
 
 
 
 

ROMANIAN JOURNAL OF INFORMATION 
SCIENCE AND TECHNOLOGY 
Volume 23, Number T, 2020, T41-T56 

 
 
 
 
 

An Innovative Concept for Setting Up 
and Adjustment the Parameters of 

Real-world Vehicle Routing Problems: 
Case Study in Logistics 

 
Emir ZUNIC 1, 2 and Dzenana DONKO 1 

1 Faculty of Electrical Engineering, University of Sarajevo, Bosnia and Herzegovina 
2 Info Studio d.o.o. Sarajevo, Bosnia and Herzegovina 
E-mails: emir.zunic@etf.unsa.ba, ddonko@etf.unsa.ba 

 
 
 

Abstract. Transportation occupies one-third of logistics costs, and accordingly 
transportation systems largely influence the performance of the logistics system. Most of 
the algorithms for successful solving of vehicle routing problem (VRP) are consisted of 
several control parameters and constants, so this paper presents the data-driven 
prediction model for adjustment of the parameters based on historical data, especially for 
practical VRP problems with realistic constraints in the field of freight and logistics. The 
concept is consisted of four prediction models: (1) Generalized Linear Models (GLM); 
(2) Support Vector Machine (SVM); (3) Decision Tree (DT); (4) Naive Bayes (NB), and 
decision support systems for comparing acquired results for each of the used models. 
Additionally, one of the parameters necessary for successfully solving any of the VRP 
problems is time of unloading goods (service time) for each observed customer. A novel 
approach for setting up the customers’ time of unloading goods is established. The 
successful feasibility of the given transportation routes, in a real environment, is also 
presented. 

Keywords: Data Mining and Analysis, Data-driven concept, Vehicle Routing 
Problem, Parameter Setting Problem, Real-world dataset 

 
 

 
1. Introduction 

Since logistics advanced from the 1950s [1], there were numerous researches focused on this 
area for different applications. Due to the trend of nationalization and globalization in recent 
decades, the importance of logistics management has been growing in various domains. For 
industries, logistics help to optimize the existing production and distribution processes based on 
the same resources through management techniques for promoting the efficiency and 
competitiveness of enterprises. The essential element in a logistics chain is the transportation 
system, which connects the separated activities. Transportation occupies one-third of the amount 



in the logistics costs, and transportation systems largely influence the performance of the logistics 
system. Transporting is required in all production procedures, from manufacturing to delivery to 
the final consumers and returns. Only good coordination between each component would bring 
benefits to a maximum. Without well-developed transportation systems, logistics could not bring 
its advantages into full play. In logistics, such transportation system could provide better 
efficiency, reduce operation costs, and promote service quality [2]. The successful solving of 
vehicle routing problems can significantly improve a company’s operations in the field of 
transportation. 

For the next 50 years, since the publication of the work of Dantzig and Ramser [1], a 
significant progress has been made in this field. Nowadays, Google Scholar gives more than 
825.000 results when searching for the phrase Vehicle Routing Problem. OR ̸ MS Today edition 
from June 2006 contains overviews of 17 manufacturers and sellers of vehicle routing 
commercial software whose software package are capable of solving problem instances from 
1000 locations (consumers, sellers, etc.), 50 routes and narrow, two-hour time limits [3]. In 
practice, vehicle routing is one of the greatest achievements of the operational researches. For 
instance, every day 103.500 UPS drivers (United Parcel Service-American global company for 
the post delivery) follow the computer generated routes and transfer an average 15,6 million 
parcels. 

No matter which of the approaches and methods are used for solving VRP problems in 
realistic conditions, there is always a risk that the given routes will not be entirely feasible. It 
mostly depends on the accuracy of the set parameters, input data, limitations and constraints. So, 
the aim of this work is to present how some of the basic data necessary for solving and 
application of VRP can be set in a realistic environment. Only practically feasible routes are those 
companies are interested in, since the solutions (routes) they get, not being completely 
implemented, only make an additional insecurity in the operation of the used algorithm and 
model. The standard constraints vehicle routing problems differ among are: the number of depots 
(one or more of them), maximum allowable timing or the length of the vehicle route, different 
vehicle capacities, customers’ demands for delivery or collection of a certain amount of cargo 
during the service, time windows for beginning and finishing customer service as well as vehicle 
time windows. In a realistic setting, it is necessary to take into consideration a huge number of 
additional constraints, usually being the result of the specificity of the loading and/or unloading 
locations, specific business processes of the company performing the distribution (collection) or 
legal decisions and obligations (such as having a rest period for drivers). Such problems are often 
called Rich Vehicle Routing Problems (RVRP). Any of the approaches used for solving VRP 
problems (exact or heuristics/metaheuristics) also indicate there are constants and parameters of 
the algorithm, and their adjustment can improve or worsen the solution. Therefore, based on the 
mentioned facts, the purpose of this work is divided into two main parts: (i) setting up and 
adjusting the parameters and constants of the VRP algorithms by using the historical data, in an 
adaptive way, and (ii) proper setting of the customers’ unloading (service) time, which is one of 
the most difficult problems in practical examples of using VRP algorithms. Due to this, this 
concept is “data-driven” with “predictive possibility”. Transportation routes which consists of 
these two interconnected parts are mostly feasible from the practical point of view, which is the 
most important fact for any of the companies that want to successfully solve the problem of the 
optimal creation of transportation routes. 

A comparison of the acquired result was made using the realized decision support system for 
the analyzed prediction models: Generalized Linear Models (GLM), Support Vector Machine 
(SVM), Decision Tree (DT) and Naive Bayes (NB). On the other hand, the novel approach for 
setting up the customers’ unloading time which is based on practical drivers’ experience together 
with the available historical data, as well as the usage of Facebook’s Prophet predictive algorithm 
is presented. The proposed model and concept, along with the managing parameters which were 
acquired using the proposed prediction method, was incorporated into the web-based enterprise 
system which is in productional use in the real sector by one of the biggest distribution companies 
in Bosnia and Herzegovina. In the example of the distribution company and its realistic data used 
in this paper, all the transportation routes obtained by the proposed approach in the testing period 
lasting for three months, were completely feasible, respecting all of the restrictions and 



constraints. The financial savings obtained by using these routes are considerable in the area of 
transportation of the given company, and in this way, the proposed approach is successfully 
validated in practice. 

In the following section, the literature review is given. The current state of research in the 
field of vehicle routing problems is presented as well as the setting up and adjustment of the input 
and control parameters in different areas. In the third section, the proposed concept for adjusting 
both input and control parameters together with the predictive mechanism and algorithms are 
described. The results of the proposed concept are presented and discussed in detail in the fourth 
section as well as comparison results for the prediction and setting up the customers’ unloading 
time parameter. In the end of this section the practical significance of the proposed concept is 
stated. In the last section, the conclusion of the work is described and the guidelines for further 
research in this scientific field are presented. 

2. Related Work 

As stated in [4], the transportation of the product is a significant component of the total 
product cost (10%).The routing problem complexity increases exponentially when the number of 
customers or vehicles grows. Even for smaller instances, manual routing is becoming a hard task 
for humans, and software solutions can give better solutions than an experienced worker. Many 
algorithms for heuristic solving of the vehicle routing problem were described in the literature. 
Various approaches that use modern and newly introduced algorithms are described in [5] state of 
the art and problem review is given. The paper mentions 277 articles presenting approaches to 
solving the vehicle routing problem published between 2009 and 2015. 

The vehicle routing problem mostly includes various real-world constraints. All those 
constraints need to be considered to give a feasible solution for real-world usage. 

The most famous constraints are time windows. The time window represents the time interval 
when the customer can be served. In paper [6] authors presented a mathematical model for the 
vehicle routing problem with access time windows, a variant of the VRP suitable for planning 
delivery routes in a city with accessibility restriction, which bans the access of freight vehicles to 
central urban areas in many European cities. They used the model to find exact solutions to small 
problem instances based on a case study and then compare the performance over larger instances 
of a modified savings algorithm, a genetic algorithm, and a Tabu search procedure, with the 
results showing no clear prevalence of any of them, but confirming the significance of those 
additional costs and externalities. In [7] the adaptive memetic algorithm for minimizing distance 
in vehicle routing problem with time windows (VRPTW) is described. In [8], different 
metaheuristic approaches for solving VRPTW are described, such as Particle Swarm 
Optimization (PSO), Ant Colony Optimization (ACO) or Artificial Bee Colony (ABC). In [9] a 
hybrid of ACO and Firefly algorithm (FA) for solving vehicle routing problems is given. The 
VRPTW has been further tested. In [10], the improved simulated annealing algorithm is 
described. 

The vehicle capacity is an important constraint used in real-world examples. In [11] improved 
K-nearest neighbor algorithm is used to solve capacitated VRP (CVRP). In [12] an improved 
simulated annealing for the CVRP is described. In [13], an Evolutive Tabu-Search approach is 
used for CVRP. 

The number of depots varies for different companies. When more than one depot is in usage, 
the problem is called a multi-depot vehicle routing problem (MDVRP). In [14] an improved ACO 
algorithm is used for multi-depot green VRP. Enhanced differential evolution algorithms for 
solving MDVRP are used in [15]. In [16] discrete FA is used to solve asymmetric multi-depot 
VRP. In [17] other approaches and literature review for multi-depot vehicle routing problem is 
described. 

Surely, one of the most important realistic constraints is fuel consumption, whether it is 
logistics of the own vehicle fleet or outsourcing logistics. Outsourcing logistics operation to third-
party logistics has attracted more attention in the past several years. However, very few papers 
analyzed fuel consumption model in the context of outsourcing logistics. In paper [18] authors 



presented a hybrid Tabu search algorithm for a real-world open vehicle routing problem 
involving fuel consumption constraints. Experiments in this paper were conducted on instances 
based on realistic road data of Beijing, China, considering that outsourcing logistics plays an 
increasingly important role in China’s freight transportation. 

In literature and practice, many other constraints are considered, such as heterogeneous fleet 
VRP [19], city VRP [20], etc. In [21], a taxonomic review of the vehicle routing problem is given 
with different approaches and a methodology for classifying the literature.  

As can be observed, all heuristic algorithms contain parameters that must be set for the 
algorithm to provide a quality and usable solution. This makes the parameter-setting problem a 
significant research area because the results of the algorithm vary significantly depending on the 
parameter values. In the majority of the cited research papers, a fact has been mentioned which 
indicates that every real-world VRP problem is slightly different from the VRP problem that is 
most similar to it. That is affected by two sets of parameters (control), among other things: (i) 
certain realistic constraints and input data constants, and (ii) constants of the used VRP algorithm.  

Each company that requires an implementation of the VRP has its constraints that are defined 
by the business policy of the given company. That is why the literature often states that 
constraints and restrictions in these types of problems are non-standard. Lee describes one of such 
problems in great detail in [22], along with a solution proposal on a concrete realized example. 
Data Mining (DM) techniques and methods are also often used for adjusting the realistic 
constraints of the VRP, as well as Machine Learning (ML) algorithms, and other methods such as 
Fuzzy logic or Neural Networks (NN). There are several available papers which describe the 
application of statistical methods for these causes. Those kinds of interesting real examples are 
presented in papers [23]-[24]. An especially interesting example of the classic application of real 
data is presented in research [25] where the term data-driven solving of the VRP problem is 
introduced. This work also mentions for the first time an additional phase, which can be used in a 
real environment, and that is the human-computer interaction phase, which enables that the end 
user has the possibility of manual processing and modification of the suggested routes. No matter 
how perfect the algorithm seems, there are always real situations that are impossible to predict 
and classify in advance, and that is why that possibility is needed in practical systems.  

Each of the analyzed approaches and algorithms for solving the VRP problem, including the 
one presented in this work, consists of certain constants and control parameters. Those parameters 
and constants are used to determine certain weight factors, punitive factors by individual criteria, 
depending on the importance of the criteria for the result of the real situation of vehicle routing 
and others. In literature, this approach is known as the Parameter Setting Problem (PSP). The 
most interesting work on this topic was presented by Calvet et al. [26] in which they describe a 
statistical approach for setting the parameters for metaheuristic algorithms, and which is applied 
to the VRP problems. 

In addition, the approach proposed in the sequel of this paper can be well incorporated or 
used together with other optimization algorithms and approaches, usually in completely different 
areas of application, such as those mentioned in [27]-[30]. An innovative concept for setting up 
and adjusting the parameters of real-world vehicle routing problems is based on our previous 
perennial research, which resulted with the scientific papers [31]-[35]. 

3. Case Study 

The primary goal of real-world VRP problems is to fulfill all constraints. Some of these 
control parameters are adjusted as described below, using some of the prediction methods and 
algorithms which will make conclusions based on historical data. On the basis of all the 
parameters that could have an impact to the final outcome of the solution of VRP problems, 
several basic ones are sorted out and stored for every route during the testing and production use, 
since the historical data of practical implementation of VRP algorithms have been used in several 
of the largest distribution companies in Bosnia and Herzegovina, dealing with product 
distribution from their depots to delivery points (shops, supermarkets, etc.). It resulted in the 
creation of a knowledge base being enriched every day, and the main goal is the adjustment of 



control parameters and constants on the basis of historical data, which can later become a part of 
any implemented VRP algorithm. In short, the whole idea of parameter adjustment can be 
presented as in Fig. 1. 

Attributes which are isolated as those that affect the obtained routes are: 
 number of customers, 
 number of available vehicles, 
 number of different available types of vehicles, 
 number of different cities, 
 the total number of constraints related to which customer can’t be serviced by which 

vehicle, 
 the total number of articles ordered [items], 
 the total volume of all articles ordered [m3], 
 the total weight of all articles ordered [kg], 
 the total duration of time windows of all the customers [min], 
 whether all set constraints are met (1 – yes, 0 – no). 

 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 1. Proposed innovative concept for setting up and adjusting the parameters of real-world 
vehicle routing problems. 

The overall approach shown in Fig. 1 consists of several basic parts: 
1. Multiphase algorithm, capable to solve extremely complex and real VRP problems of large 

dimensions. The algorithm consists of several basic phases such as the initial creation of the 
transport routes, the route elimination, several types of local searches, and eventually the 
improvement within each of the obtained routes. Realization of the very algorithm is not the 
focus of this paper, but the way of adjusting the same parameter, as well as specific input data 
(points 2 and 3). 

2. The algorithm is based on the penalty principle for each distortion of the set constraints. 
Each of the given penalties, as well as the other algorithm constants, are adjusted by using the 
regression models presented in this paper.  

3. Input data is the integral part of each of VRP problem. One of the input data that is the 
most difficult to determine in practice is unloading time. Therefore, the innovative way of 
adjusting of this parameter is presented in this paper in details. For these purposes, by the 
subsequent analysis and the validation of the routes, real GPs data can be used from the vehicles 
which drive the proposed transport routes in practice. 

The goal attributes which affect the obtained routes and total cost, and which represent the 
control parameters of the implemented algorithm are: 

 ToleranceWeight, 
 ToleranceVolume, 
 PenaltyDelay, 
 PenaltyCustomersVehicles, 
 CostIncreasing, 
 PenaltyPercentageVolume, 



 PenaltyPercentageWeight. 

During the implementation of VRP algorithms, the vehicle can be allowed to be overloaded 
in weight or volume, for the values of ToleranceWeight and ToleranceVolume. Algorithms for 
solving VRP problems allow the vehicle to be delayed for a customer (to arrive outside of its time 
window). The violation of this parameter is presented by the PenaltyDelay. If the VRP algorithm 
is adjusted for solving Site-Dependent Vehicle Routing Problem (SDVRP), the attribute 
PenaltyCustomersVehicles is used for penalization of rules violations, where the customer can’t 
be served by a particular vehicle. The constant used in increasing the cost, depending on the 
weight vehicle transports, is presented with the CostIncreasing. The constants that penalize 
reloading the vehicles by weight or volume are PenaltyWeightPercentage and 
PenaltyVolumePercentage, and they present the cost increasing when the weight/volume of the 
vehicle is reloaded by 100%. 

Each of these parameters is separately set. First, the pre-processing of the data was done, and 
only the data, which meets all the constraints (value 1 in the given column), were selected from 
history. After, the redundant attributes were removed. Using the Attribute Importance option 
(step), the importance of the input attributes, for every goal attribute, was determined. For 
attribute importance, Minimum Descriptor Length (MDL) algorithm was used. Before that, 
normalization of the attributes was done so that the attribute values were rounded up to one 
decimal. After pre-processing and preparation of the input data, the regression model is created 
for determining the goal attributes.  

The proposed model for one parameter is shown in Fig. 2. The model is identical for every 
goal attribute. 

 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 

Fig. 2. Proposed regression model. 

Four algorithms were used for the regression: 
 Generalized Linear Models (GLM), 
 Support Vector Machine (SVM), 
 Decision Tree (DT), 
 Naive Bayes (NB). 

The advantage of SVM over other methods is providing better predictions on unseen test 
data, providing unique optimal solutions for the problem and the existence of less parameters for 
optimization compared to other methods. The speed of performance is not crucial for the problem 
wanted to be applied on, so the lack of SVM regression method can be ignored. GLM regression 
algorithm is chosen because it represents the generalization of the linear regression and is often 
used in cases where output variables do not have normal distribution. Since the input data point to 



linear dependence, the GLM choice of the regression algorithm was a logical choice. Basic 
advantages of a Decision Tree method are: the possibility of generating comprehensive models, 
relatively small requirements for computer resources (time and memory) and precise importance 
of some attributes for the specific problem, as well as vast availability of software solution. The 
drawback of Decision Trees is their instability, because small fluctuations in a data sample can 
result in huge variations in assigned classifications. The advantage of the Naive Bayes classifier 
is its robustness to errors obtained in data collecting or missing attribute value in training session. 
Errors do not have a lot of impact on probabilities since they are of average value, while missing 
data are simply ignored during the calculating of probability. Also, the Naive Bayes classifier is 
robust to irrelevant attributes, too. 

The structure and parameters of the GLM, NB, and DT regression models are standard, with 
common parameter values. Since the SVM has presented the best comparative results, the SVM 
algorithm modification has been presented in the form of the pseudocode that was used during the 
implementation. 

  

Pseudocode 1: Proposed Support Vector Machine (SVM) classifier 

Define number of features+1 as F and SVs+1 as SV 

for each SV do 

    for each feature of the SV do 

        Read streamed data 

        Convert it to float 

        Store into array_SVs[SV][F] 

    end 

end 

Read streamed data 

Convert it to float 

Store into array_y[0](b value) 

for each SV do 

    Read streamed data 

    Convert it to float 

    Store into array_y[SV] 

end 

for each feature do 

    Read streamed data 

    Convert it to float 

    Store into array_test[F] 

end 



for each feature do 

    Clear array_AC[F] 

end 

for each SV do 

    for each feature of the SV do 

        array_AC[F]+=array_y[SV]*array_SVs[SV][F] 

    end 

end 

for each feature do 

    distance_value+=array_AC[F]*array_test[F] 

end 

distance_value-=b 

if (distance_value  th) then 

    return 1 

else 

    return -1 

end 

 
In the designed C code (Pseudocode 1), float data type is assigned for all used data and 

mapped to the standard single-precision floating-point format. The designed model depends on 
the size of both the features and SVs, in order to implement any SVM classifier. The designed 
model receives needed data via an input stream interface to be stored in three main arrays. One 
2D array holds features of SVs. The other 1D array has αy of each SV and the third 1D array is for 
storing the features data of the test instance. The required calculations are divided into three main 
tasks in the algorithm, mapping the three main loops. 

After that, the Decision Support System was made, which, based on the obtained results for 
both of the listed algorithms for each attribute, chooses the one that gives better results by the 
obtained indicator Predictive Confidence [%], and the same is used for the goal attribute during 
new routing. 

3.1. Setting up the time of unloading goods (service time) 

One of the parameters necessary for a successful solving of any of the VRP problems is time 
of unloading goods. This parameter has to be taken into consideration during the solving of the 
problem, and its proper setting is one of the most difficult problems in practical examples of 
using VRP algorithms. Time of unloading for customers is very difficult to determine in realistic 
conditions, so one of the approaches for adjustment is presented by the relation (1), which 
considers historical data of the customer’s visit k in the previous deliveries: 

 

(1) 

where:  



 NAk  – number of items of the customer k 
 TVk  – total ordered volume (of all the items) of the customer k 
 TWk  – total ordered mass (of all the items) of the customer k 
 UnloadingConst – fixed unloading constant 
 ConstDriverBreakk – constant of the estimated time for the particular break of the 

driver during unloading goods for customer k 

The correction factor is added to UnloadingTimek after the calculation of it: 
 CorCoeffk(NAk, TVk, TWk) – correction coefficient of the customer k, being 

determined on the basis of the previously available n historical data for the customer 
k, as:  

 

(2) 

Sign of the given coefficient SIGN can be calculated in this way: 

 

(3) 

Another very important fact can be considered by using this parameter; that is the planned 
break of the driver during the working day, which is presented by the constant ConstDriverBreakk 
in relation (1). This constant can be determined in two ways: 

1. The customer with the longest unloading time is added an estimated time for the 
break for the driver (for example 30 minutes during the lunch). 

2. The unloading time of each of the customer is added an estimated amount of the 
daily break (e.g. 30 minutes), depending on the unloading time of the customer in 
the total time of the transport route unloading, which is presented by the relation (4) 
for the customer k: 

 

(4) 

The second option gives the driver the opportunity to make a certain break within the route, 
in any moment of the route, which is a very acceptable option from the aspect of the practical 
usage. For example, EstimatedDailyDriverBreakTime = 30 [min], which can be a lunch break for 
the driver. Measure unit for these formulas is [min]. Based on the analysis of available historical 
parameters, if they are not available for use, the constant UnloadingConst is possible to 
approximate with values from 5 to 10, depending on the speed of the driver’s work. The other 
coefficients in the previous equations (100, 4 and 0,2) are determined by the experimental way, 
based on the established realistic influence of the number of items, the volume ordered and the 
customer’s mass on the total unloading time for the analyzed customer. 

Aside from the already mentioned relations, the Facebook’s Prophet algorithm was used for 
setting the UnloadingConst parameter, which took into consideration all the historical data for 
each of the customers k, so the comparison of the results obtained was made. Prophet, an open-
source software released by Facebook’s Core Data Science team, is a procedure developed for 
forecasting time series data based on an additive model where non-linear trends are fit with 
yearly, weekly, and daily seasonality, plus holiday effects. It works best with time series that have 
strong seasonal effects and several seasons of historical data. Since the orders of the customers 
behave like time series with extremely similar patterns in their behavior, and since the orders of 
each customer k are periodically repeated, it has been concluded that one such approach can give 
good results. Prophet is robust to missing data and shifts in the trend, and typically handles 
outliers well. According to research [36], Prophet is used in many applications across Facebook 
for producing reliable forecasts and performs better than any other approach in the majority of 



cases. Two performance metrics are used for measuring forecasting accuracy and calculating the 
expected level of forecasting accuracy: 

 the relative or percentage error (PE) for individual daily forecasts, and  
 the mean absolute percentage error (MAPE) for quantifying the overall accuracy. 

The percentage error (PE), which can be calculated as: 

 

(5) 

is mainly used to measure the accuracy of individual daily forecasting outputs generated by the 
model, while the mean absolute percentage error (MAPE), calculated as: 

 

(6) 

is used to quantify the overall accuracy of the forecasting framework and calculate the expected 
level of reliability useful for classifying the unloading time of goods for every visited costumer. 

These metrics are selected for use because of their simplicity, very intuitive interpretation, as 
well as the fact they work well if there are no extremes in the data. Based on the interaction with 
clients, it is concluded that a clear and intuitive interpretation of forecasting accuracy metrics in 
terms of relative error plays a crucial role in the acceptance of the forecasting framework as a 
decision-making tool in the according situations. The whole process consists of five steps, which 
is shown in Fig. 3. 

 
 
 
 
Fig. 3. Proposed approach for setting up the time of unloading goods based on Facebook’s 

Prophet algorithm. 

Every day, the comparison of parameters and the unloading time for each customer k 
determined on the basis of approximate relation (1) was done, with the results obtained on the 
basis of the Prophet algorithm. Both of these predictions were then compared to the actual 
unloading times recorded by the distribution company drivers. The results of this comparative 
analysis were presented and analyzed in detail in the next section. 

4. Results and Discussion 

This section will be divided into three subsections: 
 (4.1) analysis of the VRP control parameter adjustment results, 
 (4.2) comparison results for the customers’ unloading time parameter, 
 (4.3) practical significance of the proposed concept. 

4.1. Analysis of the VRP control parameter adjustment results 

As previously mentioned, for each of the control parameters, the independent model was 
created with four regression algorithms: GLM, SVM, Decision Tree and Naive Bayes algorithm. 
After the results were obtained, for each of the parameters, the Decision Support System (DSS) 
was created which, on the basis of regression results, chose the predicted value of the algorithm 
that had higher Predictive Confidence. In order to enrich the control parameters knowledge base, 
VRP productive algorithms were run for more than 10.000 times, with all the constraints fulfilled 
for many different days and input parameters. Data with testing and validating of prediction 
models are provided at the 4TU Research Data Center [37], to be available to other researchers for 
their works and eventual comparison of results. For each of the control parameters, there was a 
result comparison of confidence/accuracy - Predictive Confidence [%], which was presented for 
each of the input data set in Table 1. 



As seen from the presented results, it is not difficult to conclude that the SVM always 
provided better predictive results for each of the control parameters compared to GLM algorithm 
(Table 1 – left), while the prediction models based on the Decision Tree and Naive Bayes 
algorithms, always showed much worse results (Table 1 – right), and therefore, the Decision 
Support System (DSS) preferred the prediction results of the SVM algorithm. Analyzing Table 1 
in detail, it is easy to conclude that the downside of Decision Tree is their instability, because 
small fluctuations may result in large variations in the assigned classifications, which was the 
case. The shortcoming of the Naive Bayes prediction algorithm is presumably the independence 
of attributes, which make this classifier delicate to correlated attributes. Attributes in strong 
correlation can degrade performances of the classifiers, which can be solved by removing certain 
attributes, which is also the case in this example. 

Table 1. Comparative results of used regression models – Predictive confidence [%]. 

Parameter GLM  SVM DT NB 
ToleranceWeight 91.766 96.123 81.336 84.323 

ToleranceVolume 81.995 90.201 79.928 80.905 

PenaltyDelay 84.956 89.551 81.555 82.007 

PenaltyCustomersVehicles 92.031 96.439 82.309 85.314 

CostIncreasing 81.276 89.996 78.998 80.229 

PenaltyVolumePercentage 89.133 91.853 83.892 84.934 

PenaltyWeightPercentage 90.006 92.698 84.801 84.956 

The obtained Attribute Importance segment in the prediction model helps determine the value 
of every one of the input attributes for the goal control parameter. The average value of the input 
parameters for the output control variables, as well as their order, based on the given value, is 
shown in Table 2. 

Table 2. Attribute importance results. 

Input parameter Importance 
Number 

Importance 
Weight 

The number of available different types of vehicles 1 0.871 

The number of available vehicles 2 0.861 

Total duration of time windows of all the customers [min] 3 0.796 

Total number of ordered articles [pcs] 4 0.758 

The number of customers 5 0.747 

Total volume of ordered articles [m³] 6 0.741 

The number of towns 7 0.727 

Total weight of all the articles [kg] 8 0.582 

The total number of restrictions where a customer can’t 
be served by a certain vehicle 

9 0.303 

Analysis of the average values of the effect the input attributes have on every one of the 
control parameters concludes that the input parameters affect the resulting prediction control 
parameters in the order presented in Table 2. The achieved results are as expected because the 
routing was exceptionally complex with strict constraints when using actual data with a smaller 
number of available vehicles. This was especially affected by the fact that an average of 8 
vehicles was available for routing, and seven of those were of different types and varieties, which 
significantly affected the results and the complexity of the algorithm execution. Based on that, the 
conclusion arises that those parameters are the most important ones in adjusting the control 
parameters of the algorithm. Also, what can be concluded is that the time windows of customers 
are of great importance to control parameters, which significantly affects the complexity of the 
solution search. 

The parameter which, according to Table 2, has the least significance in adjusting the values 



of control parameters is the number of constraints, in terms of which customer can’t be serviced 
by which vehicle. The given number is presented in the form of a summarized indicator. If it were 
presented in the form of a ratio, of the customer to the number of vehicles which can service that 
customer, then the significance of that parameter would increase, and it could be the most 
important one. 

For every one of the control parameters, the given results are presented graphically as well. 
For example, results for the parameter ToleranceWeight are shown in Fig. 4. 

 
 
 
 
 
 
 
 
 

Fig. 4. Predictive Confidence [%] comparison results for one control parameter. 

Also, it is possible to observe the comparison of Residual (Residual is the difference between 
the expected and predicted value of the dependent variable) for every one of the control 
parameters. An example of the comparison for the parameter ToleranceWeight is shown in Fig. 5, 
with all the additional information. 

 
 
 
 
 
 
 
 
 
 

Fig. 5. Residual comparison. 

The previous picture shows that for each attribute, except for the mentioned Predictive 
Confidence indicator, it is possible to obtain a multitude of other parameters (they primarily refer 
to the values of prediction errors) based on which it is possible to perform other comparisons and 
choose the model which meets all of the expectations and needs. 

It is also simple to compare the actual and predicted value, and make the same conclusion 
that the SVM algorithm presented much better results compared to the remaining three prediction 
algorithms already used. Thus, every analysis points to the fact that the SVM algorithm is much 
superior than other algorithms already used, as well as methods for the purpose of adjusting the 
control parameters of the practically applicable algorithms for solving the complex VRP 
problems. 

4.2. Comparison results for the customers’ unloading time parameter 

The time of unloading goods of customers is one of the VRP parameters that are most 
difficult to determine in real conditions. An innovative way of determining the given parameter is 
presented in this work. The confirmation of the success of the presented concept was made in a 
way where the three values were compared over the period of three months (Table 3): 

 unloading time determined by approximate relation (1), 
 unloading time predicted by using the Prophet algorithm, 
 actual unloading time recorded by the drivers in practice. 

It is important to mention that the data history before the first month included the whole year 
of deliveries to the customers of the distribution company, which was sufficient for the training of 

 



both models. Results shown in Table 3 are averages for all of the customers being presented in 
the three testing months during the goods delivery to the final customers. 

Table 3. Comparison results for the customers’ unloading time parameter. 

 After first month 
MAPE 

After second month 
MAPE 

After third month 
MAPE 

Unloading time determined by 
approximate relation (1) 

17,87 % 16,43 % 15,11 % 

Unloading time predicted by 
using the Prophet algorithm 

19,33 % 14,12 % 8,03 % 

Actual unloading time recorded 
by the drivers in practice 

AVG ~16 [min] AVG ~14 [min] AVG ~13 [min] 

Analyzing the presented average results, it can be easily concluded that both of these 
approaches of determining unloading time of the customer give extremely good results. In 
percentage terms, the MAPE indicator of both of these approaches is always less than 20%. Both 
of these approaches give better results when they have a longer history, where the Prophet 
algorithm, although giving slightly worse results after the first month, shows much better and 
more precise performances after the third month and manages to determine the analyzed 
parameter. Since the analysis was conducted in a real-world environment, where many additional 
parameters affect the unloading time of customers, both of these approaches are extremely useful 
in these real situations with the accuracy less than 15%. 

4.3. Practical significance of the proposed concept 

No matter which of the approaches and methods are used for solving VRP in real conditions, 
there is always a risk that the given routes are not entirely feasible. Primarily this depends on the 
accuracy of the set parameters, input data and limitations. This work aims to present how some of 
the basic data required for solving and applying VRP can be set in a real environment. Practically 
feasible routes are the only ones that companies are interested in. In case the routes they get are 
not completely achievable a new level of insecurity in the operation of the implemented 
algorithm and model arises. 

Table 4. Practical significance of the proposed concept (comparison results). 

 Average number 
of used vehicles 

Average distance 
[km] 

Percentage of route feasibility 
in realistic environment 

BEFORE introducing 
the proposed concept 

55/10 = 5,5 129,761 79,65 [%] 

AFTER introducing the 
proposed concept 

57/10 = 5,7 137,915 99,14 [%] 

As a practical conclusion of all the presented results, it can be concluded that the proposed 
approach has always tried to use smaller vehicles, while the bigger ones (with the much higher 
cost, for example, one of the biggest and most expensive vehicle in the dataset [38] labeled 
875-M-523) were only included when necessary, or rather when it was not possible to serve all 
the customers using smaller vehicles. Even in this case, the bigger vehicle was used for serving 
fewer customers, with relatively smaller distances from the depot, to minimize its cost. 

According to the comparative results presented in Table 4, it can be concluded that the 
feasibility of the routes has significantly increased (about 20%) by introducing the previously 
described approach. On the other hand, two additional vehicles were used in 10 days during the 
routing, and the routing costs, as well as the total distance, have slightly increased. However, the 
feasibility of the routes in realistic circumstances is the most important criterion. Even if the 
routes are optimal but not feasible, the transport processes of the company are much more 
difficult, so they increase the costs because there are some customers not being served as it was 



planned. On the other hand, it distorts one important factor, the company reputation, even more, 
which can result in a decreased number of satisfied customers, cancellations of the principals, and 
finally, it can result in the closure of the company itself. Therefore, this work takes on a strategic 
epithet and is crucial for every company that transports the goods. 

5. Conclusions and future work 

The industry pays an exceptional amount of attention to VRP, especially in the field of the 
freight and logistics. The key element in the supply chain is the transportation system that unites 
different, spatially and temporally separated activities. The transportation includes one-third of 
logistics costs and significantly affects the performances of the logistic system. Distribution 
companies usually have problems where they are not able to optimize their transportation 
activities in the best possible way and therefore lose considerable financial resources. Vehicle 
routing problems are becoming exceptionally complex if a great number of customers that need 
to be serviced are taken into account. Adding to that a large number of constraints and facts such 
as customer time windows, unloading (service) time of merchandise, predefined capacity of 
vehicles which can be of different types, fixed and variable vehicle costs, these problems can 
become a real challenge to solve. There are a multitude of algorithms, models and approaches 
created on the topic of successfully solving the VRP problem, but they are mostly tested on lab 
data and conditions, without great practical applicability in solving real problems of optimizing 
transport routes in companies. 

Regardless of what approach (exact or heuristics) is used for successful solving the VRP 
problems, most of the proposed algorithms are consisted of constants in control parameters whose 
adjustment give better or worse solutions. This paper presents the innovative approach of 
adjustment of these parameters on the basis of available historical data by using the prediction 
models. Four of the prediction models were used, where the SVM algorithm proved to have 
superior results for all the tests compared to other prediction models. For each of the analyzed 
control parameters in the case of SVM model, the predictive accuracy was over 90%. The 
advantage of SVM over other methods being used is providing better predictions on unseen test 
data, providing unique optimal solutions for the training problem, and the existence of less 
optimization parameters compared to other methods. The execution speed is not crucial for the 
problem, so this limitation of the SVM regression method can be neglected in this case. 

The time of unloading goods of customers is one of the VRP parameters that are most 
difficult to determine in real conditions. An innovative way of determining the given parameter is 
presented in this work. The confirmation of the success of the presented concept was made in a 
way where the three values were compared over a period of three months, and the obtained 
results, which are more than satisfactory, are presented in this paper. 

The entire presented concept is in use in some of the biggest distribution companies, as an 
implemented web-based enterprise system. The application enables human-computer interaction, 
allowing the subsequent manual modification of the obtained transport routes. It enables a 
graphic representation of the routes by the vehicles and comparison of the results. Results also 
showed that proposed improvements are increased by approximately 20% in the execution of the 
obtained routes in a real environment. In this way, the company gets the quality assurance of the 
generated transport routes, and their customers have confidence in the delivery of goods. 

Guidelines for the future researches in this area would include the application of neural 
networks for determination of the values of the VRP algorithm control parameters, or even the 
prediction based on time series. Surely, the progress should be realized by even more input sets of 
realistic data in this segment of the proposed approach. 
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