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Abstract:

Introduction/purpose: Models developed for routing transport vehicles with
an environmental focus are predominantly dedicated to reverse logistics or
transporting environmentally hazardous cargo. Few models in the relevant
literature consider the ecological factors for routing vehicles involved in the
distribution of consumer goods.

Methods: This paper presents a model for planning vehicle routes to
optimize fuel consumption, considering the time windows required for
service and payload capacity of vehicles. A heuristic algorithm was
developed to minimize fuel consumption. A Simulated Annealing
metaheuristic was applied to enhance the solutions obtained by the
proposed heuristic.

Results: lhe results from the heuristic algorithm for fuel consumption
minimization and the improved results using the Simulated Annealing
metaheuristic are presented. All tests were conducted on Solomons
instances.

Conclusion: The developed approach to vehicle routing ensures a
compromise between transport companies and ecology. lhe results show
that applying this approach can simultaneously minimize the costs of the
transport company and CO2 emissions.

Key words: vehicle routing, fuel consumption, simulated annealing,
heuristic algorithm.
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Introduction

Environmental protection has become one of the most important
factors in carrying out any activity. Road transport vehicles significantly
impact the environment negatively, as they use fossil fuels, the combustion
of which releases harmful gases that contribute to the greenhouse effect.
However, road-transport vehicles remain irreplaceable for cargo
distribution. It is crucial to recognize that one of the main contributors to
the greenhouse effect is carbon dioxide (CO,) emitted from fossil fuels by
vehicles with internal combustion engines. Moreover, the amount of CO;
released into the atmosphere is directly related to the fuel consumption of
the vehicle; thus, reducing fuel consumption also reduces CO; emissions.
Globally, there is a trend toward transitioning from fossil-fuel-powered
transport to alternative fuels that pollute the atmosphere less.

If transitioning from one type of vehicle to another is not feasible,
efforts should be focused on minimizing the harmful impacts of standard
road transport vehicles that use fossil fuels. One effective approach is to
apply vehicle routing models that also consider environmental factors
(Asghari & Mirzapour Al-E-Hashem, 2021). Implementing these models to
minimize fuel consumption is highly attractive to transport companies, as
it reduces ftransportation costs while promoting environmentally
responsible behavior.

Fuel consumption of a transport vehicle depends on numerous
factors. These factors can be divided into those that can be optimized and
included in the mathematical model and those that cannot be directly
influenced by the optimization model, but can still be managed through
appropriate measures.

Factors that cannot be optimized through a mathematical model
include driver habits, vehicle age, and vehicle condition. Driver habits can
significantly impact fuel consumption. Practical experience indicates that
efficient driving can reduce fuel consumption by 1 to 2 liters per 100 km,
resulting in substantial monthly fuel savings. To influence the habits of
professional drivers, companies can organize training sessions on efficient
driving and implement monitoring systems.

Vehicle age can also significantly affect fuel consumption. Truck
manufacturers aim to reduce fuel consumption with each new series of
trucks, so newer vehicles generally consume less fuel than older ones.
Additionally, vehicle condition greatly influences fuel consumption. A well-
maintained vehicle in good condition certainly consumes less fuel than a
poorly maintained one. Therefore, older vehicles that are properly
maintained can sometimes consume less fuel than newer vehicles that are
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not well-maintained. Consequently, it is not always accurate to assume
that newer vehicles have lower fuel consumption than older vehicles.

Factors influencing the minimization of fuel consumption, and
amenable to optimization models, encompass cargo volume, distance
traveled, journey duration, and vehicle utilization. Notably, fuel
consumption varies significantly between an empty vehicle and one at
maximum capacity, with differences of up to 10 liters per 100 km (Cirkovig,
2018). Conversely, reducing time and distance typically aids in lowering
fuel usage. However, many overlooked the importance of time, neglecting
that a vehicle covering 100 km in 2 h consumes differently from one doing
so in 3 h. Thus, minimizing either factor does not necessarily equate to a
fuel reduction. Hence, developing an optimization model that considers
distance, time, and cargo volume is imperative for fuel conservation. This
study tackled this multifaceted problem, integrating these three factors.

The principal benefit of the mathematical model, which focuses on
vehicle routing to reduce fuel consumption, lies in aligning the cost-saving
objectives of transport companies with broader societal aims. While
companies aim for cost reduction, societies, in general, aspire to curtail
environmental pollution, attainable through meticulous route planning.

In this paper, the mathematical formulation of the Vehicle Routing
Problem with Time Window (VRPTW) is modified in terms of the objective
function. The objective function is an equation that determines the fuel
consumption on the route depending on the amount of cargo in the vehicle
and the distance traveled. In the paper, heuristic and metaheuristic
algorithms designed to minimize fuel consumption are developed and
used to solve the mentioned VRPTW problem. To improve the solution
generated by the new heuristic algorithm, a Simulated Annealing
metaheuristic is adapted and applied to the mentioned problem. Testing
the developed heuristic and metaheuristic approaches was performed on
Solomon instances, to validate the mentioned approaches. The main
contribution of this paper is the application of heuristic and metaheuristic
approaches adapted to solve the VRPTW problem, with the goal to
minimize fuel consumption, and thus CO2 emissions. Also, the test results
show the possibility of direct practical application of the developed
approaches.

The structure of the paper unfolds as follows. After introductory
discussions, an extensive literature review is presented in the second
section. The third section elaborates on the mathematical model
addressing the vehicle routing problem, which incorporates both time
windows required for delivery and vehicle capacity as significant factors
contributing to increased fuel consumption. Section four delves into the
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developed heuristic algorithm for fuel consumption minimization, while
section five introduces the Simulated Annealing metaheuristic. The sixth
section unveils the results of the testing, with the final, seventh section
concluding with remarks and outlining ideas for future research.The
introduction is an introductory part of the article.

Literature review

Vehicle routing problems that consider ecological factors, including
carbon dioxide emissions, fuel consumption, and noise levels, aiming to
minimize them through improved planning, fall within green logistic areas
(Asghari & Mirzapour Al-E-Hashem, 2021). Considering that oil-fueled
vehicles, known for their substantial environmental impact, are
predominantly employed in road transport, it becomes imperative to
prioritize ecological considerations in vehicle routing to ensure the
sustainability of this sector in the future.

Routing is a routine task in the distribution and transportation sectors.
Various software applications are used daily to define vehicle routes,
aiming to boost company profits or cut costs. However, practical
implementation of software that considers both economic factors and
environmental protection is rare, largely owing to the recent development
of optimization models with this objective. Additionally, environmental
constraints further complicate the problem, hindering model formation and
resolution.

Some authors have approached the routing problem from the
perspective of "green" routing and schedules. Additionally, models related
to sustainable logistics have been created (Asghari & Mirzapour Al-E-
Hashem, 2021), such as:

— Waste collection problems;

— Transportation of hazardous materials;

— Time-dependent routing problems - indirectly influencing harmful gas
emissions by aiming to reduce travel time by avoiding congested
routes;

— enhancing the system in question, etc.

Models developed for routing transport vehicles with environmental
considerations are mostly dedicated to reverse logistics or transportation
of environmentally hazardous cargo. Few models have focused on the
environmental concerns used for routing vehicles involved in the
distribution of consumer goods. By developing such models, which strike
a balance between societal aspects and the goals of transportation
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companies, a real impact on the environment can be achieved. Another
reason to pay attention to these models is that the number of vehicles
involved in daily distribution far exceeds the number of vehicles used for
cargo collection. By reducing the environmental impact of vehicles during
both distribution and collection, significant environmental benefits can be
achieved compared with considering environmental factors only in either
distribution or collection. Therefore, models addressing environmental
concerns and routing vehicles for both distribution and collection should
be concurrently developed to achieve the best outcome.

Since the introduction of the first Vehicle Routing Problem (VRP) in
1959 (Dantzig & Ramser, 1959), numerous modifications and extensions
to this problem have emerged. Various models have been developed for
determining routes during goods distribution, aiming to minimize costs
(Herdianti et al, 2021), time (Chen et al, 2021), and distance (Pan et al,
2021), while fewer models consider environmental criteria (CO2 emissions,
fuel consumption, etc.) (Tiwari & Chang, 2015). A detailed overview of
VRP problems, solution methods, and objectives can be found in the
review articles by Marinakis & Migdalas (2007), Braekers et al. (2016), and
Konstantakopoulos et al. (2022).

Reducing fuel consumption and CO2 emissions during goods
distribution can be achieved by defining a set of routes to minimize fuel
consumption in the case of internal combustion engine vehicles (Liu et al,
2020; Ramadhani & Garside, 2021; Song et al, 2020), introducing electric
vehicles (Napoli et al, 2021), and combining drone and internal combustion
engine vehicle operations (Huang et al, 2022). In the study by Liao et al.
(2019) , a detailed comparison of the advantages and disadvantages of
internal combustion engine vehicles and electric vehicles can be found.
Due to the insufficiently developed infrastructure for electric vehicle usage
(locations of fast chargers) and the high costs of replacing internal
combustion engine fleets with electric ones, exclusive use of electric
vehicles for goods distribution remains unfeasible for many companies.
Therefore, reducing CO2 emissions is most easily achieved by reducing
fuel consumption during goods distribution, which can be accomplished by
developing new and improved algorithms. Ramadhani & Garside (2021)
addressed the VRP problem using the Particle Swarm Optimization (PSO)
metaheuristic to minimize fuel consumption, primarily to reduce costs for
distribution companies due to frequent fuel price increases. Liu et al.
(2020) solved the Time-Dependent Vehicle Routing Problem with Time
Windows (TDVRPTW) problem by considering vehicle speed, travel time,
waiting time, service time, time windows, and the influence of driving
modes and speeds on CO2 emissions. Liu et al. (2020) attempted to strike
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a balance between company and societal goals by solving the stated
problem by combining economic (vehicle fixed and driver costs) and
environmental (fuel consumption, CO, emissions, noise level, etc.) criteria
in the objective function. Opportunities to reduce fuel consumption during
goods distribution are even more pronounced in cold chains. Song et al.
(2020) solved the Vehicle Routing Problem with Time Windows (VRPTW)
problem in the cold chain to reduce fuel consumption. In addition to the
distance traveled and route completion time, the fuel consumption in the
cold chain can be reduced by optimizing temperature maintenance device
operations. The latest literature review on "green" VRP problems aimed at
reducing fuel consumption, CO, emissions, noise levels, etc., was given
by Asghari & Mirzapour Al-E-Hashem (2021).

Solving VRP problems to minimize only one environmental criterion
is rare. Hence, the motivation for developing algorithms in this paper is to
enable the determination of routes for wide-scale goods distribution,
respecting time windows and vehicle capacity, to minimize only fuel
consumption. Fuel consumption minimization falls under the category of
economic criteria from the perspective of the distributing company, while
from a societal perspective, minimizing fuel consumption affects CO,
emissions, making it an environmental criterion. Unlike papers in the
literature that exclusively combine economic or environmental criteria in
the objective function, this paper focuses solely on minimizing fuel
consumption, which simultaneously falls under both economic and
environmental criteria, thus achieving the best compromise between the
company's interests and those of the community.

Problem description and mathematical formulation

To present the mathematical formulation of the problem, it is
necessary to first introduce certain notations. Let G (V, A) denote an
oriented transport network, where V is the set of all nodes in the network
V(0,1,2,3, .., nt1), and A is the set of edges (/, j). The nodes 0 and n+1
denote the depot, that is, the places where vehicles start and end their
routes, respectively. Let N denote the set of nodes that must be serviced
N (1, 2,3, ..., m, that is, the set of clients. The notation g; represents the
quantity of cargo demanded by the client /, and the notation [a;, bj] indicates
the time window within which the required amount of cargo must be
delivered to the client /.

Daily problems related to cargo distribution to facilities can be treated
as vehicle routing problems with time windows - VRPTW (Desrochers et
al, 1988).
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The parameters:
tij - travel time from the node /to the nodey,

M - a sufficiently large positive number;

w?~ variable indicating the start of service at the node / with the

vehicle [
Q - vehicle capacity;
ctj - transportation cost from the node /to the node|
w, - the earliest time when service can start at the node /
bt - the latest time when service can start at the node /
St - service duration at the node /
gt - demand at the node /
k - vehicle
The variable:
k _ (1, ifthe vehicle k after visiting the node i visits the nodej
"4 (0, otherwise

The mathematical formulation of the proposed problem (Desrochers

et al, 1988):
Minimize
| nt]
ferifen
with constraints:
%(_ Z x99 = 1 \/i 6 N
jeb6+(h
X x:=1 Mc 6 K
je6+(o)

I xij ~ N XU=0 \IC6K,J6N
ie6- (0 ie6+(i)
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Eqi 2 x{‘jSQ vk €K (8)

iEN  je&H(D)
xf e (0,1} vk €K, (i,j) €A (9)

The objective function (1) is of a minimization type, representing either
total costs or total distance traveled. Alternatively, it can minimize the total
time required for the defined routes. Constraint (2) ensures that all clients
are serviced, while constraints (3) and (5) guarantee that every vehicle
departing from the depot also returns to it. Constraint (4) ensures that
every vehicle arriving at a node to provide service also departs from that
node. Constraints (6) and (7) pertain to time intervals, and constraint (8)

ensures vehicle capacity. Constraint (9) indicates that x% is a binary

ij
variable.

As previously mentioned, decreasing fuel consumption not only
mitigates emissions of harmful gases but also plays a pivotal role in
reducing overall transportation costs. By decreasing fuel usage, we not
only cut down on expenses but also contribute to the preservation of finite
natural resources (Cirkovi¢, 2018). Statistics indicate that fuel costs
represent approximately 60% of total transportation expenses. (Xiao et al,
2012).

Xiao et al. (2012) introduced a modified model for the vehicle routing
problem with capacity constraints, aiming to minimize the fuel costs
required to visit all nodes within a network. Their model considers fuel
consumption as dependent on both the cargo weight in the vehicle and the
distances covered with this cargo weight. While accounting for various
factors influencing fuel usage, such as driver habits and vehicle age, these
are treated as constants within the model.

If Qo denotes the weight of the vehicle and Qs denotes the weight of
the cargo in the vehicle, then the fuel consumption rate per unit length is p
(Xiao et al, 2012):

p(Q1) = a(Qo + Q1) +b (10)

During vehicle routing, two extreme situations can arise. The first
extreme situation occurs when the vehicle is empty, and the second when
the vehicle is fully loaded. When the vehicle is empty, the fuel consumption
rate is calculated as follows (Xiao et al, 2012):

po=aQo+b (11)
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If Q denotes the maximum cargo capacity that can be loaded onto the
vehicle, then the fuel consumption rate when the vehicle is fully loaded is
calculated as follows (Xiao et al, 2012):

p* = a(Q0+ Q) +b (12)

The value of the coefficient a is obtained by dividing the difference in
fuel consumption rates between the two extreme situations by the
maximum amount of cargo that can be loaded onto the vehicle (Xiao et al,
2012):

a=" P (13)

When formula (13) is substituted for the coefficient a in equation (10),
the fuel consumption rate is calculated as follows (Xiao et al, 2012):

piQi{I: m#P_;_Pobl (14)

If y,j denotes the quantity of cargo transported by the vehicle from the
node /tothe nodey, formula (14) is modified as follows (Xiao et al, 2012):

P -Po
pij - Po+ -Yii (15)

The fuel consumption for transporting the cargo quantity y,j over the
distance d/j is equal to (Xiao et al, 2012):

ciilyii) = pij 'dy = (p0oT — Tiyj "dij (16)

First, it is necessary to determine the cost of the fuel consumed along
one edge, that is, when traversing the distance from the node /to the node
j- The cost of the fuel consumed along the edge (i,]) is obtained using the
following formula (Xiao et al, 2012):

Guel = CO'Pij "dij (a7)
where:
c0- fuel price;
pij - fuel consumption rate from the node /to the nodey, and
dy- edge (i,J) length.



Given the method for calculating the fuel cost along one edge, the
total fuel cost during the realization of a defined set of routes can be
calculated as the sum of the products of the fuel cost per edge and a
variable indicating whether the vehicle has traversed that edge. The
formula for computing the fuel cost along the routes is:

Cruet = 2 2 Cruet " Xij = 2 2 Co pij - dij - X (18)
keK (i,))eA keK (i,))eA

Applying formula (18) yields the fuel cost incurred during the service
of n clients - nodes. If instead of fuel cost, the quantity of fuel consumed
needs to be determined, this can be achieved by setting the unit fuel price
to one, c0 =1. Thus, the resulting value of Cfuel represents the total fuel
consumption when servicing n clients. Integrating the fuel consumption
coefficient into the standard vehicle routing problem creates a new
problem that may contribute to reducing fuel consumption compared to the
standard problem.

Development of a heuristic algorithm for solving the
given problem

A heuristic algorithm for minimizing fuel consumption developed in
this paper was created to reduce fuel usage per vehicle route and
consequently lower CO. emissions. This algorithm leverages the Nearest
Neighbor Algorithm, considering time intervals, vehicle load capacity, and
fuel consumption. Fuel consumption, calculated using formula (16), serves
as the distance measure between nodes. Therefore, the nearest node is
the one with the lowest fuel consumption.

The application of the heuristic algorithm for minimizing fuel
consumption is outlined in five steps, and the implementation diagram is
shown in Figure 1. The steps for the application are as follows:

Step 1: Calculate the fuel consumption for each pair of the nodes i
and j using formula (16).

Step 2: Begin forming a new route from the node representing the
base. Set the departure time from the base to zero (D(0) = 0). Identify the
nearest unserved node to the base based on fuel consumption. Include
this node and add its demand to the partial route's total demand. Mark the
added node as the current node and proceed to Step 3.

Step 3: Calculate the time when the vehicle departs from the current
node after completing service. This is done by adding the travel time from
the previous node to the current node to the departure time from the
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previous node, and then taking the maximum of this value and the earliest
start time of service at the current node. Finally, add the service time at
the current node to this value. Proceed to the next step.

Step 4: Find the closest unserviced node concerning fuel
consumption from the current node, ensuring that it complies with the
vehicle's capacity and service-time constraints. If such a node is found,
incorporate it into the partial route, add its demand to the existing partial
route's demand, designate it as the current node, and revert to Step 3.
Otherwise, conclude the route, return the vehicle to the base, and proceed
to Step 5.

Step 5: Check if all nodes have been serviced. If all nodes have been
serviced, calculate the total fuel consumption using formula (18), and
terminate the algorithm. Otherwise, return to Step 2.

Figure 1- Diagram illustrating the application steps of the heuristic algorithm for
minimizing fuel consumption

Simulated Annealing metaheuristic

For solving combinatorial optimization problems, so-called
specialized heuristic algorithms can be used. The heuristic algorithm for
minimizing fuel consumption developed in this paper is a typical
representative of this group of algorithms. Initially, the heuristic algorithm
for minimizing fuel consumption was applied to obtain an initial solution.
Subsequently, Simulated Annealing was applied to further improve the



solution, that is, further minimize fuel consumption. Simulated Annealing
is one of the most commonly used metaheuristics for combinatorial
optimization problems. In a large number of papers in the literature, the
Simulated Annealing metaheuristic gives excellent results in solving
routing problems.

Simulated Annealing, first introduced by Kirkpatrick et al. (1983), is a
widely used metaheuristic algorithm for solving intricate combinatorial
optimization problems. Its core idea revolves around iteratively applying
small, random perturbations, and then assessing the change in the
objective function value between iterations. If this change is negative,
signifying an improvement, the new feasible solution becomes the initial
one for further random perturbations. In cases where the change in the
objective function value is positive, indicating that the new solution is worse
than the previous one, it should not be discarded immediately. Instead, it
undergoes evaluation to determine whether it should be rejected or
accepted as a new starting point. This approach prevents getting trapped
in local minima from which it is difficult to escape. When evaluating
whether a solution should be accepted or not, it is necessary to first
calculate the probability that increasing the objective function value by AF
at a temperature T is acceptable. This probability is calculated as follows
(Teodorovié, 2007):

AF
p =T (19)

After computing the probability of accepting a new initial solution with
AF = 0, the next step is to generate a random number within the range
[0,1]. Comparing this randomly generated number, denoted as r, with the
calculated probability (p), a decision is made. If r < p, then the new feasible
solution is adopted as the new initial solution; otherwise, it is discarded.

If, after numerous iterations, there has been no decrease in the
objective function value, thermal equilibrium is reached. Thermal
equilibrium is associated with the concept of epochs. An epoch involves
defining S feasible solutions, where the parameter S is predefined. The
condition for reaching thermal equilibrium is when, after the defined S
feasible solutions in one epoch, there is no decrease in the objective
function. The number of epochs is denoted as E, with E being predefined.
Upon reaching thermal equilibrium, the temperature T is lowered, and then
the described process repeats at the new temperature.

In this paper, the Simulated Annealing algorithm has been adapted
for solving the standard Vehicle Routing Problem with Time Windows. The
developed algorithm is based on the paper of Teodorovi¢ & Pavkovic¢
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(1992). The application of the Simulated Annealing algorithm involves the
following steps:

Step 1: Define the initial temperature (7), the number of epochs (£),
the number of solutions to be generated within one epoch (S), and the
number of small perturbations during the generation of one solution (P).

Step 2: Generate the initial solution using the heuristic algorithm for
minimizing fuel consumption.

Step 3: Randomly select two nodes from different routes and swap
their positions. When considering the node swaps, ensure adherence to
vehicle load constraints and time intervals. Repeat this step as many times
as the number of small perturbations defined in step 1

Step 4: Calculate the objective function value using formula (18).
Then, compute the difference AF between the value of the new objective
function and the value of the old objective function (20), which represents
the total fuel consumption during the execution of the defined set of routes.

AF = NF - OF (20)
where:
N F - total fuel consumption for executing the new set of routes, and

O F - total fuel consumption for executing the old set of routes.
If AF < 0, proceed to step 6. Otherwise, proceed to step 5.

Step 5: Using a uniform distribution, generate a random numberr e
[0,1]. Calculate the probability p of increasing the objective function value
by AF using the formula (19). If r <p, proceed to Step 6. If r> p, retain the
old set of routes and proceed to step 7.

Step 6: Save the new set of generated routes and the total fuel
consumption required for executing this set of routes. Proceed to step 7.

Step 7: If the number of generated solutions in the current epoch is
fewer than S, return to Step 3. Otherwise, the epoch is completed. If the
number of generated epochs equals E, terminate the algorithm; otherwise,
if the objective function has not been reduced in the current epoch,
decrease the temperature (start a new epoch) and return to Step 3, and if
the objective function has been reduced, keep the existing temperature
(start a new epoch) and return to step 3.

After generating the predefined number of epochs, the resulting
solution represents a set of routes with lower fuel consumption than any
other set of routes generated during the Simulated Annealing process. An
enhanced application of the Simulated Annealing technique has been
developed to improve this solution further.
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The key difference between the initial and the enhanced applications
of the Simulated Annealing technique lies in the method of generating the
route sets. In the initial approach, feasible solutions were generated by
randomly selecting and swapping two nodes from different routes,
considering the vehicle load capacities and time windows. This meant that
the selected nodes always came from different routes. For instance, node
5 might initially belong to route 1, but be reassigned to route 3 after
applying the Simulated Annealing technique. By the end of the predefined
number of epochs, each node was assigned to a specific route.

In the enhanced application, the nodes' affiliation with specific routes
remains unchanged. Instead, only the order of nodes within each route is
modified (Teodorovi¢, 2007). This approach involves randomly selecting
two nodes within the same route and swapping their positions while
considering the time windows. This reordering of nodes is performed a
predefined number of times. By altering the order in which the nodes are
visited within a route, the goal is to further optimize the initial solution.

The described Simulated Annealing algorithm for improving the initial
solution consists of the following steps:

Step 1: The same as in the previous algorithm.

Step 2: Take the best solution found in the previous application of the
Simulated Annealing metaheuristic and set it as the initial solution.

Step 3: Select a node randomly. Then, find the route to which that
node belongs, and randomly choose another node from that route. Swap
the positions of these nodes if possible, taking into account the time
intervals. Repeat this step as many times as needed to make small
perturbations when defining one feasible solution, as specified in Step 1.
Then proceed to Step 4.

Steps 4, 5, 6, and 7: The same as in the previous algorithm.

Results of testing the proposed algorithms

The results of solving the vehicle routing problem with vehicle load
constraints and time windows in the context of goods distribution are
presented in this section. Two algorithms were used: one for obtaining the
initial solution (using a heuristic algorithm) and the other for improving that
initial solution (using the Simulated Annealing metaheuristic), both
considering fuel consumption. To implement the proposed algorithms,
Java programming language was used on a 64-bit ACER computer with
an Intel(R) Core(TM) i5 2.50 GHz processor and 8 GB of RAM.

Solomon's instances from rc201 to rc208 were used to test these
algorithms (Sintef, 2008). To use any of these Solomon instances, it is

509

Grozdanovié, P. et al, Planning vehicle routes to optimize fuel consumption, pp.496-518



OVOJNOTEHNICKI GLASNIK/MILITARY TECHNICAL COURIER, 2025, Vol. 73, Issue 2

necessary to determine the distance between nodes, the travel time
between nodes, and the vehicle's load capacity. Regarding vehicle load
capacity, the recommended value for these instances is 1000 units. The
Euclidean distance is recommended for determining the distance between
nodes, and the travel time is considered equal to the spatial distance. That
is, traveling one unit of length requires one unit of time (Xiao et al, 2012).
When applying these algorithms, the total fuel consumption for the defined
set of routes is calculated using formula (18), where the price of fuel is set
to one, G = 1. To use this formula, it is necessary to predefine the empty
vehicle fuel consumption rate, pQ and the full vehicle fuel consumption
rate, p*. The empty vehicle consumption rate is set to 2, and the full vehicle
consumption rate is set to 3. The fuel consumption of an empty vehicle is
one-third lower than that of a full vehicle, hence these predefined values
(Xiao et al, 2012). These values forpoand p*are used to calculate the fuel
consumption for the defined routes in both algorithms to enable a
comparison of their results.

After determining the distance matrix, travel time, and vehicle load
capacity, as described previously, vehicle route formation can begin. It is
necessary to find routes that allow visiting all 100 nodes in the network and
satisfying each node's demand, i.e., delivering the goods they require.
Each route should start and end at node 1, which represents the base.
When forming routes, the vehicle load capacity and predefined time
intervals must be considered. The total demand on one route must not
exceed the vehicle's load capacity of 1000 units. The calculation of the
distance matrix and the general characteristics related to the instances
(number of nodes, load capacity, relationship between time and spatial
distance, full and empty vehicle consumption rates, etc.) are the same
when implementing the heuristic algorithm for minimizing fuel consumption
and the Simulated Annealing metaheuristic. For the Simulated Annealing
algorithm, the number of epochs (E = 15), the number of new solutions
generated within an epoch (S = 20), the number of small perturbations (P
= 2), and the initial temperature (7 = 150) must be defined. Additionally,
during thermal equilibrium, the temperature decreases by multiplying the
old temperature by 0.9 (Tnew = 0.9 =Told).

The analysis of the test results for the heuristic algorithm and the
Simulated Annealing metaheuristic, both aimed at minimizing fuel
consumption, is shown in Table 1. The table reveals that both algorithms
consistently generated the same number of routes. For each instance, the
total distance required to complete the defined set of routes is greater with
the heuristic algorithm than with the Simulated Annealing algorithm.
Regarding time, for half of the instances, the total time required to
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complete the defined routes is shorter with the heuristic algorithm,
whereas for the other half, it is shorter with the Simulated Annealing
algorithm. The most critical criterion is fuel consumption, and in each
instance, less fuel is consumed using the Simulated Annealing algorithm.
Based on these results, it can be concluded that using the Simulated
Annealing metaheuristic to improve the solutions obtained by the heuristic
algorithm is fully justified.

Table 1 — Analysis of the results of applying the heuristic algorithm and after their
improvement using the Simulated Annealing algorithm

Heuristic algorithm Simulated Annealing
S 8] 8 g
Inst. E— 8 E E— 8 E
=} c Y= = c 4
32| 3 g | s T | & g | g
238 a = | 2| 28 a = 2
rc201 | 425.95 | 2054.01 | 6224.19 | 11 | 401.45 | 1930.26 | 6253.87 | 11
rc202 | 434.62 | 2095.97 | 6179.30 | 11 | 371.42 | 1782.85 | 6431.54 | 11
rc203 | 417.09 | 2001.85 | 5774.57 | 10 | 331.34 | 1569.49 | 5868.55 | 10
rc204 | 284.51 | 1313.99 | 4178.67 | 7 267.20 | 1218.21 | 381143 | 7
rc205 | 435.68 | 2106.45 | 6088.63 | 10 | 361.82 | 1732.57 | 6211.51 | 10
rc206 | 352.50 | 1656.66 | 3432.71 | 6 317.07 | 1474.44 | 3384.35 | 6
rc207 | 333.58 | 1563.46 | 3697.37 | 6 321.22 | 1506.71 | 3488.19 | 6
rc208 | 281.70 | 1248.24 | 2025.92 | 3 25411 | 1116.31 | 199359 | 3

The developed approaches (Heuristic algorithm and Simulated
Annealing) are suitable for solving routing problems of small, medium, and
large dimensions. This is shown by testing the approach on Solomon
instances. In these instances, the problem of distribution of goods up to
100 objects is considered. For this dimension of the problem, the
developed approach reaches a very good solution in a very short CPU
time.

Table 2 presents the percentage reduction in fuel consumption,
distance traveled, and execution time for the defined set of routes for each
instance when the Simulated Annealing algorithm is applied to the
heuristic algorithm's solution. Additionally, Figure 2 provides a graphical
representation of fuel consumption for each instance, first using the
heuristic algorithm to minimize fuel consumption, and then using the
Simulated Annealing algorithm. The average percentage reduction in fuel
consumption achieved by applying the Simulated Annealing algorithm is
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10.93% per instance. The average reduction in the distance traveled is
11.60%, while the average reduction in the total route completion time is
1.16%. These results suggest that using the Simulated Annealing
technique in combination with a heuristic algorithm for the initial solution,
which considers fuel consumption, can significantly reduce the
environmental impact and transportation costs for a company.

Table 2 - Percentage reduction in fuel consumption, distance, and time achieved by the
Simulated Annealing metaheuristic compared to the heuristic algorithm

Simulated Annealing vs heuristic algorithm [%]

Instance . . .
Fuel consumption Distance Time
rc201 5.75 6.03 -0.48
rc202 14.54 14.94 -4.08
rc203 20.56 21.60 -1.63
rc204 6.08 7.29 8.79
rc205 16.95 17.75 -2.02
rc206 10.05 11.00 141
rc207 3.71 3.63 5.66
rc208 9.79 10.57 1.60
Average  10.93 11.60 1.16
500
8 400
300
§ 200
A
ﬁ 100
0

rc2 rc2 rc2 rc2 rc2 rc2 rc2 rc2
01 02 03 04 05 06 07 08
| Heuristic algorithm 425,95 434,62 417,09 284,51 435,68 352,5 333,58 281,7

| Simulated annealing401,45 371,42 331,34 267,2 361,82 317,07 321,22 254,11

Figure 2 - Graphical representation of fuel consumption for each instance from rc201 to
€208 using the heuristic algorithm and the simulated annealing metaheuristic

(r123



Conclusions

In-depth research on the standard vehicle routing problem dates back
to the second half of the 20th century. At that time, the volume of
transportation, and consequently the demand for it, was significantly lower
than today. As a result, the harmful effects of vehicle emissions were not
at the forefront of concern. However, with the global increase in population
and rising living standards, both the need for transportation and customer
demands have escalated. Consequently, in recent years, there has been
a growing focus on environmental considerations, particularly in
minimizing the adverse impacts of vehicle emissions during cargo
distribution and collection.

The standard vehicle routing problem, which aims to optimize vehicle
routes to reduce environmental impacts, is part of a relatively new research
domain that has gained ftraction over the past decade. This paper
demonstrates and substantiates the fact that a vehicle's fuel consumption is
directly influenced by the volume of cargo it carries. For instance, when two
clients are situated at comparable distances, priority should be given to the
client with the larger cargo demand. This strategy ensures that the vehicle
traverses the remaining route with a lighter load, consequently lowering fuel
consumption, as vehicles with lighter loads consume less fuel.

To tackle this issue, a heuristic algorithm was developed to minimize
fuel consumption. This algorithm builds upon the Nearest Neighbor
Algorithm, aiming to minimize fuel consumption and, in turn, reduce
environmental impact. Furthermore, to enhance the solutions provided by
the heuristic, the Simulated Annealing metaheuristic was applied. The goal
of Simulated Annealing is to make small changes to the initial solution,
further reducing fuel consumption and, consequently, CO; emissions.

The analysis of the results after applying these two algorithms showed
that using the Simulated Annealing algorithm results in an average fuel
consumption reduction of 10.93% compared to using only the heuristic.
Another advantage of combining the heuristic and the Simulated
Annealing algorithm is the reduction in the total distance traveled and the
overall time required for route completion. This approach leads to savings
of 11.60% in total distance and 1.16% in total time compared with
employing the heuristic alone. Based on these findings, it can be inferred
that from both the environmental preservation and transportation company
cost perspectives, employing a combination of a heuristic algorithm for fuel
consumption minimization and the Simulated Annealing metaheuristic
proves highly advantageous. Three directions for future research have
been identified. The first relates to testing the developed approach on a
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real example of a transport company. The second is to extend the model
in a way that takes into account other factors that affect fuel consumption,
such as: vehicle condition and age, vehicle utilization, etc. The third is to
compare the developed approach with other metaheuristics such as
Genetic Algorithms, Bee Colony Optimization, etc.

A potential problem when applying the developed approach may be
that the fleet size is not considered. Therefore, it may happen that the
observed fleet cannot implement all the generated routes. It should also
be noted that a homogeneous fleet was observed when developing the
approach. The mentioned limitations of the developed approach can be
overcome with minor modifications.
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Planificacién de rutas de vehiculos para optimizar el consumo de
combustible

Predrag Grozdanovi¢, autor de correspondencia, Milo Nikoli¢, Milica Selmié¢

Universidad de Belgrado, Facultad de Ingenieria de Transporte y Trafico,
Departamento de Investigacion Operativa en Transporte y Trafico,
Belgrado, Repiiblica de Serbia

CAMPO: investigacion de operaciones, logistica, transporte, trafico
TIPO DE ARTICULO: articulo cientifico original

Resumen:

Introduccién/objetivo: Los modelos desarrollados para rutas de vehiculos
de transporte con un enfoque ambiental se dedican predominantemente a
la logistica inversa 0 al transporte de cargas ambientalmente peligrosas.
Pocos modelos en la bibliografia relevante consideran los factores
ecolbgicos para las rutas de vehiculos involucrados en la distribucion de
bienes de consumo.

Métodos: Este articulo présenta un modelo de planificacibn de rutas
vehiculares para optimizar el consumo de combustible, considerando las
ventanas de tiempo requeridas para el servicio y la capacidad de carga Util
de los vehiculos. Se desarrolld un algoritmo heuristico para minimizar el
consumo de combustible. Se aplic6 una metaheuristica de adaptacién
simulada para mejorarlas soluciones obtenidas porta heuristica propuesta.

Resultados: Se presentan los resultados del algoritmo heuristico para la
reduccidon del consumo de combustible y los resultados mejorados
utilizando la metaheuristica de adaptacion simulada. Todas las pruebas se
realizaron en las instancias de Salomon.

Conclusion: El enfoque desarrollado para las rutas de vehiculos garantiza
un compromiso entre las empresas de transporte y la ecologia. Los
resultados muestran que la aplicaclén de este enfoque puede reducir
simultaneamente los costes de la empresa de transporte y las emisiones
de CO2

Palabras claves: rutas de vehiculos, consumo de combustible,
adaptacién simulada, algoritmo heuristico.
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MnaHupoBaHUe MapLUPYTM3aLMUM TPAHCMIOPTHBIX CPEACTB C LiENbIO
ONTUMM3aLMKU pacxoaa TONnuea

lIpedpae 'po3gaHoBMY, KoppecnoHaeHT, Munow Hukonud, Munuya Wenmuy

Benrpagckuid yHuBepcuteT, dhakynbTeT TpaHcnopTa U opraHusauum
ABUXeHWs, kadeapa nccrnefoBaHuid onepauumii Ha TpaHenopTe,
r. Benrpag, Pecnybnuka Cepbus

PYBEPUKA TPHTW: 27.47.19 UccnepnoBaHune onepauuii,
73.47.12 OpraHusauus ynpasreHua u
aBTOMaTU3MPOBaHHbIE CUCTEMbI YNpaBneHns
TpaHCcnopToM
81.88.00 MaTepuanbHO-TeEXHWYECKOE CHabxeHwne.
Jlornetuka
BWO CTATbW: opuruHansHasa Hay4Hasa cTaTba

Pesiome:

Beedenue/yenb: Modenu, pa3pabomaHHbie 0Ons mapuwpymusauyuu
MpaHcnopmHbIX ~ cpedcme,  OPUEHMUPOBAHHbIX  Ha  OXpaHy
OKpyxarouwell cpedbl, 8 0CHOBHOM npedHa3HadYeHbl 0nsa obpamHol
N102UCMUKU UnU nepeso3ku onacHbix 0n1a okpyxxarowiell cpedbi 2py308.
OO0Hako nuwib HeMHozue Modenu e perneeaHmMHOl numepamype
yqyumbsigeaiom  3Korozaudeckue chakmopb! 0na  Mmapuipymusayuu
mpaHcrnopmHbix cpedcms, ydacmeyroujux 6 pacrnpedeneHuu mosapos
WUPOKo20 nompebneHus.

Memodsi: B daHHOl cmambse npedcmasneHa modernb nnaHupogaHus
mMapwipymusayuu mpaHcrnopmibeix cpedcme  0na  onmumusayuu
pacxofa monnuea ¢ y4emom epPeMeHHbIX UHmepeaanos, Heobxodumbix
ons obenyxuseaHusa u 2py30rno0bLeMHOCMU MpaHCrnopmHbIX cpedcme.
Ana  munumuzayuu  pacxofa monnuea  6bin paspabomaH
aspucmudeckull anzopumm. [nsa ynyduieHus peweHul, nomy4eHHbix ¢
NoMOWw|sH0 npeodnoxeHHoll 38PUCMUKU, 6bina npumeHeHa
UMUMaYUOHHas Memasaspucmuka onvkueaa.

Peaynbmambi: B cmamee npedcmassieHsl pe3ynsmamel
38pucMuUYecKo20 ansopumma 0ns MuHUMuU3ayuu pacxoda mornnusea u
YAyHWeEHHbIE  pe3ynbmambl € UCMOAb308aHUEM MEMasspucCmuKu
uMumayuoHHo20 omxuea. Bce ucnbimaHua nposodunuce Ha
«Solomon instances».

Bbigo0: PaspabomaHHbIli no0xod K mapuwipymusauyuu mpaHCcriopmHbIX
cpedcme s168519emcs KOMIIPOMUCCHBIM pewleHuem 0ria MpPaHCropPmMHbIX
KOMIaHudl rno OMHOWEHUIO K 3Kosoeuu. Pe3yrismamei okasbieaiom, 49imo
rnpumeHeHue 0aHHO20  nodxof0a  no3eonsgem - OOHOBPEMEHHO
MUHUMU3UPO8aMb 3ampamii mpaHCcriopmHol KomraHuu U esibpockt COo.

Krnoveebie criosa: Mapuwipymu3auyus mpaHcropmHbix cpedcms, pacxod
monnusea, uMumatyus onpKkuaa, 38pUCMUYECcKUll ansopumm.
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MnaHvparbe pyTa Bo3wia pagv onTuMusalmje NoTpoLUke roprsa

Mpeppar Mpo3gaHoBuh, ayTop 3a Npenucky,

Mwunow Hukonuh, Munuuya LWenmuh

YHuBep3uTeT y beorpagy, CaobpahajHu thakynrer,
KaTepgpa 3a onepauymoHa uctpaxusawa y caobpahajy,
Beorpag, Peny6nuka Cpbuja

OBJIACT: onepaunoHa UcTpaxunsaha, /IOTMCTUKA, TPaHCNOPT, caobpahaj
BPCTA UYJ/IAHKA: opurmHanHu Hay4dHu paj,

CaxeTak:

YBog/uwb: Mogenu pa3BujeHu 3a pyTupake TpPaHCNoOpTHMX BO3una, ca
(hOKYyCOM Ha XWBOTHY CpeAuHy, MpeTexHo cy nocseheHn NoOBpaTHO]
NOTMCTULM AN TPaHCNOpPTY TepeTa 0nacHor no XXUBOTHY cpeauHy. Y
peneBaHTHO] NMMTepaTypy HEKO/IMKO Mofena pa3maTpa eKOJsoLlKe
(pakTope 3a yCMepaBah€ BO3WIA YK/bYYEHUX Yy ANCTPUbyunjy pobe
LLUMPOKE MO TPOLUHE.

MeToge: Y pafyje npeacTas/beH MOAEN 3a NiaHupake pyTa Bo3uia
paav onTumusauuje NOTpPOLLHe ropuea, Bogehu payyHa 0 BPEMEHCKUM
OKBMpUMA Y KOjUMa ce Ofncsyra MoXxe M3BpLUMTU U HOCUBOCTMU BO3WNa.
Pa3BujeHje xeypucTnUKN afiropuTam Ynjuje Un/b CMarbere NoTPOLLHEe
ropvBa. Takohe, MeTaxeypucTHKa CUMY/IMPaHO KasbeHe NpUMeHEeHa je
Aa 6u ce nobosbluana pewera gobvjeHa npeaioKeHOM XeyprUC T MKOM.

PesynTaTu: MprkasaHn cy pesynTaTu XeypucTUUKor afiropuTma 3a
MUHUMK3ALMjY TOTPOLLH:E FOpMBA U NOGOsbLIAHM Pe3yTaTy NPYMEHOM
MeTaxeypucTUuKe CUMYMpaHo Kasberwse. CBM TEeCcTOBW Cy CNPOBEeAEHN
Ha CO/IOMOHOBVM MHCTaHLaMa.

3ak/byyak: PasBujeHn npucTyn 3a pyTupawe Bo3una o06e3behyje
KomMnpomuc n3mehy TpaHCNopTHUX KOMMNaHuja 1 ekonoruje. PesynTaTu
nokasyjy fJa ce MpUMMEHOM OBOr npucTyna MOry MWCTOBPEMEHO
MWUHUMU3MpPATM TPOLLUKOBM TpaHCNopTHE KoMNaHuje n emucuja CO2

K/byuHe peuu: pyTupare BO3Wna, NOTPOLWHAa ropvMea, CUMYIMPaHo
Ka/bere, XeypUCTUUKN anropmTam.

Paper received on: 13.01.2025.
Manuscript corrections submitted on: 26.03.2025.
Paper accepted for publishing on: 27.03.2025.

© 2025 The Authors. Published by Vojnotehnicki glasnik / Military Technical Courier
(Wwww.vtg.mod.gov.rs, BTr.mo.ynp.cp6). This article is an open access article distributed under the
terms and conditions of the Creative Commons Attribution license
(http://creativecommons.Org/licenses/by/3.0/rs/).

518


http://www.vtg.mod.gov.rs/
http://%D0%B2%D1%82%D0%B3.%D0%BC%D0%BE.%D1%83%D0%BF%D1%80.%D1%81%D1%80%D0%B1/
http://creativecommons.org/licenses/by/3.0/rs/

