
 

Abstract: The transport organization of raw 
materials in sugar industry has some specifics, 
mostly due to the low price of sugar on the market 
and production methods. This paper proposes a 
new variant of Vehicle Scheduling Problem that 
arises from the problem of transportation of sugar 
beet. A nonlinear mathematical model, that reflects 
the real life problem with all specific constrains 
which occur in this area, is proposed. The small 
size instances were solved using Extended Lingo 
15 Solver and the obtained results were used as a 
benchmark for testing the Variable Neighborhood 
Search heuristic which is developed for solving 
larger-size instances. 

 
Index Terms: transportation, nonlinear model, 

vehicle scheduling, Lingo solver, Variable 
neighborhood search  

 

1. INTRODUCTION 

HE low price of agricultural raw materials on 
the market has two main consequences 

regarding the organization of transport. First of 
all, the costs of transport become major and 
every amount of savings that could be made in 
this area is of great importance. The second 
problem is the fact that the producers should be 
motivated to remain in the specific production, so 
the companies that purchase raw materials from 
many individual producers, usually organize the 
transport of goods from each producer to the 
factory on their own expense by renting vehicles 
and hiring workers who perform transport, 
including loading and unloading. Therefore, there 
is a need for an efficient transport organization, 
which will satisfy all problem-specific constraints 
with minimum expenditure of time and money. 

Dantzig and Fulkerson (1954) in their work 
have shown how the problem of determining the 
minimal number of tankers that are required to 
meet a fixed schedule of transportation of Navy 
fuel oil can be made into linear programming  
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problem of transportation type. Since their early 
work, the number of different scheduling 
problems starts to grow in many areas. An 
overview of different variants of scheduling 
problems and solution methods can be found in 
survey by Allahverdi (2015). 

The goal of Vehicle scheduling problem (VSP) 
is to determine the set of trips that a vehicle will 
make during the day in order to reduce the costs 
based on use of the vehicles (Ibarra-Rojas et al, 
2014). There are many articles considering 
different variants of VSP in literature. Some of 
them deal with public transportation systems in 
urban area, such as Baita et al. (2000). Baita et 
al. developed three algorithms for the real case of 
VSP and the authors point out the fact that real-
life applications often turn out to be complex and 
hard to be modeled, due to the particular 
requirements which are present in practical 
situations. Haghani et al. (2000) presented a 
comparative analysis of three bus transit vehicle 
scheduling models, one with multiple depot and 
two with single depot derived from the first one. 
The analysis showed that under certain 
conditions, a single depot vehicle scheduling 
model performs better. Wang and Shen (2007) 
presented a multiple ant colony algorithm for 
solving electric bus scheduling problem which 
can be regarded as VSP with route and fueling 
time constraints (VSPRFTC). The model and 
solution algorithm for vehicle routing and 
scheduling problem considering cash 
transportation with security is presented by Yan 
et al. (2012). When it comes to the transport of 
agricultural goods, Higgins (2006) published a 
case study at an Australian sugar mill. For 
scheduling of road vehicles in sugarcane 
transport, Higgins (2006) applied two meta-
heuristic methods - Tabu search and Variable 
neighborhood search, and compared the results. 
Milan et al. (2006) have presented the model of 
sugar cane transport problem in Cuba which 
integrates rail and road transport in order to 
reduce the transportation costs. They solved the 
smaller-size submodel using HyperLINDO solver, 
but Hyper LINDO failed to solve the whole model 
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in reasonable time, in less than 200 hours. Both 
papers considering the transport of sugar cane 
use mixed integer linear programming models.  

There are several papers using Variable 
neighborhood search (VNS) that deal with vehicle 
routing problems. Liu and Chan (2012) used VNS 
for Inventory routing and scheduling problems 
(IRSP). They proposed an integrated model, 
regarding the supply chains, for making 
inventory, routing and scheduling decisions that 
were regarded separately in the past, and their 
designed VNS was better than other methods in 
terms of average cost per day. Skewed variable 
neighborhood search (SVNS) was applied for the 
location routing scheduling problem by Macedo 
et al. (2015). The algorithm was efficient, it 
provided the proven optimal solution in a 
significant number of cases and outperformed a 
multi-start VND based heuristic that uses the 
same neighborhood structures. De Armas and 
Melian-Batista (2015) developed VNS heuristic 
algorithm for a Dynamic Rich Vehicle Routing 
Problem with time windows (DRVRPTW), the 
Dynamic Vehicle Routing Problem with the 
customers which can appear within the planning 
horizon and should be visited in a given time 
windows. In the study of Cheikh et al. (2015), a 
Variable neighborhood search is developed for 
the Vehicle routing problem with multiple trips 
(VRPMT) and it is tested on the benchmark 
instances from the literature. 

This paper proposes a novel vehicle 
scheduling nonlinear model with problem specific 
constrains, related to the transport of sugar beet 
in Serbia. Extended Lingo15 solver was used to 
solve the smaller-size instances to optimality. In 
order to solve larger-size instances, an efficient 
Variable neighborhood search (VNS) method 
was developed. According to the classification of 
scientific innovations proposed in [3], the 
approach presented in this study belongs to the 
category of evolutionary innovation, class 
Specialization (S). Since this paper introduces a 
new model that describes real-life problem, the 
study also has some elements of the class 
Mendeleyevization (M). 

The paper is further organized as follows. The 
real life problem of transportation of sugar beet in 
Serbia is described in details in section 2; the 
section 3 proposes the nonlinear mathematical 
model for this problem; the VNS method is 
presented in the section 4; the section 5 contains 
the results obtained by testing instances of 
different sizes; the section 6 presents the 
conclusion of this study. 

2. PROBLEM DESCRIPTION 

This study is focused on the transport 
organization problem, related to one of the most 

important industrial crops in Serbia, sugar beet. 
The whole process, called the campaign, 
includes transport and production and lasts from 
September until December, sometimes January, 
and it is carried out according to the plan defined 
in late spring, when the producers are able to 
predict the quantities they will prepare for sale. 
So, for each date in the period of campaign, there 
is a list of locations with the amounts of goods 
that should be served. But sometimes, the 
weather conditions, especially the upcoming rain 
do not allow the producer to prepare quantities 
right on time, and force them to prepare their 
quantities few days before. Therefore, it is not the 
highest imperative to deliver to the factory all the 
amounts that stand in the open at some specific 
date, but the factory needs must be fulfilled. The 
reason for this is the fact that once factory 
machines start to work, they must not be stopped 
because the starting process is very expensive. 

 Another important fact that has to be 
considered is that sugar beet should not stand in 
the open for too long, otherwise they will lose 
quality. As it is common for producers to prepare 
the whole yield for the current season, quantities 
at each location significantly exceed the capacity 
of vehicles, so each location has to be visited 
several times in order to be emptied. When the 
vehicle arrives in the factory area with goods, 
certain time period is required for analyzing the 
samples and unloading, after that it can start a 
new tour. 

 Vehicles are homogenous and they are 
located in the factory area which is the starting 
and the ending point for each transport. In every 
tour, each vehicle serves only one location and 
returns to the factory. Vehicles do not make 
routes in order to prevent the possibility of bad 
quality assessment of sugar beet mixed from 
different locations. Therefore, the last vehicle that 
serves some location could be half or more 
empty, but it rarely happens in real life, because 
the locations should be visited about 30 times to 
finish the transport of the whole amount. For 
simplicity, it is assumed that there is enough 
labor to complete loading and unloading of 
arbitrary number of vehicles at the same time 
without queues. A vehicle schedule should satisfy 
all this problem specific constrains with minimum 
working time. The problem assumptions are 
summarized as follows: 

 
o Transport is organized on a daily basis; 

o The goal is to minimize the total working 
time;  

o Vehicles are homogenous and may be 
used several times during the day - 
multiple trips; 



o The factory is the starting and the ending 
point for each transport;  

o Each vehicle serves only one location on 
each tour;  

o Locations where goods are kept in the 
open for longer than it is allowed must be 
served;  

o The factory needs, considering the 
amount of delivered goods, must be 
completed.  

The goal is to find the schedule for each 
vehicle, meaning to define the locations to serve 
and to compute the departure time from the 
factory area to the chosen locations such that the 
total working time of all vehicles is minimized.  

3. MATHEMATICAL FORMULATION 

3.1 Notation 
In order to formulate the model of the 

considered vehicle scheduling problem the 
following notation is introduced: 

n       the number of locations; 
m       the number of vehicles; 
kmax maximum number of tours that 

each vehicle can make during 
working time; 

J={1,..,n}  the set of locations 
I={1,..,m}  the set of vehicles 
K={1,…,kmax}  the set of tours 
cj  the quantity of goods at the 

location jϵJ; 

tj  the number of days that the 
goods are kept in the open at the 

location jϵJ; 
t0  the maximum number of days 

that the goods are allowed to 
stay at the open air, without 
losing quality; 

dj  the distance from the factory to 

the location jϵJ; 

CV  vehicle capacity; 
C  daily factory needs; 
v  the average velocity of vehicle; 
u  the average duration of analyzing 

samples and unloading, i.e. the 
time that vehicle must spend in 
the factory area between two 
“nonempty” tours; 

w  the average duration of loading; 

  a small positive number that is 
less than CV and cj/CV for jϵJ ; 

tstart  starting time; 
tend  end of working time. 

 
 

3.2 An “empty” tour 

The maximum number of tours that each 
vehicle can make during the working time is 
denoted by kmax. In real life, not all vehicles have 
the same number of tours. The number of tours 
that each vehicle can make during the day 
depends on the distance of the visited locations 
from the factory. In order to define the number of 
decision variables, the concept of an “empty” tour 
is introduced. Each vehicle on each tour can visit 
a location jϵJ, but, also, there is one more 
possibility. Each vehicle can make one or more 
“empty” tours, in which it is not going to visit any 
location, but will spend some time in the factory 
area instead. Obtained results showed that the 
duration of each “empty” tour was zero because 
the objective is to minimize the total working time. 
This concept provides the equal number of tours 
for all vehicles, with no effect on the objective 
value. 

3.3 The decision variables 

Three types of decision variables are 
introduced for this model. The integer variable xik 

indicates the index of location that will be visited 
by vehicle i in the tour k. Namely, xik=j for iϵI, kϵK, 
means that a vehicle i visits location jϵ{0,1,…,n} 
in its tour k. As it was explained above, the index 
0 is used to note the factory area when the 
vehicle has an “empty” tour. The second set of 
variables are real value variables tik which define 
the departure time from the factory of vehicle i in 
its tour k. In order to count precisely the total 
amount of goods that will supply the factory, 
binary variables yj for jϵJ are introduced, with yj =1 
if the location j is emptied and yj =0, otherwise. By 
introducing these variables, it is ensured that, if a 
location j is emptied, the amount of goods that is 
transported from this location is equal to cj and 
otherwise it will be the result of multiplying the 
vehicle capacity CV with the total number of 
times that this location is visited by all vehicles. A 
single real nonnegative variable T is also 
included in the model. It is used in objective 
function and denotes the total working time that is 
equal to the very last moment of time when each 
vehicle finishes its last tour. The objective of the 
model is to minimize the value of T, i.e. the 
maximal working time of all vehicles. 

For this vehicle scheduling problem the 
following nonlinear mathematical model is 
proposed: 
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The objective function (1), together with the 

constraint (8) minimizes finishing time T, since 
the goal is to minimize the last moment when all 
daily transports are done and all vehicles are 
back in the factory finishing their last tours. 

The constraint (2) ensures that the total 
amount that can be transported from each 
location does not exceed the amount that is 
prepared at the location (cj). The purpose of a 
subtrahend CV on the left side in this constraint 
reflects the fact that the last vehicle that visits a 
fixed location may not be full of goods. There is, 
also, arbitrarily small positive number  added to 
the left side to provide the strict inequality 
between the quantities that will be transported 
from the location j minus vehicle capacity CV and 
the quantities cj that are prepared at the location 
j. The strict inequality is necessary in the case 
when cj is equal to an integer number multiplied 
with the vehicle capacity CV. Without strict 
inequality, it might be possible that a vehicle 
makes additional unnecessary tour to that 
location. For example, if cj=120 tons and CV=30 
tons, the maximal number of times that this 
location should be visited is 4, but without ,  the 
constraint (2) would allowed 5 tours to this 
location as it is 5*30-30120.  

The constraint (3) provides that all amounts 
from fixed location must be transported if 

standing in the open for longer than t0 days. If 
tjt0, the constraint (3) is satisfied, regardless of 
the transported amount and if tj>t0 then the 
location j must be emptied because in this case it 
must be yj =1.  

The constraint (4) ensures that daily needs of 
the factory are satisfied. The first sum in (4) is 
related to the amounts from locations that are 
emptied and the second sum in (4) presents the 
quantities that are transported from the locations 
that are not emptied. 

The purpose of the constraints (5) and (6) is to 
define values for variables yj. If the location j is 
emptied, yj takes the value of 1, and the 
constraint (5) ensures that the number of times 
this location is visited must be greater or equal to 
cj/CV. In the case the location j is not emptied, yj 

takes the value 0 and constraint (5) is satisfied 
anyway. Similarly, the constraint (6) is satisfied 
anyway if yj =1 and if yj =0; it provides the fact 
that location j is visited strictly less than cj /CV 
times. The constraint (7) ensures that each tour 
for a given vehicle cannot start before its 
previous tour is completed. The starting time of 
each tour must be at least the starting time of the 
previous one plus the duration of driving in both 
directions, loading and unloading, multiplied with 
sgn(xik) to cover the case when the tour k of the 
vehicle i is an “empty” tour with no duration, that 
is if xik =0. Relations (9), (10) and (11) define the 
nature of decision variables xik, yj and tik.  

4. VARIABLE NEIGHBORHOOD SEARCH 

Variable neighborhood search (VNS) is well 
known metaheuristic introduced by Hansen and 
Mladenović (1997). It is based on random or 
systematic change of neighborhoods within a 
local search (see Talbi, 2009, page 150). The 
design of VNS depends on the selection of 
neighborhood structures and the order of their 
use. After generating an initial solution s and set 
of neighborhood structures N1, N2,…,Nhmax, there 
are three steps in each VNS iteration: shaking, 
local search and move. Shaking of initial solution 
is related to randomly choosing a solution s’ from 
the current neighborhood of the initial solution s. 
Then, the local search procedure is applied to the 
newly generated neighbor solution, looking for a 
local optimum. If the local optimum s” is better 
than s it will replace s and the local search will 
restart from the first neighborhood structure N1, 
otherwise the algorithm continues with the next 
neighborhood structure Nh+1. The success of 
VNS appears to be largely due to its very 
important properties, such as: simplicity, 
coherence, efficiency, effectiveness, robustness, 
user-friendliness, generality, interactivity and 
multiplicity (Hansen et al., 2008). There are 
several different versions of VNS, such as: 
Variable neighborhood descent (VND), Reduced 
VNS (RVNS), Basic VNS (BVNS), Skewed VNS 



(SVNS) method, Variable neighborhood 
decomposition search (VNDS), Parallel VNS 
(PVNS), Primal-dual VNS (PD-VNS), described 
in details in Hansen et al. (2010). 

 In this study, a variant of VNS algorithm, which 
used VND as the local search phase, is 
designed. In some cases, the use of many 
neighborhoods in the local search is crucial. This 
local search is called Variable neighborhood 
descent (Hansen et al., 2008). Variable 
neighborhood descent (VND) is a deterministic 
variant of the VNS, in which shaking step is 
omitted. VND stops when the solution is a local 
optimum for all neighborhoods. However, the 
shaking phase (also known as perturbation 
move) is important since it enables perturbations 
of the current solution in order to reach other 
parts of search space. In the following 
subsections the details of the proposed VNS 
algorithm will be described. 

4.1. Solution representation 

The solution s is represented as an integer array 
of length kmax, which consists of m segments. 
Each segment corresponds to exactly one 
vehicle. Segment i corresponds to i-th vehicle 
and contains the array sik. The elements of the 
array sik , iϵI, kϵK take values from the set JU{0} = 
{0,1,…,n}  and correspond to the visited location 
for every vehicle in each tour. If sik = j it means 
that the vehicle i visits the location j in the tour 
number k and sik =0 if the vehicle i has an “empty” 
tour k. For simplicity, the initial solution 
representation is designed in a way that “empty” 
tours, if they exist, are always located at the end 
of each vector in each generated solution. As an 
example, let us consider the instance with the 
following data: m=4, n=4, kmax=4, 
cj=(50,100,70,80), tj=(4,8,5,9), dj=(60,30,40,50), 
CV= 27, t0=7, v =35, u=0.17, w=0.12, C=270, 
tstart=6.00, tend=24.00. 

The optimal solution obtained by Lingo 15 
Solver for this instance is represented as: 
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and the value of the objective function of T= 
13.22.  

4.2. Generating initial solution 

For generating the initial solution for the VNS 
the following strategy is used. Locations are first 
sorted according to their priority. If the goods at 
location j are kept in the open for tj days, and tj is 
greater than t0, this location has high priority. The 
second criterion is to choose the locations which 
are closer to the factory meaning that their 
distance dj is smaller, because in this way the 
factory needs will be completed with reduced 
working time. Therefore, the locations are sorted 
in a list in the following way. On the top of the list 

are locations j with 0tt j  sorted by their 

distances from the factory (dj) from nearest to the 

farthest, followed by locations j with 0tt j 

sorted in the same way according to the distance 
dj. For example, if the set of locations is I = 
{1,2,3,4,5,6,7} with the data presented in Table 1 

and with ,70 t  the list of locations sorted by 

priority is (2,4,6,7,5,1,3). 
 
Table 1. Data example for generating an initial 

solution 

Location ti (days) dj (km) cj (tons) 

1 
2 
3 
4 
5 
6 
7 

1 
10 
5 
8 
6 
9 
2 

25 
17 
40 
35 
20 
68 
10 

100 
50 
150 
120 
60 
150 
90 

 
The initial solution is obtained by generating 

vectors for each vehicle respecting the priority of 
locations. Let data presented in Table 1 
correspond to the instance with the number of 
vehicles m=4 which can make maximum kmax= 6 
tours, the capacity of each vehicle is CV=30 t and 
the daily factory needs are C=630 t. Following the 
procedure described above, the generated initial 
solution is:  
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Each row in the matrix s corresponds to one 
vehicle. As the location 2 has the highest priority 
and there is 50t at this location, it must be visited 
2 times. After that, the location 4 must be visited 
4 times and so on. The limit for starting the last 
“nonempty” tour is computed as the quitting time 
minus the time that is needed for serving the 



location with the largest distance of all, including 
the duration of loading and unloading. If some 
vehicle exceeds this limit, the current tour and the 
following tours for this vehicle all become “empty” 
and the generation of the solution continues from 
the next vehicle. When the factory needs are 
completed, all remaining tours become “empty”. 

The initial solution generated by the described 
process is feasible. It is constructed to satisfy the 
requirements (2), (3). It is also ensured that each 
location is visited no more than it is necessary for 
transporting all its quantities and the locations 
where the goods are kept in the open are first 
included in solution. Also, once the constraint (4) 
is satisfied, the generation of the initial solution is 
completed. The initial solution defines departure 
time tik for iϵI and kϵK and the values for variables 
yj for jϵJ which can be calculated on the basis of 
generated initial solution in order to satisfy 
constraints (5) - (8). 

4.3. Objective function calculation 

After generating the initial or any other solution, 
it must be evaluated in order to be accepted or 
not. The values tik are considered as the 
departure times of a vehicle i in tour k. It is 
important that the vehicles are allowed to start 
the next tour after finishing the previous one with 
no relation between departure times of different 
vehicles. The value T in the objective function is 
computed as:  
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4.4. The proposed  VNS heuristic 

Algorithm 1 presents the proposed VNS 
algorithm for solving the presented model. Each 
component of the designed heuristics is 
described in details in the following subsections. 
 

Algorithm 1 VNS 
1: Input: The set of neighborhood Nh, h=1,…, hmax  for 
shaking phase 
                 The set of neighborhood Nl, l=1,…, lmax  for 
local search 
2: Initialization:  Find an initial solution s; 
3: repeat 
4:  h← 1; 
5:   while h≤ hmax do 
6:     s ←   Improvement  (s); 
        // shaking 
7:        s’ ← shaking with tabu list  (s, Nk (s)); 
8:      update tabu list 
        // local search by VND 
9:      s’’ ←   VND (s’); 
        //move or not 
10:     if f (s“) < f (s) then 
11:         s ← s’’;         
12:         h← 1; 
13:     else    
14:       h ← h + 1; 

15:   end while 
16: until termination criterion is satisfied 
 

In this VNS implementation, parameters hmax 
and lmax take the values of 1 and 2, respectively. 

4.5. Local search improvement 

In every iteration of the algorithm, before the 
shaking starts there is an improvement of the 
solution in the following way. The current solution 
is searched in order to find the two vehicles, one 
with maximum and another with minimum 
working time and then the last “nonempty” tour 
from the first one is replaced with zero as an 
“empty” tour and the removed tour is inserted at 
the place of the first “empty” tour of the second 
vehicle. For example, suppose we find that the 
vehicles m1 and m2 have the highest and the 
lowest ending time, respectively and their 
corresponding vectors are (2,3,5,1,0,0) and 
(1,3,4,0,0,0) respectively. This local search 
implies the exchanging of the value 1 from the 
first vector with the first value 0 from the second 
vector leading to the new vectors (2,3,5,0,0,0) 
and (1,3,4,1,0,0) for these two vehicles and to the 
new solution that should be evaluated. This 
procedure is repeated until there is no 
improvement. The purpose of this local search is 
to equalize the working time of all vehicles in 
order to minimize the total finishing time. 

 

4.6. Shaking phase with tabu list 

In the shaking phase of the VNS only one 
neighborhood structure N1 of order 1 and order 2 
is used. Neighborhood N1 of order 1 is obtained 

by exchanging two random “nonempty” tours of 
different, randomly selected vehicles. 
Neighborhood N1 of order 2 is obtained by 
exchanging two random pairs of successive 
“nonempty” tours, which also belong to two 
different random vehicles. Shaking in N1 of order 

2 is applied only if kmax2 and the randomly 
selected vehicles have at least 2 “nonempty” 
tours, but not in the case when both randomly 
selected vehicles have exactly two “nonempty” 
tours, because in this case the solution remains 
the same from the aspect of the objective value. 
The changed solution leads to the different part 
of the search space. 

 For the neighborhood structure N1 used in 
shaking phase the tabu list is constructed in order 
to avoid cycles. Tabu search method was 
introduced by Glover in 1986, as an approach 
leading to local optimality by a strategy of 
forbidding or penalizing certain moves. The 
purpose of the tabu list is to avoid the search 
process turning back to the solutions visited in 
the previous steps (Zhang et. al, 2007). Tabu 
search method can provide good results for 



solving some problems without combining with 
other methods. Tang et al. (2010) developed tabu 
search algorithm for solving scheduling problem 
considering the process of steelmaking.  

Tabu search method is often applied as a 
component of a hybrid algorithm in order to 
improve the solution quality. Huang and Liao 
(2008) applied the ant colony algorithm combined 
with the tabu search for job shop scheduling 
problem.  

In this paper, tabu search elements are 
involved in the VNS. More precisely, shaking 
procedure that uses tabu list is designed. The 
tabu list for N1 consists of four dimensional 
vectors (m1, m2, k1, k2) which includes the two 
randomly selected vehicles m1 and m2 and their 
randomly selected tours k1 and k2 which will be 
exchanged. Two tabu lists for order 1 and order 2 
in this neighborhood structure have the same 
form where k1 and k2 presents the first elements - 
tour number in each pair for order 2 of N1. The 
values in the tabu list are initially set to zeroes 
and they are updating after each shaking by 
adding the new vector (m1, m2, k1, k2) 
corresponding to the randomly selected vehicles 
m1 and m2 and their tours k1 and k2. After that all 
vectors in the list which contain at least one pair 
(m1, k1) or (m2, k2) as components on the 
adequate positions are set up to zeroes. Indeed, 
after shaking with the elements of the vector (m1, 
m2, k1, k2), all vectors with the following forms 
(m1, _, k1,_),(_, m1, _, k1), (_, m2, _, k2), and (m2, 
_, k2, _) are no longer tabu and they can be 
deleted from the tabu list. The size of tabu list is 
set to 15, and therefore the cycles of length less 
or equal to 15 will be avoided. 

4.7. Variable neighborhood descent 

The proposed Variable neighborhood descent 
(VND) includes two different neighborhood 
structures: N1 and N2 in order to find the best 
choice of the visited locations with minimum 
working time and with all constraints satisfied. 
The neighborhood structure N1 consists of 
solutions that are obtained from the current 
solution by performing swap moves. The two 
“nonempty” tours of different vehicles are 
swapped in neighborhood N1 meaning that the 
indexes of visited locations are exchanged in 
those tours. The neighborhood structure N2 
changes the location in the last “nonempty” tour 
of one vehicle with another location or with an 
“empty” tour if it is possible. The value j1 ϵ J of the 
last “nonempty” tour for some vehicle can be 

changed with the value j2 ϵ JU{0} if tj1 < t0
 
and 

yj2=0,  meaning that the location j1 does not have 
to be emptied because the goods do not stand 
too long at this location  and the location j2 is  not 
emptied so it can be included in the solution one 
more time. This move is accepted for the further 

evaluation only if it satisfies the constraint (4) 
concerning the factory needs. The VND algorithm 
is presented in Algorithm 2. 

 
Algorithm 2 VND 
1: Input: The set of neighborhood  Nl, l=1,…lmax 
2: Initialization: Find an initial solution s; 
3: repeat 
4:   l← 1; 
5:   while l ≤ lmax do 
6:      Find the best neighbor s’ of s in Nl (s); 
7:      if f (s’ ) < f (s) then 
8:         s ← s’; 
9:         l← 1; 
10:     else  
11:       l ← l + 1;   
12:  end while 
13: until no improvement is obtained  
14: return s  
 

4.8. Termination criterion 

The stopping criterion for VNS can be defined 
with respect to the CPU time used, the maximum 
number of iterations, the minimal magnitude of 
the improvement over a predefined number of 
iterations, the maximum number of iterations 
between two improvements, etc (Lejeune, 2006). 
In the present paper, VNS algorithm stops when 
the maximal number of iterations without 
improvement is reached. The value of this 
stopping criterion is experimentally determined. 
By analyzing the behavior of the algorithm to the 
tested instances it turned out that the number of 
considered iterations should be 5, as a 
compromise between the solution quality and 
algorithm runtime. For each one of 50 tested 
smaller - size instances for which VNS didn’t 
reach global optimum, or it was not obtained by 
Lingo Solver, further improvement of the best 
solution was not reached, even when the 
maximal number of iterations without 
improvement was increased to 100. 

5. COMPUTATIONAL RESULTS 

The set of 50 real life smaller-size instances are 
generated on the basis of the data obtained from 
the company which is involved in sugar 
production. Those instances are divided in two 
groups according to the results obtained by the 
Extended Lingo 15 Solver, which can be 
downloaded from (http://www.lindo.com/). The 
first group of instances includes 43 smaller-size 
instances which were solved to optimality using 
Lingo Solver, and the second group consists of 7 
smaller size instances for which Lingo solver 
provided only local optimum within the time limit 
of 5 hours.  

Extended Lingo 15 Solver is comprehensive 
tool designed to efficiently build and solve linear, 
nonlinear, and integer optimization models using 
a very simple modeling language.  It is unlimited 



in terms of number of variables and constraints 
(LINDO Systems, 2016). 

The proposed VNS is implemented in C 
programming language. All computational tests 
were run on an Intel Core i5 - 3320M processor 
on 2.60 GHz with 2 GB RAM memory under 
Windows 7 operating system. The number of 
runs for each of 50 smaller size tested instances 
is 20. For generated instances that are of larger 
problem dimensions, the number of VNS runs is 
10, due to longer running time. 

Table 2 presents the computational results on 
the first group of instances. The columns present, 
respectively:  
Inst: Instance name. Instances are 

noted as Tn,m,kmax. The index n is 
the total number of locations, m 
is the total number of vehicles 
and kmax is the maximum number 
of tours that each vehicle can 
make during working time; 

Lingo Solver: The results obtained by Lingo 
Solver including the global 
optimum (GO) in hours and 
runtime of Lingo Solver (t) in 
seconds; 

VNS: The results obtained by the 
proposed VNS method presented 
by the best obtained solution 
VNSbest (in hours), the average 
running time (t) in seconds, the 
average gap (agap) in percent 

and standard deviation (), in 
percent. 

The mark Opt in the column VNSbest is used 
to present the case when VNS reaches the 
optimal solution obtained by Lingo solver. The 
average gap (agap) presents the average 
percentage deviation of the VNSbest solution 
from the best/optimal solution through all VNS 

runs and the last column (%) is standard 
deviation in percents of the VNSbest solution 
calculated in respect to the optimal/best solution 
through all VNS runs. The last row, marked with 
Aver, includes the average values of the obtained 
results. 

From the results presented in Table 1 it can be 
seen that only in only 4 of these 43 instances 
VNS didn’t reach the global optimum. However, 
the VNS runtime is far less than Lingo Solver 
runtime for all tested instances. 

The second group of instances includes 7 
smaller size instances that Lingo Solver could not 
solve to optimality for time limit less than 5h, but 
it succeeded in finding local optimum and the 
lower objective bound, meaning that the global 
optimum is between those two values, including 
them. Table 3 presents the computational results 
on those instances. The local optimum obtained 
by Lingo solver is noted as the upper bound (UB) 

and the column LB presents the lower bound for 
the objective function.  The values of LB and UB 
are given in hours. 

Table 2: Computational results on smaller size 
instances solved to optimality by Lingo Solver  

Inst 

Lingo 
Solver 

VNS 

GO t(s) 
VNS 
best 

t(s) 
agap 
(%) 

 
(%) 

T2,2,3 13.73 0.45 Opt 0.012 0.00 0.00 
T2,3,2 11.72 0.43 Opt 0.010 0.00 0.00 
T3,3,2 9.78 0.81 Opt 0.014 0.00 0.00 
T3,2,3 13.16 1.34 Opt 0.015 0.00 0.00 
T4,3,2 10.58 2.11 Opt 0.012 0.00 0.00 
T4,2,3 12.87 2.43 Opt 0.013 0.00 0.00 
T5,3,2 10.58 0.87 Opt 0.014 0.00 0.00 
T5,2,3 10.58 1.11 Opt 0.016 0.00 0.00 
T6,2,3 10.27 2.11 Opt 0.012 0.00 0.00 
T6,3,2 10.29 4.19 Opt 0.015 0.00 0.00 
T3,2,4 16.87 1.06 Opt 0.019 0.00 0.00 
T3,4,2 9.38 3.54 Opt 0.012 0.00 0.00 
T2,3,3 12.87 0.82 Opt 0.014 0.00 0.00 
T4,4,2 9.78 3.18 10.18 0.011 0.00 0.00 
T4,2,4 11.56 1.51 Opt 0.015 0.00 0.00 
T3,3,3 13.73 1.16 Opt 0.013 0.00 0.00 
T5,2,4 11.27 16.00 11.96 0.015 0.00 0.00 
T5,4,2 10.87 6.91 Opt 0.013 0.13 0.59 
T4,3,3 12.30

 
1.94 Opt 0.015 1.39 3.60 

T6,4,2 10.01 43.84 Opt 0.011 0.00 0.00 
T6,2,4 13.16 74.17 14.30 0.013 0.00 0.00 
T3,5,2 10.58 1.78 Opt 0.012 0.00 0.00 
T5,3,3 13.16 161.22 Opt 0.014 0.00 0.00 
T4,5,2 10.87 3.43 11.72 0.012 0.00 0.00 
T6,3,3 12.87 144.23 Opt 0.016 0.00 0.00 
T7,3,3 12.30 22.15 Opt 0.014 0.00 0.00 
T2,4,3 15.44 0.53 Opt 0.014 0.00 0.00 
T2,3,4 17.45 0.82 Opt 0.014 0.00 0.00 
T3,4,3 13.73 1.34 Opt 0.016 0.62 1.61 
T3,3,4 16.30 3.01 Opt 0.014 0.00 0.00 
T7,5,2 10.58 197.79 Opt 0.013 0.00 0.00 
T4,3,4 15.45 355.17 Opt 0.020 2.78 3.92 
T4,4,3 14.30 23.79 Opt 0.013 0.00 0.00 
T5,3,4 16.59 337.47 Opt 0.014 0.00 0.00 
T5,4,3 13.16 216.04 Opt 0.014 0.00 0.00 
T2,3,5 19.45 0.96 Opt 0.014 0.00 0.00 
T2,5,3 12.87 1.63 Opt 0.015 0.00 0.00 
T3,3,5 17.16 4.86 Opt 0.016 0.00 0.00 
T2,4,4 17.45 3.51 Opt 0.014 0.00 0.00 
T3,4,4 16.30 221.06 Opt 0.016 0.00 0.00 
T4,4,4 16.87 14359.2 Opt 0.016 0.00 0.00 
T2,5,4 16.30 0.70 Opt 0.017 0.00 0.00 
T5,4,5 18.88 37.18 Opt 0.022 0.23 0.59 
Aver. 13.34 378.32 13.41 0.014 0.12 0.24 

 
Table 3: Computational results on small size 

instances unsolved to optimality by Lingo solver   

Inst 

Lingo 
Solver 

VNS 

UB LB 
VNS 
best 

t(s) 
agap 
(%) 

 
(%) 

T5,4,4 17.45
 

17.35
 

17.45
 

0.015
 

0.00
 

0.00
 

T5,5,5 20.02
 

19.56
 

20.02
 

0.020
 

0.00
 

0.00
 

T7,5,6 26.69 16.40 17.00 0.034 0.13 0.21 
T8,6,5 26.69 13.41 14.71 0.040 0.74 1.19 
T4,5,7 16.03 15.13 15.29 0.051 0.70 2.19 
T6,6,6 26.69 16.70 16.85 0.031 0.00

 
0.00

 

T6,7,6 13.00 7.35 11.48 0.085 1.82 2.40 
Aver. 20.94 15.13 16.11 0.039 0.48 0.86 

 



From the results presented in Table 3 it can be 
concluded that the VNS algorithm found the 
same solution as Lingo for two instances T5,4,4 

and T5,5,5. For other 5 instances VNS found better 
solution then Lingo Solver provided. The runtime 
of VNS algorithm, in the case of these instances, 
was about million time less than Lingo runtime.  

In order to evaluate the performance of the 
designed VNS algorithm, 9 larger size instances 
were included in this study. Among them, 5 
instances are generated based on the real life 
data obtained in the company, and the next 4 are 
randomly generated with: 

 

 cj ϵ U [1000, 2500], for every jϵJ; 

 dj ϵ U [5, 80], for every jϵJ; 

 tj ϵ U [1, 10], for every jϵJ. 

The results on these larger-size instances that 
have been solved using VNS only are presented 
in Table 4. Randomly generated instances are 
denoted with Tn,m,kmax

r

 
.  

The instance T8,40,10  is the instance that 
reflects the common dimension of the real life 
problem from the standpoint of the observed 
company and its current needs for vehicle 
scheduling of transportation of sugar beet. 

 
Table 4: VNS results on large size instances  

Inst
 

VNS 

VNS 
best 

t(s) 
agap 
(%) 

 
(%) 

T5,10,10 17.300 0.337 2.04 2.13 
T10,10,10 16.671 0.528 0.89 0.97 
T5,20,20 25.020 11.966 0.00 0.00 
T10,20,20 31.339 305.471 1.28 1.51 
T8,40,10 26.201 6.769 1.88 3.17 
T20,30,30

r 64.907 103.434 0.13 0.57 
T30,50,50

r 94.501 1144.45 0.00 0.00 
T60,80,80

r 90.963 11492.951 0.39 0.43 
T150,100,100

r
 245.374 214593.096 0.00 0.00 

Aver. 68.03 25295.44 0.73 0.98 

6. CONCLUSION 

This paper proposes a new mathematical 
model for VSP which is related to the transport of 
sugar beet in Serbia. The problem specific 
constraints yield to a nonlinear mathematical 
formulation that CPLEX Solver is unable to solve. 
Therefore, Lingo 15 Solver was employed to 
solve instances to optimality, but it provided 
optimal solutions for small size instances only. In 
order to solve larger problem instances, the VNS 
based method was designed. The constructive 
elements of the VNS are adapted to the 
considered problem, and the VND is used 
instead of local search part. The proposed VNS 
uses shaking with tabu search elements, which 
helps the algorithm to find promising solution in 
the VND phase. The obtained results show that 

the VNS method, in most of the cases, reached 
optimal solutions previously obtained by Lingo 
solver, but the VNS running time was at least 
hundred times less then Lingo Solver runtime. 
Also, the designed VNS algorithm provided 
solutions for larger-size instances in relatively 
short running time, which is important from 
practical point of view.  

Future work may be conducted in several 
directions. The proposed model can be 
motivation for introduction of a different model by 
including non-homogenous vehicles or two or 
more factories, as multi depot. More constraints 
which present the relations between the 
departure times of different vehicles can be 
observed, such as the constraints regarding 
queuing. Also, the presented results could be the 
challenge for developing other optimization 
methods for solving the considered or extended 
problem in order to improve the solutions.   
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