed costs and expected 
fuel consumptions costs, as in Eq. (1). The test result shows that the fixed costs of dispatching vehicles, such as 
wages of drivers, dominate the solution. Only two Type-1 vehicles and one Type-2 vehicle are dispatched to 
service the customers, because fewer vehicles refer to lower fixed costs. In such cases, the costs of fuel 
consumptions and emissions may not receive enough attentions when making decisions of vehicle routing. 
Therefore, reducing fixed costs is a critical issue for a green logistics company. In the second part, we performed 
further tests with no fixed costs to show the influence of vehicle routings on the expected costs of fuel 
consumptions and emissions. The test results are shown in Figure 5. Note that the links connected to the depot 
for each route are not shown in the figure for simplicity. The test result shows that all Type-2 and Type-3 
vehicles are dispatched while no Type-1 vehicle is used, since heavy vehicles with heavy loads refer to more fuel 
consumptions and emissions. Most customers at higher terrains or at the nearby area are serviced by light 
vehicles (Type-3).  

 

 
Figure 5. Computational results 
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5. Conclusion 
In this study, we proposed a mathematical model to deal with the GVRP, whose objective is to minimize the sum 
of the fixed costs and the expected fuel consumption costs. However, we found that if the fixed costs, especially 
the wages of the drivers, are considered in GVRP, the vehicle routes will be composed of large vehicles, despite 
that it may cause higher fuel consumption and emissions. This issue is critical especially when the transportation 
operation is outsourced to a third-party logistics. To deal with this issue, on the one hand the company can use 
advanced logistics technology to reduce fixed costs, and on the other hand more efforts should be made to reduce 
fuel consumption and emissions, such as internalizing the external cost of emissions, adding a constraint of 
emission limitation, or using more green vehicles. We suggest that a company should use light vehicles to 
service the customers at higher terrains. The customers with higher demands can be visited earlier, but the 
customers situated at higher terrains or far away from the depot should be visited later. 

A genetic algorithm is used to solve the GVRP, in which a new coding method is proposed to generate a two-part 
chromosome. It is much easier to perform a GA operation and maintain the feasibility by using a two-part 
chromosome. This kind of structure can be applied to other type of VRPs. 
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