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Abstract— This paper aims to present an optimization 

solution for the distribution of stationery products with a 

seasonal demand pattern. The problem is structured as the 

capacitated vehicle routing problem is one-to-many with 

multiple products, where each customer has a variety of product 

types and demands. It is observed that yearly distance has 

varied by 43% between the season and off-season periods and 

the total distance savings throughout the year is around 40%.  A 

mixed-integer linear programming model was used to give an 

optimal solution and the Gurobi solver was used to arrive at the 

solution. The objective of the research is to determine the 

appropriate number of vehicles used to complete the delivery 

process in both seasonal and off-seasonal periods, together with 

the route sequence of every vehicle, such that the distance-

related costs are minimized with effective vehicle capacity 

utilization. 

Keywords— Capacitated vehicle routing problem, Seasonality, 

Distance optimisation, Stationery industry 

I. INTRODUCTION  

The transportation and logistics industry is transforming 
its ways of operation using the growing use of optimization 
techniques. The industry is facing an era of extraordinary 
changes as digitization takes hold and customer expectations 
grow. The adoption of data science and machine learning 
techniques allows companies to optimize logistics operations 
and determine the factors that affect performance of logistics 
operations. The logistics operations needs to focus on fuel 
cost, security measures, time to delivery, supply chain 
reliability, domestic distribution networks, offshoring, and so 
on. 

In order to obtain efficient solutions for practical 
problems, operation research (OR) techniques are used. The 
Vehicle Routing Problem (VRP) is one of the most attractive 
topics in operations research, logistics and transportation 
optimization. It is of paramount importance for thousands of 
companies and organizations engaged in the delivery and 
collection of goods or people. VRP is instrumental in keeping 
a better routing network that helps companies to reduce cost 
effects while increasing efficiency. Thus, in the operations 
research area, VRP has numerous applications.  

In real-world cases, VRP is not about providing the 
shortest possible route. A number of other factors contribute 
to planning the optimized routes. The complexity in VRP 
arises due to the occurrence of multiple constraints sited in a 
dynamic environment. Therefore, any solution proposed must 
be designed so that it is flexible enough to accommodate this 
sophisticated and complex process. Those processes can be 
described as being uniquely dependent on an exceptionally 
distinctive set of input variables [1].  

With the increase in technological advancement, VRP 
applications also developed in different ways. VRP 
applications with a fleet of Unmanned Aerial Vehicles 
(drones) to maximize customer satisfaction under weather 
conditions and energy consumption constraints [2], [3] can be 
mentioned as instances. Moreover, a dynamic version of the 
Vehicle Routing Problem with time windows (VRRTW) [4] 
was tested by taking an important attribute into account where 
current routings were subject to change at any time. 

In the real world, many products and appliances face 
seasonality in demand. Thus, in specific months companies 
have a higher demand than the rest of the year requiring an 
increase in their logistics resources to complete the larger 
volume of customer orders. In most cases, the companies have 
to distribute these various kinds of products with different 
volumes and weights. In this study, we address a capacitated 
Vehicle Routing Problem (CVRP) model acknowledging the 
difference between peak and off-peak demand and different 
types of product distribution. This provides more applicability 
to the business requirements. 

The dataset used in this study is from one of the largest 
books and stationery companies in Sri Lanka. At present, the 
company distributes their products according to the same 
route schedule in peak and off-peak planning horizons. 
Moreover, the demand for these products occurs in parallel 

with the start of new school terms hence there is a highly 
seasonal sales pattern for these kinds of products as “Fig.1”. 
This makes the vehicle capacity utilization less in the 
offseason months. Using different route schedules for two 
planning horizons could reduce the distance-related cost by 
utilising the vehicle capacity. When it comes to product 
variants, a single customer requires several types of stationery 
products. Therefore, the company has to distribute multiple 
products of different sizes to a single customer. The both 
requirements are considered in the VRP solution in this paper. 
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The objective of the research is to determine the 
appropriate number of vehicles that are required to complete 
the delivery process in both season and offseason periods, 
together with the route sequence of every vehicle, such that 
the distance-related costs are minimized with effective vehicle 
capacity utilization. 

II. LITERATURE  REVIEW 

VRP can be explained as the problem of designing optimal 
delivery or collection routes from one or several depots to a 
number of geographically scattered cities or customers, 
subject to side constraints [5]. VRP problem was first 
introduced [6] by Dantzig and Ramzer [7] as the truck 
dispatching problem in 1959. It has been more than 60 years 
since the problem came into the picture, but it still seems a big 
challenge for the science community [8] engaging with real-
world cases. 

CVRP is defined as a VRP wherein vehicles with 
restricted capacity limits need to get or bring items to different 
areas [9]. In CVRP, loading the vehicle more than its capacity 
is not allowed, as the vehicle capacity is already known [10]. 
The objective of the CVRP [11] is generally to minimise the 
total cost to serve all the customers and it can be a weighted 
function of the number of routes and their distance or travel 
time. 

Some studies of VRP had taken the seasonality factor into 
account. A solution approach for a Multi-Period VRP with 
Seasonal Fluctuations   (MPVRPSF) [12] was derived based 
on the adaptive large-neighbourhood search (ALNS) 
framework. The proposing solution procedure includes a set 
of novel algorithmic features, including several new operators 
based on the characteristic of the problem. The seasonal 
transport of raw milk model [1] was presented and validated 
with the objective of demonstrating a methodology to 
minimise the total distance required to complete the collection 
routes for the very seasonal production patterns observed in 
the Irish milk production sector. Moreover, mathematical 
models had been presented, corresponding to CVRP with 
fuzzy stochastic demands (CVRPFSD) and CVRP with 
intuitionistic fuzzy stochastic demands (CVRPIFSD) [13] 
illustrating that the work could be used to schedule the 
delivery of the seasonal or perishable items. Using a hybrid 
variable neighbourhood descent metaheuristic based on a 
Tabu Search algorithm, the heterogeneous vehicle routing 
problem with time windows and a limited number of resources 
(HVRPTW-LR) [14] was introduced to effectively manage 
resources for real services companies with highly seasonal 
demand. A periodic capacitated vehicle routing problem was 
implemented with a simulated annealing algorithm under 
reasonable time and a reasonable number of vehicles 
contributing to small-scale business management in the sense 
of presenting a digitalization solution for the vehicle 
scheduling solutions [15]. 

Handling multi-products is engaged in many industries, 
such as the delivery of food and groceries, garbage collection, 
pharmaceutical products, marine products, etc. A few 
instances for VRPs-related multi-products are as follows.  

Heterogeneous Vehicle Routing Problem with Multi-Trips 
and Multi-Products (HVRPMTMP) [16] had introduced for a 
pharmacy distribution company in Indonesia which is 
delivered multi-products to its 55 customers by allowing some 
vehicles which have a small capacity to perform multi-trips. 
The result of the proposed Genetic algorithm (GA) could 

reduce the total cost by 48.78%. In that case, customer demand 
had been calculated as volume demand based on the unit 
volume of the product and the quantity of the product 
demanded by the customer. 

 A problem was modelled for soft drink distribution as a 
mixed-integer program and proposed three heuristics, a 
constructive heuristic and two petal-based heuristics [17]. On 
the other hand, a heterogeneous vehicle routing problem with 
multi-products with time windows was introduced based on 
ant colony optimization with a two-pheromone trail strategy 
combined with tabu search [18] and the problem was 
modelled with integer programming. In both papers [17], [18], 
their unit weight measures products and unit volume are 
restricted to vehicle volume capacity and vehicle weight 
capacity. A study for multi-products had done experiments 
using two packing heuristics which are Largest Fit First (LFF) 
and Smallest Fit First (SFF) for the quantities of different 
products to be partially delivered. The authors suggested as 
future extensions the three-dimension bin-packing problem 
can be added instead of one-dimensional size because a space 
requirement was measured in three- dimensions [19]. A VRP 
in multi-product frozen food distribution [20] took into 
account multiple factors such as unit volume, price, the 
punishment degree and perishable coefficient of different 
frozen food products. In addition to the usual constraints of 
time windows and the loading weight, the volume capacity of 
the vehicle was also taken into consideration. 

Although there are so many studies relevant to this 
research domain, it seems like, VRP applications with highly 
seasonal demand pattern related to the stationery industry is a 
less focused area. 

Different approaches to the VRP have been discovered 
during the last decades, ranging from the use of pure 
optimization methods for solving small-to-medium-sized 
problems to the use of heuristics and meta-heuristics that 
provide near-optimal solutions for medium- and large-sized 
problems[21]. In order to solve the NP-hard problems, 
heuristic methods or metaheuristic-based algorithms search 
strategies are mostly applied [22]. The CVRP also falls into 
NP-hard [23] in the strong sense. The adoption of a declarative 
modelling framework and the use of a constraint programming 
environment to solve these kinds of problems [22] can be 
justified.  

Comparing commercial solvers such as the CPLEX and 
Gurobi, more than 165 new benchmark VRP instances were 
carried out [24] with the objective of minimizing the system’s 
delayed latency by satisfying mandatory visit times. While 
Gurobi exhibited better computational performance in 90 
instances (55%), CPLEX did better in 27(16%). In this study, 
we use the Gurobi solver in order to get optimal heuristics 
solutions for CVRP using the python programming language. 

II. PROBLEM DEFINITION 

One of the most common real-life scenarios which is 
related to this study is described in this section. This research 
gets to your feet from the needs of a transport carrier to deal 
with the weekly plan of delivery operations with a company 
that has a highly seasonal sales pattern. The company use only 
one distribution centre which is used to store company 
manufactured and imported products. Normally the 
organization uses a fleet of vehicles with a capacity of 30m3. 
However, the company has to outsource more vehicles for 
peak months and it is a huge cost to the company. The period 



of August to December is considered as peak months and 
other months are called off-peak. The financial year started in 
April and ends in March of the following calendar year. Using 
a weekly plan, we can reduce the use of outsourced vehicles 
and reuse the same vehicles. This study assumes that the 
weekly demand is the same over a planning horizon.  

This is solved as capacitated vehicle routing problem with 
a seasonal fluctuation because there is a significant seasonal 
fluctuation in the level of demand throughout the considered 
planning horizon (typically, several months). It is assumed 
that a year can be divided into two periods, each representing 
a seasonal demand level. We have taken inter-period demand 
variations into account; the potential intra-period fluctuations 
are neglected. The distribution centre (DC) has a maximum 
capacity to cater for the seasonal demands is assuming. Only 
one DC is used to deliver the products. Given the different 
kinds of products that have to be delivered to the same 
customer, this is also a Multi-Product problem. This is multi-
product CVRP capturing peak and off-peak product 
distribution. These kinds of variants are less in the literature, 
but it is very common in real-world scenarios. 

This type of solution is frequently adopted by companies 
that distribute their different kinds of products throughout the 
large territory and have a highly seasonal sales pattern. The 
customers are from within the cities and their surrounding 
urban areas all over the country. Each vehicle takes the depot 
as the starting point, travels along the distribution route to 
deliver the products to the customer locations, and then returns 
to the depot. 

A homogeneous fleet composed of vehicles characterized 
by the same capacity in volume (m3) and the same cost per km 
has been considered. In this context, the following 
assumptions are taken into account: 

• Vehicle capacity is known. 

• Any product mixed with different weights can be 
loaded into the vehicle with limited capacity. 

• The average speed is made equal for each and every 
vehicle and known in advance.   

A. Problem definition 

The CVRP considering various kinds of products and 
seasonal fluctuation is formally defined in the subsection. The 
problem consists in serving a number of customers, N with a 
number of products, P, at the distance-related minimum cost. 
The distribution centre (DC) is located at 0 and the number of 
all locations is V=Nꓴ{0}. Each customer i requires a quantity 
of various products qp which can be delivered from the main 
distribution centre where i=0. Delivery is carried out during a 
timeslot (week). The distance dij is known for each pair of 
nodes. The average speed is made equal for each and every 
vehicle and known in advance. Set of routes starts and ends at 
the DC. Let's consider the route capacity C.  

B. Definitions and notations 

The definitions of the variables and constants are 
summarized as follows (Table1). 

TABLE 1:DESCRIPTION OF NOTATIONS 

Notation Description 

Index 

i,j,a Customer location; i,j,a =1………N 

i, j, a Location of the Depot; i , j, a = 0 

h Planning horizon; h=1…H 

p Product type; p = 1……..P 

Parameters 

P Number of Products types 

N Number of customer locations 

V Number of nodes 

H Number of  planning horizons  

qi Total demand at the customer i (units) 

Cp Volume of the product p (m3) 

qpih 
Demand of product p at customer i in panning horizon h 
(units) 

dij Travelling distance from customer i to j 

Wp Weight of product type p (kg) 

C Maximum capacity of a route (vehicle capacity-m3) 

W Maximum weight of a route-weight limit of a vehicle (kg) 

Tmax Maximum route duration (working hours per day) 

Dih 
Total demand (in volume – m3) at  customer i in planning 
horizon h 

Wih Total weight at  customer i in planning horizon h (kg) 

T Total travel time of a route 
Decision Variables 

A Objective function 

Xij 
Boolean variable equal to 1 if arc ij is included in the 
solution 

 

III.  MATHEMATICAL MODEL 

A. Objective Function 

 Minimising the total distance-related cost is reported as the 
objective function (1). The total driving distance of the 
transport routes is to be minimized. 
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B. Constraints 

The constraints encountered in this CVRP are as follows.  

Subject to : 
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 The first constraint (2) ensures that each and every route 
starts and ends its travelling path from and to DC only. Both 
constraints (3), and (4) ensure that a customer is only visited 
once. The total demand by customer i (volume) uploaded by 
each route must not exceed the maximum capacity of the 



vehicle is another constraint (5). Equation (6) ensures that if a 
vehicle delivers to a customer on any route, that vehicle will 
not come back in that route again. Diagonal variables are not 
considered as guaranteed by constraint in (7). The last 
constraint (8) specifies the variable domain. 

Total demand in volume at any customer i for the planning 
horizon h  is calculated as follows (9).  

 #	$ = ∑ 12	$&2 ;  � = 1 … . ", ℎ = 1,24
2�   (9) 

 Two planning horizons H={1,2} are considered in this 
paper. Planning horizon 1 is called off-season months which 
are from January to July. Months from August to December 
are called season months and those are considered under 
planning horizon 2. In this paper, we consider an average 
volume within a planning horizon as the demand volume.  

IV. ANALYSIS 

Fig (2) shows the scatter plot of the DC and the customer 
locations according to longitude and latitude. This problem 
contains 81 customer locations. 

The purpose of getting the advantage of the separation of 
areas because distance constraint was not considered in 
CVRP, cluster analysis was made. K-means algorithm was 
used to divide customers into clusters according to the 
distance. The K-means algorithm aims to divide M points in 
N dimensions into K clusters so that the within-cluster sum of 
squares is minimized [25]. 

According to the silhouette method [26], the optimal 
number for k equals 6 between 2 to 10 since the highest 

silhouette score showed in k =6.“Fig.3” shows the scatter plot 
of customers according to the k-means clusters. 

A students version of Gurobi optimizer [27] 9.5.1 in 
python platform was used to calculate the various CVRP 
solutions. The solutions consider the differing customer 
locations and weekly average demand for the stationery 
product of each customer relevant to each planning horizon. 

 CVRP models were solved according to each cluster and 
two planning horizons separately. “Fig. 4” and “Fig. 5” show 
the peak and off-peak of the CVRP solution respectively in 
order to “cluster 1” which shows yellow scatters in “Fig. 3”. 
Likewise, each cluster shows the same behaviour comparing 
the peak and off-peak horizons shown in “Fig. 6”. 

 Table 2 shows the cluster-wise percentage differences of 
route distance respective to the route distance of peak.   
Differences of over 43% in total yearly route distance required 
between off-season and season were observed. According to 
the organizational current practices, the company uses mostly 
the same vehicle routing schedule for both peak and off-peak 
planning horizons. But in the above finding, using the same 
schedule is not a good practice considering the distance-
related cost optimization. According to the CVRP model, the 
total yearly distance savings is around 40% compared to the 
current practices.  

 
Fig 3:Scatter plot of clustered data  

Fig 4:CVRP solution of peak month for cluster 1 

Fig 2:CVRP solution of off-peak month for cluster 1 

Fig 3:Scatter plot of DC and customer location 



TABLE 2: DIFFERENCE PERCENTAGE OF ROUTE DISTANCE 

 
TABLE 3:NUMBER OF VEHICLES AND CAPACITY UNITIZATION 

 

 Further, table 3 is mentioned the weekly needs of vehicles 
and yearly vehicle capacity utilization for both planning 
horizons. 15 vehicles (trips) are adequate to cater a week in 
the off-season while 53 vehicles (trips)  are needed to cater a 
week in the season months. Currently, the company uses 
around 25 vehicles (trips) and around 60 vehicles (trips) to 
cater for the weekly demand peak and off-peak respectively. 
Comparing our work with current practices of the company, 
10 and 7 trips per week can be saved by using our solution 
method peak and off-peak respectively.  

 Furthermore, the vehicle capacity utilization of the current 
scenario of the organization is 40-55% in off-peak and 65-
90% in peak months. According to our study, the vehicle 
capacity utilization is more than 70% in off-peak and more 
than 80% in peak except for cluster 4 and cluster 6. Both 
clusters 4 and 6 have a less demand volume is the reason for 
declining in vehicle capacity utilization of these clusters. 
Therefore, using a heterogeneous vehicle fleet help to improve 
the capacity utilization of the vehicles. Moreover, the 
company can deliver once two weeks of the time period for 
areas under clusters 4 and 6 discussing with the customers in 
off-peak. 

V. DISCUSSION AND CONCLUSIONS 

The school stationery industry has highly seasonal demand 
over the year. This model assists in analyzing the weekly route 
network in demand fluctuation instead of using the same route 
over the year. According to “section V”, differences in total 
route distance required between off-season and season is over 
43%. Using a different delivery schedule can be used to reduce 
the distance-related cost. The main objective of this model is 
to minimize the overall distance required to complete the 
delivery routes for the highly seasonal demand patterns 
observed in the stationery industry. The paper indicates that 
using the CVRP model can be saved yearly distance by 40% 
compared to current performance. 

There is a need for a varying number of vehicles as routes 
change in peak and off-peak. This study shows that the 
required fleet varies from 15 to 53 vehicles per week for peak 
and off-peak respectively. 

Furthermore, greater attention may need to be devoted to 
the role and needs of the drivers. For an instance, a time limit 
on routes could be considered, along with the fact that 
individual drivers will at times deliver products on more than 
one route in a given timeframe considering loading and 
unloading time as well. The weight limit of the vehicle should 
be taken into account as follows. The notations and definitions 
relevant to equations (10), (11) and (12) are mentioned in table 
1.   

 5 ≤ 56+7 ��� ���ℎ ����� (10) 

 

 ∑ 8	$ ≤ &�
	� ��� ���ℎ ����� �� '(�����) ℎ���*�� ℎ   (11) 

 

 8	$ = ∑ 12	$82 ;  � = 1 … ", ℎ = 1 … 94
2�    (12) 

 

 Moreover, forecasting volume at various periods 
throughout the year should be carefully considered when the 
transportation implications would be an advantage to a cost-
effective delivery schedule. The model presented in this paper 
provides a sound basis for future research. It can be developed 
further to reflect the ever-changing environment faced by 
schedulers tasked with the creation and management of 
delivery routes.  Also, a heterogeneous fleet of vehicles can be 
considered when delivering different capacities. 

Cluster Name Colour of plots in 

“Fig. 3” 

Difference  % of route distance 

between peak and off-peak 

(yearly)    

Cluster 1  Yellow 43% 

Cluster 2 Green 47% 

Cluster 3 Blue 54% 

Cluster 4 Red 24% 

Cluster 5 cyan 43% 

Cluster 6 magenta 22% 

Overall  43% 

Cluster Name Number of Vehicles Vehicle Capacity 

Utilization 

Peak Off-peak Peak Off-peak 

Cluster 1  23 6 77% 87% 

Cluster 2 7 2 77% 71% 

Cluster 3 13 3 85% 94% 

Cluster 4 2 1 72% 45% 

Cluster 5 6 2 81% 71% 

Cluster 6 2 1 67% 35% 

Overall 53 15 79% 78% 

Fig 4: CVRP solutions of  clusters according to the planning horizons 



ACKNOWLEDGEMENT 

We would like to appreciate the support given by the 
respective stationery company in Sri Lanka in the process of 
data collection. 

The authors would like to acknowledge the financial 
support given by the University of Moratuwa, Sri Lanka, 
through the University Senate Research Committee research 
grant (grant numbers: LT/2020/20, SRC/LT/2021/22) for this 
research. 

REFERENCES 

[1] S. O’Callaghan, D. O’Connor, and D. Goulding, “A dynamic 
decision support model for the seasonal transportation of raw 
milk,” Int. J. Dairy Technol., vol. 74, no. 1, pp. 32–43, 2021, doi: 
10.1111/1471-0307.12748. 

[2] G. Radzki, A. Thibbotuwawa, and G. Bocewicz, “UAVs flight 
routes optimization in changing weather conditions - constraint 
programming approach,” Appl. Comput. Sci., vol. 15, no. 3, pp. 5–
20, 2019, doi: 10.23743/acs-2019-17. 

[3] A. Thibbotuwawa, P. Nielsen, G. Bocewicz, and Z. Banaszak, 
UAVs Fleet Mission Planning Subject to Weather Fore-Cast and 
Energy Consumption Constraints, vol. 920. Springer International 
Publishing, 2020. 

[4] G. Radzki, P. Nielsen, A. Thibbotuwawa, G. Bocewicz, and Z. 
Banaszak, “Declarative UAVs Fleet Mission Planning: A 
Dynamic VRP Approach,” in Lecture Notes in Computer Science 

(including subseries Lecture Notes in Artificial Intelligence and 

Lecture Notes in Bioinformatics), 2020, vol. 12496 LNAI, pp. 
188–202, doi: 10.1007/978-3-030-63007-2_15. 

[5] G. Laporte, “The vehicle routing problem: an overview of exact 
and approximated algorithms,” Eur. J. Oper. Res., vol. 3, pp. 345–
358, 1992. 

[6] R. Baldacci, M. Battarra, and D. Vigo, “Routing a Heterogeneous 
Fleet of Vehicles,” doi: 10.1007/978-0-387-77778-8. 

[7] G. B. Dantzig and J. H. Ramser, “The Truck Dispatching 
Problem,” Manage. Sci., vol. 6, no. 1, pp. 80–91, 1959, doi: 
10.1287/mnsc.6.1.80. 

[8] R. K. Kedia and B. K. Naick, “Review of Vehicle Route 
Optimisation,” in 2017 2nd IEEE International Conference on 
Intelligent Transportation Engineering, 2017, pp. 57–61. 

[9] B. Herdianto and Komarudin, “Guided Clarke and Wright 
Algorithm to Solve Large Scale of Capacitated Vehicle Routing 
Problem,” 2021 IEEE 8th Int. Conf. Ind. Eng. Appl. ICIEA 2021, 
pp. 449–453, 2021, doi: 10.1109/ICIEA52957.2021.9436750. 

[10] F. Daneshzand, “The Vehicle-Routing Problem,” Logist. Oper. 

Manag., pp. 127–153, 2011, doi: 10.1016/B978-0-12-385202-
1.00008-6. 

[11] P. Toth and D. Vigo, “1. An Overview of Vehicle Routing 
Problems,” in The Vehicle Routing Problem, 2002, pp. 1–26. 

[12] I. Dayarian, T. G. Crainic, M. Gendreau, and W. Rei, “An adaptive 
large-neighborhood search heuristic for a multi-period vehicle 
routing problem,” Transp. Res. Part E Logist. Transp. Rev., vol. 
95, pp. 95–123, 2016, doi: 10.1016/j.tre.2016.09.004. 

[13] V. P. Singh, K. Sharma, and D. Chakraborty, “Solving Capacitated 
Vehicle Routing Problem with Demands as Fuzzy Random 
Variable,” 2021. 

[14] J. C. Molina, J. L. Salmeron, I. Eguia, and J. Racero, “The 
heterogeneous vehicle routing problem with time windows and a 
limited number of resources,” Eng. Appl. Artif. Intell., vol. 94, no. 
July 2018, p. 103745, 2020, doi: 10.1016/j.engappai.2020.103745. 

[15] E. Aydemir and K. Karagul, “SOLVING A PERIODIC 
CAPACITATED VEHICLE ROUTING PROBLEM USING 
SIMULATED,” Brazilian J. Oper. Prod. Manag., vol. 17, no. 1, 
pp. 1–13, 2020, doi: 10.14488/BJOPM.2020.011. 

[16] F. Setiawan, N. A. Masruroh, and Z. I. Pramuditha, “On Modelling 
and Solving Heterogeneous Vehicle Routing Problem with Multi-
Trips and Multi-Products,” J. Tek. Ind., vol. 21, no. 2, pp. 91–104, 
2019, doi: 10.9744/jti.21.2.91-104. 

[17] J. Privé, J. Renaud, F. Boctor, and G. Laporte, “Solving a vehicle-
routing problem arising in soft-drink distribution,” J. Oper. Res. 
Soc., vol. 57, no. 9, pp. 1045–1052, Sep. 2006, doi: 
10.1057/palgrave.jors.2602087. 

[18] J. J. De La Cruz, C. D. Paternina-Arboleda, V. Cantillo, and J. R. 
Montoya-Torres, “A two-pheromone trail ant colony system - 
Tabu search approach for the heterogeneous vehicle routing 
problem with time windows and multiple products,” J. Heuristics, 
vol. 19, no. 2, pp. 233–252, Sep. 2013, doi: 10.1007/s10732-011-
9184-0. 

[19] S. Liu, L. Lei, and S. Park, “On the multi-product packing-delivery 
problem with a fixed route,” Transp. Res. Part E Logist. Transp. 
Rev., vol. 44, no. 3, pp. 350–360, 2008, doi: 
10.1016/j.tre.2006.10.009. 

[20] Y. Zhang and X. D. Chen, “An optimization model for the vehicle 
routing problem in multiproduct frozen food delivery,” J. Appl. 
Res. Technol., vol. 12, no. 2, pp. 239–250, 2014, doi: 
10.1016/S1665-6423(14)72340-5. 

[21] J. F. Cordeau, G. Laporte, M. W. P. Savelsbergh, and D. Vigo, 
“Chapter 6 Vehicle Routing,” Handbooks in Operations Research 

and Management Science, vol. 14, no. C. Elsevier, pp. 367–428, 
Jan. 01, 2007, doi: 10.1016/S0927-0507(06)14006-2. 

[22] G. Bocewicz, P. Nielsen, Z. Banaszak, and A. Thibbotuwawa, 
Deployment of Battery Swapping Stations for Unmanned Aerial 

Vehicles Subject to Cyclic Production Flow Constraints, vol. 920. 
Springer International Publishing, 2018. 

[23] A. N. Letchford and J. J. Salazar-González, “The Capacitated 
Vehicle Routing Problem: Stronger bounds in pseudo-polynomial 
time,” Eur. J. Oper. Res., vol. 272, no. 1, pp. 24–31, 2019, doi: 
10.1016/j.ejor.2018.06.002. 

[24] A. Osorio-Mora, M. Soto-Bustos, G. Gatica, P. Palominos, and R. 
Linfati, “The Multi-Depot Cumulative Vehicle Routing Problem 
with Mandatory Visit Times and Minimum Delayed Latency,” 
IEEE Access, vol. 9, pp. 27210–27225, 2021, doi: 
10.1109/ACCESS.2021.3058242. 

[25] J. A. Hartigan and M. A. Wong, “Algorithm AS 136 A K-Means 
Clustering Algorithm,” J. R. Stat. Soc. Ser. B Methodol., vol. 28, 
no. 1, pp. 100–108, 2012. 

[26] D. M. SAPUTRA, D. SAPUTRA, and L. D. OSWARI, “Effect of 
Distance Metrics in Determining K-Value in K-Means Clustering 
Using Elbow and Silhouette Method,” vol. 172, no. Siconian 2019, 
pp. 341–346, 2020, doi: 10.2991/aisr.k.200424.051. 

[27] GUROBI OPTIMIZATION INC., “Gurobi optimizer reference 
manual, 2015,” URL http//www. gurobi. com, p. 29, 2014, 
[Online]. Available: http://www.gurobi.com. 

 


