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ABSTRACT 

In an increasingly global and competitive world, companies are constantly forced to improve the 

efficiency of their operations if they are to endure their business. With increasingly demanding customers 

needing to have the right product, at the right place and at the right time, transportation has become one of 

the most important activities in a supply chain, and because of its huge impact on daily basis for companies, 

transport optimization has been one of the areas that has attracted the most interest. 

It was in this context that this work arose at Transportes Heitor & Carlos, a company that provides 

logistics and transportation services. This work aims to improve their route planning, with the main 

objective of reducing the number of empty kilometers made by their own fleet vehicles. 

After characterizing the company and its current situation, it was found that this case study would 

benefit from the application of a heuristic method in order to achieve the main objective. 

Three different scenarios were evaluated, in which the allocation of the different loads available by the 

three own vehicles varies. The results suggest that if the company obtained information about the different 

loads from its customers in advance, it could reduce the number of empty kilometers traveled and thus 

reduce its costs by about 10%. For this purpose, a discount plan is suggested to be applied as a counterpart 

to the sharing of cargo information by customers. 

Keywords: Transportation, Vehicle Routing Problem, Route Planning, Deadheading.  

 

1. Introduction 

The freight market is extremely relevant in today's 

society and has a very significant impact in its economy. 

According to the European Union Commission data 

collected in 2016, land transport represents 49.3% of all 

types of transport used between the 28 constituent countries 

of the European Union (Union européenne and Commission 

européenne, 2018). 

The economic crisis that has plagued Europe coupled with 

increased competitiveness between distribution companies, 

fuel prices and taxes and essentially the ever-increasing 

demand from customers, means that companies are 

constantly striving to increase their efficiency at the same 

level Distribution, by improving their logistics planning 

(Juan et al, 2014). 

Road transport is the most used way to move goods in 

Portugal. According to IMT data (2018c), the number of 

active companies has been decreasing since 2010, with 

many insolvencies arising from the economic crisis, and in 

2016, 7095 companies were active on Portuguese soil. As 

with the number of companies, the economic crisis has also 

affected the influence of this mode of transport when 

compared to others such as air and sea transport. According 

to IMT data (2018d), in 2015, 86.4% of freight transport 

was carried out by road, compared to 91.8% in 2008. 

The problem to be studied in this dissertation and that 

was proposed by Transportes Heitor & Carlos (THC) is 

precisely related to the area of transport. As this is a small 

transport and logistics company, it intends to improve its 

national and international transport route definition process, 

namely reducing the number of kilometers of empty 

vehicles to to improve its efficiency and profit. 
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This type of vehicle routing problem, known as Vehicle 

Routing Problems (VRP), is common and occurs daily at all 

transportation distributors and service providers around the 

world. Because it is such a challenging subject and with 

many restrictions to solve real cases, more innovative 

studies in this area of Operational Research have emerged 

over the years. 

In this case study, it is intended to analyze the possible 

improvements in the planning of distribution services, with 

the implementation of a heuristic method that helps to 

define the best load sequence in order to reduce the distance 

traveled by vehicles. 

This paper is divided into 6 sections: section 2 contains 

a relevant bibliographical review about VRP, and presents 

different types of VRP and methods for their resolution; 

section 3 presents the case study and describing the problem 

characteristics; in section 4 the heuristic model is described; 

in section 5 the model is implemented in three different 

scenarios and results are compared; at last, in section 6 is 

presented the conclusions and proposed possible future 

studies to improve the results. 

 

2. Literature review 

This section aims to present some concepts that are 

relevant to the case study problem. It begins with section 

2.1 which presents a problem associated with planning for 

transport and distribution routes, the Vehicle Routing 

Problem (VRP). In addition to defining the concept of VRP, 

its elements and its mathematical model are also analyzed. 

Section 2.2 presents the different problem-solving methods 

for VRP. Finally, section 2.3 presents some VRP variants 

that are related to the case study. 

 

2.1. Vehicle Routing Problem (VRP) 

The VRP is a combinatorial optimization problem, 

which aims to determine optimal routes to be 

performed by a set of identical vehicles, starting from a 

Distribution Center (DC), serving a set of 

customers with a specific demand and who are subject to 

certain restrictions (Cordeau et al., 2007). 

As each company can have quite different 

organizational objectives, the objective function that is 

defined can have the multiple purposes: minimization of 

total distance, minimization of total costs, minimization of 

operating times, minimization of fleet vehicles, among 

others. 

Laporte (1992) defines the mathematical model for 

Capacitated Vehicle Routing Problem (CVRP), the classic 

version of VRP, as follows: 

 

Indices and Sets: 

i- Place of departure, i  L=0,…,n 

j- Place of arrival, j  L=0,…,n 

v- Vehicle, v  V=1,…,m 

Parameters: 

cij - Cost of travel between place i and place j 

qi – Demand of location i 

Qv – Maximum vehicle capacity v 

Dv – Maximum duration of the route traveled by the 

vehicle v 

tijv –Travel time between i and j, performed by vehicle v 

di – Loading time in place i 

S- Sub-set of customers 

Binary Variables: 

xijv - variable that assumes the value 1 if the vehicle v is 

responsible for making the route between location i and 

location j, otherwise it is 0. 

 

Mathematic Formulation: 

The mathematic model is formulated taking into 

account the indices, sets, parameters and variables 
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The objective function of the problem [1] minimizes 

the total cost of distribution. Meanwhile, equations [2] 

and [3] ensure that each customer is supplied only by a 

single vehicle. Equation [4] ensures that all vehicles that 

stop at a particular customer leave it, ensuring continuity 

of routes. The equation [5] is responsible for not being 

overweight in the vehicles. On the other hand, equation 

[6] controls whether the sum of service times in clients 

does not exceed the maximum time stipulated for each 

route. The equations [7] and [8] are created to understand 

if there is a vehicle available to effect the route. While 

equation [9] defines if a specific vehicle leaves DC. 

Finally, it remains only to add the equation [10] that 

eliminates the creation of sub- routes. 

 

2.2. Resolution methods for the VRP 

VRP is a problem that can lead to a high set of solutions 

and become impracticable over a tolerable   period of    time 

which is the reason why VRP is classified as a NP-Hard, 

non-deterministic polynomial-time hard problem. Over 

the years, several mathematicians have contributed to 

the development of methods that try to find the best 

possible solution. In the literature were found several 

techniques to achieve them, highlighting three types of 

approaches: 

1. Exact methods - presents the proposal with the best 

possible solution satisfying all the constraints required, 

ensuring that the proposal is optimal. However, due to the 

complexity of these issues that have to take into account a 

large number of components and restrictions may not be 

able to solve them computationally. An example of an exact 

approach was presented in 1960 by Doig and Land, the 

Branch and Bound (B&B) method, it is the most used 

algorithm for solving large-scale optimization problems. 

The main problem, P, is divided into sub- problems, Pi, of 

smaller size, which become simpler to solve than the initial 

one and need to be solved in order to be able to find a 

solution to the main problem. 

2. Heuristic methods - these methods are used when 

the computational effort required is high and time 

consuming. These methodologies are less rigorous and 

detailed but can provide solutions very close to the 

optimal solution and with a more efficient computational 

resolution. According to Assad et al. (1983), Fischer 

(1995) and Laporte et al. (2000), heuristic methods fall 

into three types: a) Constructive Heuristic Methods: 

They start from an inadmissible solution, usually empty 

and add nodes to the route by a greedy criterion. Two of 

the most commonly used constructive methods are the 

Nearest Neighbor algorithm (Rosenkrantz et al., 1977) 

and the Savings algorithm, created by Clarke and Wright 

(1964). b) Heuristic Local Search Methods: Starting 

from a permissible solution, they try to improve routes 

iteratively, by means of arcing and node-exchanging 

operations (k-opt) or between routes (k-interchange).  

c) Heuristic Methods based on Optimizing Algorithms: 

In these methods we seek to relax the problem, making 

it simpler and then using exact methods to solve it. The 

gap heuristic (Fisher and Jaikumar, 1981) is an example 

of this method. 

3. Meta-heuristic methods - These metaheuristic 

methods, as a generalization of local research heuristics, 

seek to improve solutions by operating exchanges but 

allowing for a momentary degradation of solution 

quality. This degradation allows for greater exploration 

of the solution space, reducing the likelihood that the 

algorithm will be "trapped" in optimal locations. Use of 

this approach is required when heuristic and accurate 

methods are not effective and / or efficient enough to find 

the solution. There are a lot of meta-heuristic used on the 

literature, such as: genetic algorithms (Onwubolu and 

Mutingi, 2001), simulated annealing (Kikpatrick et al., 

1983), ant colony (Dorigo and Di Caro, 1999) and the 

Tabu Search algorithm (Glover, 1989).  

 

2.3. Different types of VRP 

There are several types of VRP that take into 

account the particular constraints of each problem, such as: 

time constraints on customers, homogeneous or 

heterogeneous vehicle fleet, type of customer demand, 

vehicle travel times, homogeneity and vehicles capacity, 

existence of more than one DC, and so on. Some variants of 

VRP will be mentioned which have features that may be 

useful for the resolution of this case study. 

 

2.3.1 VRP with Time Windows (VRPTW) 

This variant adds restrictions on time limits for visiting 

customers. Each client has a time window associated with it 

[ai, bi], in which it must be supplied (Bräysy and Gendreau, 

2001). For the distribution center there may also be a time 

window in which uploads can be made. The objective of this 

problem is to reduce the travel time between customers and 

the waiting time of customers until the supply, respecting 

the defined time limits. This variant has great applicability 

in real context problems where there is a definite time, such 

as the delivery and collection of correspondence (Taner et 

al., 2012) and the bus schedule planning (Miranda et al., 

2018). 

 

2.3.2 Dynamic VRP (DVRP) 

Most routing problems are deterministic in nature, 

ie all data and constraints are known a priori, ie before the 

vehicle starts its route. However, in this variant these 

parameters may change during operation, such as the 

duration of travel between customers, the length of service 
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provided during loading and unloading operations, the 

location of customers and their demand, among other 

factors. According to Bianchi (2000), in a DVRP the initial 

information of the problem can be partially known, the rest 

being dynamically revealed or updated. Until a certain 

moment, there will be no uncertainty about the information 

received until that moment. This type of problem, where 

information is not known a priori, increases the complexity 

of the problem. Cases such as the occurrence of a 

breakdown, accident, delayed delivery / collection of 

products by the vehicle and new orders require a replanning 

of the route. Works such as online parcel deliveries that are 

highly unpredictable in terms of volume and number of 

orders (Du et al., 2005) or urgent product delivery (Ferrucci 

et al., 2013) are examples of application of this variant of 

VRP. 

 

2.3.3 VRP with Backhauls (VRPB) 

The term backhaul can be defined as the return trip of a 

means of transport that has provided a transport service in a 

direction. Backhauling can be full load, partial load, or 

deadheading. 

In this problem, the client set is divided into two groups: 

linehaul (L) and backhaul (B). Each linehaul customer 

requires a delivery and each backhaul customer requires a 

pickup. Linehaul customers are the first to visit, followed 

by backhaul customers. All deliveries must be loaded at the 

distribution center and all pickups must be transported to the 

distribution center. This type of division is very common in 

distribution problems. One of the great applications of this 

variant is to enable companies to take advantage of return 

travel as a source of income, not by displacing the vehicle 

in a vacuum (Yu and Dong, 2013), but also by reducing 

carbon emissions (Turkensteen and Hasle, 2017). 

 

2.3.4 Combining Truck Trips 

One of the worst consequences of unplanned road 

transport is the large number of empty truck trips, whose 

negative externalities affect both businesses and the social 

community. Thus, empty movements should be reduced, 

and the use of trucks should be maximized (Caballini et al., 

2015). This can be done by properly planning and 

optimizing demand journeys belonging to the same carrier 

and, where this is not possible, trips related to different 

carriers. In other words, it is crucial to share the requests of 

different actors in order to benefit both the operator 

involved and the social community (Caballini et al., 2014). 

One of the first studies on this subject is provided by Gavish 

(1974), who presents a method of serial combination of 

truck trips to minimize the total cost of deadheading, subject 

to the restrictions of the permitted combination. Also, 

Powell (1987) proposes a model that can be used in real time 

to decide, under uncertainty, how to allocate the truck fleet 

while anticipating the future consequences of current 

decisions. Assuming homogeneous types and sizes of own 

and chartered containers and fleets with different 

transportation costs and working day duration, Imai et al. 

(2007) studies the optimal assignment of these fleets to a set 

of delivery and collection point pairs in order to minimize 

the total cost of distribution. 

 

3. Case-study 

The Arruda dos Vinhos delegation has 16 vehicles in its 

fleet, 3 of which are owned by the company and the 

remaining 13 are subcontracted. The own fleet has seen a 

growth over the last few years, and this section will focus 

on the study of this work. The cost of the subcontracted fleet 

is always the same, regardless of the distance traveled, 

something that does not happen with the own fleet where 

each kilometer has an associated cost. The major problem 

associated with own fleet is the distance these vehicles 

travel without any load, which means that they represent 

only financial loss for the company. Normally this unladen 

journey (deadheading) is performed when a new service is 

started, and the vehicle must travel to the place of loading. 

This is the problem which this work will focus on, with 

the aim of trying to reduce these deadheading. For a better 

understanding of the proposed problem, the records of the 

empty distances of the three own fleet vehicles over the 7-

month period from February to August 2018 are presented. 

Vehicle 1 presents a monthly average of 10.3 %, whilst 

vehicle 2 has a monthly average of 8.4% and vehicle 3a 

monthly average of 14%. Together, the three vehicles 

account for 10.6% of deadheading of the total distance 

traveled.  

In order to reduce these records, the model to be studied 

should consider some restrictions: 

Customer requests must always be fulfilled, i.e. demands 

must be met; 

- There are no minimum quantities to initiate a new service; 

- The available space for loading on the vehicle must be 

optimized; 

- The fleet must be maintained; 

- The working hours of drivers are not fixed; they only must 

make the 9 hours daily contractually established; 

- There is no maximum number of trips per day, there are as 

many as working hours allow; 

- Vehicles perform only distribution tasks; 

- It is mandatory to comply with the law on maximum load 

capacity of vehicles. 
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4. Methodology 

A heuristic method was developed to solve this problem. 

This method is based on the greedy heuristic rule: the 

nearest neighbor heuristic, defined in section 2.2. 

This heuristic method has as the main goal of determining 

the sequence of services to be performed throughout a week, 

in order to minimize the distance traveled under no load. 

The starting point for the application of this method is an 

utopian scenario, where all services to be performed during 

a working week are known, from the point of loading to the 

place of unloading and, with this information, the distance 

traveled under load. 

 

This method considers four sets and their indices. Set S 

covers all the services that the company has to perform in a 

work week, where s represents a service, such that s є S = 

{1,…, m}. Set I consists of all places where the loading 

process takes place in a week, where i is a loading place and 

i є I = {1,…, n}. Set J contains all places where the 

unloading process takes place, where j represents a 

unloading place and j є J = {0,…, n}. In this notation, j0 

represents the last unloading place of the previous week, 

which will serve as a starting point for the analysis of the 

week under study. Finally, set V contains all available 

vehicles, where v is a vehicle and v є V = {1,2,3}. 

This method also includes 3 matrices: The CPAsij matrix 

indicates the loading location i and the discharge location j 

for each service s. This data is known a priori at the 

beginning of each work week. The first column of the CPA 

matrix represents the service number, the second represents 

the loading place and the third column represents the 

unloading location. 

The dcarga parameter indicates the number of kilometers 

associated with each service s. Knowing the load location i 

and the discharge location j of each service s (obtained 

through the CPA matrix), the value of this parameter dcarga 

is obtained through the Google Maps platform. 

The matrix dji indicates the distance between each 

discharge location j and each loading location i. The values 

of this matrix values are also determined based on the 

Google Maps platform to measure accurate distances. 

Figure 1 represents the flow chart of the heuristic 

method used in this work. 

 

 

 

 

 

 

 

 

This heuristic method is based on the search for the 

shortest possible distance between two selected locations. 

The starting location of this method is the last unloading 

location of the previous week, j0. The next loading location 

is the one to where, from location j0, the deadheading is the 

shortest possible when compared to all other locations. The 

selected loading location corresponds to a service. This 

loading location-service relation allows the definition of a 

sequence of services, to be performed throughout the week 

by the vehicle, with the least deadheading. To prevent the 

selected locations from being chosen again in the next 

iteration of the heuristic, they are removed from matrix dji 

at the end of each iteration. In case the same location exists 

for two or more services, each service is defined 

individually, and the location appears as many times as the 

services it is allocated to, thus disabling possible incorrect 

application of the method. Allocation of loads to a vehicle 

ends when there are no more loads available to allocate, or 

the vehicle has already reached the maximum distance 

Figure 1- Heuristic Flow Chart 



6 

 

traveled of 3600 km per week. When one of the two 

situations occurs, the heuristic comes to an end and its result 

will be the best sequence of services to be performed by the 

vehicle that allows for the lowest deadheading, which is 

presented in the matrix Ordem. The heuristic also returns 

the last unloading location of the week analyzed, which will 

serve as a starting point for the following week of the 

correspondent vehicle. 

 

Figure 2 is an illustrative representation of the result of 

the heuristic method applied to one vehicle in one week. 

Represented by the dashed line are every possible route 

from each unloading location to a different loading location. 

The starting point of the heuristic is represented by the 

yellow circle in the figure and it is the last unloading 

location of the previous week. For every possible route from 

the starting point to every other unloading location, 

represented in the figure by a triangle, the heuristic 

evaluates which route has the least deadheading amongst 

the others. The selected route is then represented with a 

green line.  

Upon selection of the best next loading location, the 

unloading location is defined by the service associated with 

the selected loading location, represented in the figure by a 

red line and the number of the service.  

The service selected leads to the new unloading location, 

which is the starting point for the next iteration of the 

heuristic. The process stops when every service as been 

accounted for. 

The result of this heuristic method is the best sequence 

of services that provides the minimum deadheading 

possible. For the problem illustrated in Figure 1, the result 

is the service sequence 4-3-2-1. 

 

5. Results 

This chapter presents the results obtained by applying 

the heuristic method explained in the previous chapter. This 

chapter begins in section 5.1, where the scenarios to be 

analyzed and the assumptions made are presented. Section 

5.2 compares the scenarios with the current situation of 

THC. Finally, section 5.3 presents a suggested resolution for 

the problem under study. 

 

5.1 Presentation of Scenarios and Assumptions 

Figure 3 represents the three scenarios that were studied 

for this work. 

Scenario 1 - This scenario consists of reorganizing the 

loads allocated to each vehicle, that is, using the same 

services that each vehicle performed weekly in the original 

company scenario, performing an analysis of the reordering 

of the loads and how this would affect the deadheading 

traveled. In the heuristic method 3 sets of services are 

applied. Each set of services is allocated to a single vehicle. 

Scenario 2 – This scenario consists of the creation of a 

cargo bag, i.e. removing all the loads initially allocated to 

each vehicle and then placing them in a general cargo bag, 

then distribute them across the three vehicles, subject to 

certain restrictions that will be explained later. In the 

heuristic method only one set of services is created, which 

includes all weekly services to be performed this week. In 

this scenario, the heuristic method is performed in parallel, 

that is, the loads are allocated one by one, vehicle to vehicle. 

Scenario 3 – This scenario analyzes the possibility of 

placing all the loads of the largest customer, which 

represents 33.9% of the total loads, for one week in one 

single vehicle, placing the remaining loads in the remaining 

two own fleet vehicles. It should be noted that in this 

scenario the loads are not exclusive, that is, whenever there 

is no possibility of restrictions adjacent to the method, the 

other two vehicles can be allocated with loads from the 

largest customer and the first with loads from other 

customers, so as to no weekly climbing load is left out. In 

this heuristic two sets of services are created: one set with 

the services of the largest customer and another set with the 

Scenario 1 Scenario 2 Scenario 3 

Figure 3 - Representation of the three Scenarios to study 

(Source: Author)  

Figure 2 - Representation of the heuristic method solution 

(Source: Author) 
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services of the remaining customers. On the first instance, 

only the largest customer's loads are allocated to vehicle 2 

and the rest to the other two vehicles. When it is no longer 

possible to allocate more loads from the largest customer by 

the restrictions, it is possible to fill vehicle 2 with the other 

loads and those of the other two vehicles to be allocated 

loads from the largest customer. 

For the analysis of the three different scenarios studied, 

the data regarding the three vehicles from February to 

August 2018 were considered, with a total of 29 weeks and 

380 loads performed. For this study, it was assumed that at 

the beginning of each work week, all the services to be 

performed and their transport distances would be known. 

Finally, it is considered that for each working week the 

vehicle can only travel a maximum of 3600 kilometers. This 

is a result of the restrictions to which the driver is subjected 

to working hours (8 hours per day for 5 days per week) and 

the maximum speed permitted by law of 90 km / h on the 

road infrastructure of Portugal and Spain. Note also that the 

drivers' vacations were respected, so no loads are allocated 

during this period. 

Regarding the costs associated with the distribution 

operation, it is feasible to make a comparison between the 

costs of the current situation in the company and the 

estimated costs for the three scenarios. It should be noted 

that in this cost calculation only the costs associated with 

fuel consumption will be accounted for and no other costs 

such as vehicle wear will be taken into account. For this 

analysis, and after analyzing the various vehicle data, an 

average fuel consumption of 36.5 liters / 100 km was 

assumed for each vehicle and the price of diesel per liter is 

€ 1,395. Thus, the price of fuel per kilometer is 0.51 €. 

 

5.2. Scenario Results 

The following Table 1 presents the results of the 

heuristic for every scenario for each scenario and the values 

of the current situation which it is in.  

Starting with the comparison of the scenarios by the total 

of distances traveled, it appears that scenario 2 is the one 

with the lowest value, followed by scenario 3 and scenario 

1, respectively. All three scenarios analyzed have values 

lower than the original route, however these values are 

always superior than 1900 kilometers of reduction, which is 

quite significant.  

For the total deadheading, scenario 2 is the one with the 

lowest value, followed very closely by scenario 3. Scenario 

1 has the highest value of the three, but still a value far 

below the deadheading of the original route. In percentage 

terms, in relation to the distance that was traveled in each 

scenario, it is verified that in all scenarios the values are in 

the order of 9%, that is, below the 10.4% that were obtained 

in the current THC situation. 

 

Table 1 - Results of applying heuristics for all scenarios (Source: 

Author) 

 

The scenario with the lowest percentage, derived from 

all the data discussed above, was scenario 2 with exactly 1 

percentage point below 10.4%. The difference for the other 

two scenarios is small, with a gap of 0.2% from scenario 3 

and 0.4% from the first scenario. 

In monetary terms, the least expensive scenario is 

scenario 2, with a cost reduction of around 970 euros, which 

corresponds to a saving of 11.2% compared to the 

company's cost for the same period. On the other hand, 

scenario 1 is the one with the smallest reduction, in the order 

of 7%, which is expected since the inherent characteristics 

of this scenario make it very complicated to obtain a much 

higher value, since it was restricted to a unique route 

scenario. Finally, scenario 3 presents an optimization of 

9.3%. 

 

5.3 Implementation Proposal: Discount Policy 

The solution proposal is a THC company discount 

proposal to the largest customer. This proposal concerns the 

possibility for the company to provide a monetary discount 

to the customer by sharing the weekly cargo plan with THC. 

It is believed that this measure has a great advantage for the 

company, since with this information sharing, the basic 

problem of this dissertation can be solved: reduction of the 

deadheading done by its vehicles. 

 THC 1 2 3 

Total 

Distance 163621 161702 161051 161250 

Deadheading 

Vehicle 1 

(km) 5566 5064 5289 5046 

Deadheading 

Vehicle 2 

(km) 5458 5442 4273 4943 

Deadheading 

Vehicle 3 

(km) 6025 5339 5584 5472 

Average 

Deadheading 

(km) 5683 5282 5049 5154 

Total 

Deadheading 

(km) 17049 15845 15146 15461 

Deadheading 

(%) 10,4% 9,8% 9,4% 9,6% 

Fuel Total 

Cost (€) 8 694,99 € 8 080,95 € 7 724,46 € 7 885,11 € 

Fuel cost 

reduction 

compared to 

THC (%)  7,1% 11,2% 9,3% 
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 Although scenario 2 shows the best results because of 

the high number of customers requesting THC service, these 

services are not regular, and it is difficult to come up with a 

solution that covers all routes and all customers. Precisely 

because of this unpredictability in terms of available 

services, it was decided to present a scenario 3 that is based 

on the solution proposal, in which the focus is on one 

customer and, whenever possible in one vehicle. This 

allows conclusions that can be extended to other similar 

situations. 

 In order to reach this conclusion, we analyzed the 

amount of return cargo that exists in the current situation of 

the company and we also analyzed the application of the 

heuristic in scenario 3. The return of cargo means that 

during a service performed, the place of unloading and the 

loading place of the next stop  is the same. That is to say, 

that being the same place of unloading and place of loading, 

the distance traveled by the vehicle can be reduced to zero. 

 

Table 2 - Comparative analysis of no return loads in the Original 

Scenario and Scenario 3 (Source: Author) 

 

As displayed in Table 2, the first parameter that the 

number of non-return loads, decreased by six units in 

scenario 3, representing about 34% of the total customer's 

largest loads rather than almost 39% of the original route. 

This reduction has an impact on other parameters, such as 

the empty distance traveled by non-return cargo, with a 

reduction of 292 kilometers resulting in a monetary saving 

of € 148.92. 

However, it turns out that the average distance traveled 

by the vehicle to find a load has increased from 82.42 km to 

87.1 km, causing a slight increase in the average cost of fuel 

but maintaining the order of magnitude. 

This analysis leads to the conclusion that if there was a 

prior sharing of weekly load information by the customer, it 

would be possible to perform a better load planning and, 

consequently, a reduction in vehicle deadheading. This 

meant that there were loads during the week, in which by 

timely sharing of information, it was possible for the vehicle 

to make a return trip and thus reduce deadheading. 

Against this background, it is suggested to THC to 

submit a proposal that includes a discount on future services 

of at least the already evidenced fuel cost value of € 44.42 

in order to stand out from the competition and provide 

services of return. 

 

6. Conclusions 

The profit of any company largely depends on the 

success of the strategic decisions it makes. With 

increasingly competitive markets, more demanding 

consumers and fewer possibilities to invest in new 

proposals, companies increasingly feel the need to improve 

their operations and make them more efficient. It is in this 

demanding reality that Transporte Heitor & Carlos has been 

surviving. 

With this work, it was intended to develop a heuristic 

method that allows to improve the current route planning of 

own fleet vehicles, reducing the distance traveled, also 

known as deadheading, and making the operation more 

efficient. The constructed heuristic method was based on a 

greedy heuristic rule, which is the nearest neighbor 

heuristic. 

Three different scenarios were tested for the 29 weeks 

observed between February and August 2018. Comparing 

the routes of the current situation of the company with the 

new routes created for each of the scenarios, it can be seen 

that in all cases, with the application of these new route 

plans, there are improvements, in comparison to the current 

situation of the company,  that allowed to reduce the 

distance traveled on empty. It can be concluded that the 

application of heuristic methods to real problems remains a 

very advantageous tool for the continuous improvement of 

business operations. 

The first scenario, which retains the services of the 

original scenario for each vehicle but allows for a weekly 

reorganization of these services, achieves a 7.1% reduction 

over deadheading and fuel costs compared to the original 

scenario. As for scenario 2, where all the loads allocated to 

the vehicles were removed, concentrating them on a general 

freight exchange and subsequently allocated to the three 

vehicles according to the adjacent restrictions, a reduction 

of 11.2% in terms of fuel costs in comparison to the original 

scenario. Finally, scenario 3,  allowed us to study the option 

of allocating in a vehicle, whenever possible, the loads of 

the largest customer, which represented 34% of the total 

loads, always in accordance with the imposed restrictions. 

In this scenario it was possible to achieve a reduction in both 

deadheading and fuel costs by 9.6%. In all developed 

scenarios it was possible to reduce not only the total 

distance traveled, but also the reduction of deadheading and 

fuel consumption. Thus, it can be stated that all scenarios 

were able to fulfill the main objective of this dissertation: to 

minimize the distance traveled in a vacuum. However, 

although all scenarios show significant improvements, 

Largest Customer Loads THC 3 

No. of loads without return 50 44 

% Loads No Returns 38,8% 34,1% 

Deadheading Total Returnable Loads 

(km) 4124 3832 

Fuel Cost (€) 2 103,24 € 1 954,32 € 

Average No Return Cargo Distance 

(km) 82,48 87,1 

Average Fuel Cost (€) 42,06 € 44,42 € 
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scenario 2 is the one with the best results in terms of most 

of the parameters analyzed. Nevertheless, in this scenario 

there is a large dispersion of customers in relation to the 

services performed, so a solution based on this scenario is 

very difficult. In order to counter this difficulty, a scenario 

3 solution has been proposed. 

The proposed solution for the company is a policy in 

which monetary discounts are applied to the company's 

largest customer. This solution is based on scenario 3, where 

it was planned where possible to allocate the loads of the 

largest customer to a vehicle, and presents significant 

improvements compared to the current situation in all 

parameters analyzed. In this scenario, it was possible to 

verify that if there was a greater information synergy 

between THC and the client, it would be possible to obtain 

better results at the level of deadheading, since it was 

possible to reduce the number of non-return loads of this 

client, which means that the value deadheading would be 

zero because the unloading location and the next loading 

location would be the same. That said, it is suggested that 

the company apply monetary discounts on the price of 

services to the largest customer in exchange for timely 

information on the availability of its cargo to produce better 

vehicle route planning. This solution proposal aims to later 

apply this discount plan to other customers of the company. 

As future work, it would be interesting to consider the 

development of a tool in MS Excel, supported by heuristics, 

for the autonomous use by the company to define the routes 

to travel, instead of being elaborated manually by the traffic 

area employees as it has been coming. to be practiced. 

In conclusion, it is expected that the work done in this 

dissertation will an advantageous tool for the company to 

adopt a plan to improve the planning of its services. In 

deciding whether or not to use this tool, THC should take 

into consideration that this heuristic method is a method 

that, while characterizing the company's current situation to 

the best of its ability, has some limitations such as the 

economic assessment focusing only on the aspect of the 

business. not predicting future situations, so the sharing of 

information by customers is essential to its smooth 

operation. 
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