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 In the case of disruptions in the blood supply chain, rapid reorganization of distribution processes 
is required to ensure an effective response to emergency situations. This paper considers the 
problem of redistributing available blood stocks from the institute and hospitals to hospitals 
affected by a disruption. A mathematical formulation of the problem is developed, with a multi-
objective function aiming to: (i) minimize the blood delivery time to the locations of disruption, 
(ii) minimize violations of predefined safety stock levels at the institute and hospitals, and (iii) 
minimize the amount of blood taken from hospitals not affected by the disruption. The formulation 
also introduces constraints that ensure balanced violations of safety stock levels across unaffected 
facilities. Computational experiments are conducted on test scenarios generated from real case 
studies from the healthcare system of the Republic of Serbia. Small-sized instances can be solved 
exactly, providing benchmarks for evaluating a General Variable Neighborhood Search 
metaheuristic designed for larger problem instances. The results indicate that the proposed 
metaheuristic produces high-quality solutions within negligible CPU time. 
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1. Introduction 

Supplying hospitals with blood units is a complex and frequent process. Deliveries are typically made daily or every other 
day, depending on hospital demand. Therefore, optimizing the distribution of blood to hospitals represents an important 
operational problem, particularly in situations where disruptions require modifications to the existing distribution plan. 
Potential disruptions may arise from events such as terrorist attacks, inadequate storage of blood units, various types of fires, 
explosions, etc. 
 
The goal of this paper is to develop a model that ensures rapid delivery of the required amount of blood to the hospital closest 
to the disruption site. At the same time, the model aims to minimize the impact on the normal operation of the remaining 
hospitals in the system. The advantage of the model proposed in this paper is that it deals with the distribution of available 
blood stocks in the system. Blood distribution is carried out from two types of facilities: institutes and hospitals. Institutes 
represent central facilities whose primary role is to collect and supply blood to hospitals. Accordingly, blood is first supplied 
from the institute, while unaffected hospitals are considered only if the available amount at the institute is insufficient. When 
collecting blood units from hospitals, their current stock levels are taken into account. Each hospital has a minimum safety 
stock level that should not be violated whenever possible. The objective is therefore to obtain the required blood units from 
unaffected hospitals while minimizing disruptions to their stock levels.  
 
Although the model is developed for blood supply systems, it can also be applied to other systems with minor modifications. 
In general, it is suitable for systems in which a central facility supplies a large number of dependent facilities. For example, 
in the healthcare system, the model can be applied to the distribution and control of drug stocks, various medical materials, 
etc. Similar applications may also be found in other infrastructure systems, such as water supply networks, where it can 
support the distribution and inventory management of chemicals used in water treatment. 
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For the considered problem, a mixed-integer linear programming (MILP) mathematical formulation is proposed. The 
formulation includes constraints that ensure balanced violation of safety stock levels across all facilities, excluding hospitals 
affected by the disruption. These constraints prevent situations in which unaffected hospitals would be left without the blood 
supplies necessary for normal operation. In addition, a heuristic algorithm is developed to construct the initial solution. 
Furthermore, the Variable Neighborhood Descent (VND) and General Variable Neighborhood Search (G-VNS) 
metaheuristics are adapted for the considered problem and used to improve the obtained solution and determine the best one. 
A set of test instances is generated to evaluate the performance of the proposed approaches. The instances are based on real 
case studies from the healthcare system in the Republic of Serbia. An exact method is used to obtain optimal solutions for 
small-sized instances, while the G-VNS metaheuristic is applied to solve large-sized instances and overcome computational 
complexity. 
 
The paper is organized into seven sections. Following the introduction and literature review, Section 3 describes the 
considered problem. Section 4 presents the mathematical formulation of the model and explains it in detail. Since solving the 
mixed-integer model based on the proposed formulation may require a significant amount of CPU time, and in some cases 
may even be infeasible, a metaheuristic algorithm is also adapted and applied, as described in Section 5. Section 6 presents 
the results of testing the exact approach and the metaheuristic algorithm on the small and large-sized instances. Finally, 
concluding remarks are provided at the end of the paper. 

2. Literature Review 

Unlike most studies in the literature, which focus on planning the collection of new blood supplies followed by their 
distribution, this paper addresses the problem of redistributing already available blood stocks. To the best of our knowledge, 
no previous study has specifically considered this problem. Most papers dealing with blood supply chain disruptions primarily 
focus on the blood collection stage, either through the establishment of temporary facilities or the use of existing ones, and 
only subsequently address the distribution of the collected blood. 
 
Beliën and Forcé (2012) provided the first review paper on the blood supply chain (BSC), covering studies published between 
1966 and 2010. However, Osorio et al. (2015) presented a more comprehensive review of the BSC, reflecting the significant 
increase in the number of related studies after 2010. 
 
Ma et al. (2019) solved the problem of allocating blood from institutes to blood banks located in the affected areas, without 
considering the vehicle routing problem. In their study, the blood delivery time is assumed to be 24 hours, since the blood 
banks are located close to the institute. Kaya and Ozkok (2020) solved the problem of blood distribution from institutes to 
hospitals under normal conditions. Their model aims to reduce distribution costs and improve system responsiveness to blood 
demand by introducing an additional level between institutes and hospitals in the form of local blood banks. In this system, 
blood is transported from the institute to the local centers every two days, while hospitals are supplied more frequently from 
these centers. 
 
Haghjoo et al. (2020) designed a reliable blood supply network with facility disruption, considering the risk of disruption and 
uncertainty in a disruption situation, and demonstrated the applicability of their model using a real case study. Hosseini-
Motlagh et al. (2020) deal with solving the problem of locating temporary shelters for emergencies, and then distributing 
blood from institutes and blood banks to those facilities, while managing blood inventory levels. Razavi et al. (2021) solved 
the problem of blood collection using mobile and fixed facilities, and distribution to blood institute and hospitals in emergency 
cases of blood shortage. They suppose that deliveries should be made using the ambulance vehicles. Khalilpourazari and 
Hashemi Doulabi (2023) solved a similar problem, but under normal conditions, without emergency cases. Also, the difference 
is how the delivery could be made. Delivery to the blood institute and finally blood distribution to the hospitals can be done 
by helicopters and ambulances.  
 
A limitation of these models from a practical application is the unpredictability associated with the time required to collect 
blood. Therefore, such approaches are more suitable for normal operating conditions and may be less effective in cases of 
large and sudden disruptions at specific locations. 
 
The most recent literature review on quantitative models of the blood supply chain under disruption conditions is provided by 
Asadpour et al. (2022). Their study categorizes the existing literature according to the main echelons of the blood supply 
chain: blood collection, blood production, and blood distribution. In addition, several studies analyze and optimize all echelons 
of the blood supply chain simultaneously (Zahiri & Pishvaee, 2017; Araújo et al., 2020). However, considering all echelons 
simultaneously often requires certain generalizations of the problem, which may limit the practical applicability of the 
proposed approaches. Previous review studies also highlight that a major limitation of many blood distribution models is the 
difficulty of applying them in practice without additional modifications. Therefore, this paper focuses on a single echelon and 
addresses the problem of optimizing the delivery process during disruption periods. 
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The problem solved in this paper belongs to both the Open Vehicle Routing Problems (OVRP) and the Inventory Routing 
Problems (IRP) groups. The OVRP problem is a variant of the VRP problem in which vehicles do not return to the depot at 
the end of their routes. The OVRP was first proposed by Schrage (1981), although no solution methods were provided. 
Applications of OVRP have been reported in air transportation for mail distribution (Bodin et al., 1983), meat distribution 
(Tarantilis & Kiranoudis, 2002), and school bus routing (Li & Fu, 2002), among others. Heuristic and metaheuristic algorithms 
are most often used to solve OVRP problem (Pichpibul & Kawtummachai, 2013; Ruiz et al., 2019), while a mathematical 
formulation was provided by Letchford et al. (2007).  
 
The IRP was first analyzed by Bell et al. (1983). The IRP problem involves the simultaneous determination of vehicle routes 
and inventory management in facilities (Popović et al., 2012; Vidović et al., 2014). Applications of the IRP can be found in 
the textile industry (Campbell & Savelsbergh, 2004), the petrochemical industry (Popović et al., 2012; Vidović et al., 2014), 
chain stores (Sakhri et al., 2022),  etc. Coelho et al. (2014) highlighted additional application areas where the IRP concept can 
provide significant benefits, including the distribution of blood, organic waste, and cement. More comprehensive overviews 
of IRP applications can be found in Andersson et al. (2010) and Coelho et al. (2014). 

3. Problem Description 

This paper examines the problem of distributing available blood stocks from two types of facilities (institute and hospitals) to 
hospitals affected by the disruption. Under normal conditions (without disruption), the institute supplies the hospitals with 
blood every day or every second or third, depending on the needs. Each hospital has a certain amount of blood in stock that 
allows it to function normally for a certain period of time. As soon as the supply level gets close to the minimum, the hospitals 
request blood from the institute and thus never allow the amount of blood to fall below the minimum. However, in the case 
of major disruptions such as terrorist attacks or explosions, there is a sudden increase in the demand for blood from hospitals 
located near the scene of the accident. One disruption refers to one hospital affected by a disruption that can be caused by one 
or more accidents in its vicinity. In case of disruption, the blood institute cannot independently respond to the requests made, 
which leads to all hospitals not affected by the disruption becoming potential locations from which blood can be collected and 
then distributed to the hospital affected by disruption. In this way, the required amount of blood can be provided in hospital 
near the disruption. When solving this problem, it is first necessary to determine, in addition to the institute, from which 
hospital blood should be collected. Next, it is necessary to define the sequence of hospitals from which blood is collected in 
order to deliver the blood to the hospital affected by disruption as quickly as possible. 
 
Fig. 1 shows an example of disruptions that occurred near Hospital 3 and Hospital 7. Therefore, Hospitals 3 and 7 require 
certain amounts of blood that cannot be satisfied from the institute alone. In order to collect enough blood at the hospitals 
affected by the disruptions, the remaining hospitals (1, 2, 4, 5 and 6) that are not affected by the disruption become potential 
locations from which blood can be collected. Let us suppose that the following is a best solution: the required blood for 
disruption 1 will be collected in the institute and Hospitals 1 and 2, and for disruption 2 in the Institute and Hospital 6. The 
stocks of Hospitals 4 and 5 remain intact because in the Institute and Hospitals 2, 3 and 6 there was enough blood to meet the 
requirements of disruptions. A visit to Hospitals 4 and 5 would lead to a more even disruption of safety stocks, but also to a 
significant increase in blood delivery time, which is why they were not visited. 

 
Fig. 1. Simultaneous single-day inventory management of blood and distribution of blood to hospital affected by disruption 
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The institute, like each of the hospitals, has a certain amount of blood in stock. For each hospital and institute, the stock level 
by blood group and the minimum stock level are defined. Blood can be taken from any hospital, but in that situation, the risk 
increases that the hospital will not have enough blood to work normally. Because of that, when defining the distribution plan, 
it is necessary to aim for more blood to be taken from the institute as the primary source of blood, and less blood to be taken 
from the secondary source, from hospitals. The goal when solving this problem is to determine the vehicle route and the 
number of blood units of each blood group that will be taken from the hospitals and the institute. All of this must be done with 
the objective of minimizing any violations of safety stock levels. Also, the delivery time should as short as possible. In this 
way, the system quickly reacts to the disruption with the available resources, i.e., the amount of blood, while taking care to 
maintain the normal operation of the other hospitals that are not affected by the disruption. 
 
Generally, the number of hospitals affected by disruptions can be greater than one, while the number of institutes is always 
one. For example, an explosion can happen in two different cities at the same time, and thus the two nearest hospitals become 
the locations affected by disruptions. To guarantee a fast response, a separate vehicle must be deployed for each disruption. 
Each disruption is supplied by one vehicle because the blood units have small dimensions. This means that the number of 
vehicles depends on the number of hospitals affected by disruptions, that is, the number of vehicles is equal to the number of 
hospitals affected by disruptions. Also, it should be noted that during blood collection, one hospital may be visited by several 
vehicles, except for hospitals affected by the disruption. 
 

This paper proposes a model for rapid blood delivery to disruption sites with minimal impact on unaffected hospitals and 
formulates the problem as a single-day IRP combined with an OVRP. 
 
4. Mathematical Formulation of the Problem 
 
In this section, the symbols that were used during the formulation of the mathematical model for the described problem will 
be described first, and then the mathematical formulation itself will be shown and explained in more detail. 
 
Sets: 
K – a set of blood distribution vehicles 
D – a set of disruptions, that is, hospitals affected by the disruption 
H – a set of facilities (hospitals and institute) from which blood can be collected 
S – a set of blood groups 
Indexes: 
k – blood distribution vehicle (k ∈ K), vehicles are assigned to disruptions (d ∈ D = K) 
i – blood source node (i ∈ H), i = 0 is an institute, and i > 0 are hospitals from which blood is sent 
s – blood group (s ∈ S), S = (0, A, B, AB) 
f – segment in the objective function f = (1, 2, …, 5) 
Parameters: 
𝑄𝑄𝑠𝑠𝑑𝑑 – the amount of blood group s required for the disruption d 
𝑍𝑍𝑖𝑖𝑖𝑖 – stocks of blood group s in the node i 
𝑍𝑍𝑖𝑖𝑖𝑖𝑚𝑚𝑚𝑚𝑚𝑚 – safety (minimum) stocks level of blood group s in node i 
𝑡𝑡𝑖𝑖𝑖𝑖 – travel time of vehicles on the branch (i,j) 
𝑡𝑡𝑖𝑖𝑠𝑠𝑠𝑠𝑠𝑠  – service time in the node i  
𝑀𝑀1,𝑀𝑀2,𝑀𝑀3 – the big positive numbers 
𝑤𝑤𝑓𝑓 – the weight coefficient that defines the importance of segment f in the objective function 
Variables:  
𝑡𝑡𝑖𝑖𝑘𝑘 – time of the visit of node i by vehicle k 
𝑟𝑟𝑠𝑠 – the largest violation of blood group s stocks expressed as a percentage 
𝐶𝐶𝑖𝑖𝑖𝑖 – the amount of blood group s taken at node i from safety stocks 
𝑥𝑥𝑖𝑖𝑖𝑖𝑘𝑘  – the amount of blood group s taken by vehicle k at node i 
𝑝𝑝𝑖𝑖𝑘𝑘 – a variable that takes the value 1 if vehicle k visits node i, otherwise it takes the value 0. 
𝑦𝑦𝑖𝑖𝑖𝑖𝑘𝑘  – a variable that takes the value 1 if vehicle k passes branch (i, j), otherwise it takes the value 0. 
 

The mathematical formulation can be given in the following way: 
 

min 
 

𝐹𝐹 =  𝑤𝑤1 ∑ ∑ 𝑡𝑡𝑖𝑖𝑘𝑘𝑖𝑖∈𝐷𝐷 + 𝑤𝑤2 ∙ ∑ 𝑟𝑟𝑠𝑠𝑠𝑠∈𝑆𝑆 + 𝑤𝑤3 ∙ ∑ ∑ 𝐶𝐶𝑖𝑖𝑖𝑖𝑠𝑠∈𝑆𝑆𝑖𝑖∈𝐻𝐻 + 𝑤𝑤4 ∙ ∑ ∑ ∑ 𝑥𝑥𝑖𝑖𝑖𝑖𝑘𝑘𝑠𝑠∈𝑆𝑆 +𝑖𝑖∈𝐻𝐻
𝑖𝑖≠0

𝑘𝑘∈𝐾𝐾 𝑤𝑤5 ∙ ∑ ∑ 𝑥𝑥0𝑠𝑠𝑘𝑘𝑠𝑠∈S𝑘𝑘∈𝐾𝐾𝑘𝑘∈𝐾𝐾   (1) 
 

subject to 
 

∑ 𝑥𝑥𝑖𝑖𝑖𝑖𝑘𝑘 = 𝑄𝑄𝑠𝑠𝑑𝑑    𝑖𝑖∈𝐻𝐻      ∀ 𝑠𝑠 ∈ 𝑆𝑆,∀ 𝑘𝑘 ∈ 𝐾𝐾,𝑑𝑑 = 𝑘𝑘  (2) 

∑ 𝑥𝑥𝑖𝑖𝑖𝑖𝑘𝑘 ≤ 𝑍𝑍𝑖𝑖𝑖𝑖      ∀ 𝑖𝑖 ∈ 𝐻𝐻,∀ 𝑠𝑠 ∈ 𝑆𝑆𝑘𝑘∈𝐾𝐾   (3) 

𝑝𝑝𝑖𝑖𝑘𝑘 ≥
1
𝑀𝑀1
∑ 𝑥𝑥𝑖𝑖𝑖𝑖𝑘𝑘      ∀ 𝑘𝑘 ∈ 𝐾𝐾,∀ 𝑖𝑖 ∈ 𝐻𝐻 𝑠𝑠∈S   (4) 
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𝑡𝑡𝑖𝑖𝑘𝑘 − 𝑀𝑀2 ∙ 𝑝𝑝𝑖𝑖𝑘𝑘 ≤ 0     ∀ 𝑖𝑖 ∈ 𝐻𝐻,∀𝑘𝑘 ∈ 𝐾𝐾  (5) 

𝑝𝑝𝑑𝑑𝑘𝑘 = 1        ∀ 𝑑𝑑 = 𝑘𝑘 ∈ 𝐾𝐾  (6) 

𝑝𝑝𝑑𝑑𝑘𝑘 = 0        ∀𝑑𝑑 ≠ 𝑘𝑘 ∈ 𝐾𝐾  (7) 

∑ 𝑦𝑦𝑖𝑖𝑖𝑖𝑘𝑘 =𝑖𝑖∈(𝐻𝐻∪𝐷𝐷) 𝑝𝑝𝑗𝑗𝑘𝑘     ∀ 𝑘𝑘 ∈ 𝐾𝐾,∀ 𝑗𝑗 ∈ (𝐻𝐻 ∪ 𝐷𝐷), 𝑖𝑖 ≠ 𝑗𝑗  (8) 

∑ 𝑦𝑦𝑖𝑖𝑖𝑖𝑘𝑘 =𝑗𝑗∈(𝐻𝐻∪𝐷𝐷) 𝑝𝑝𝑖𝑖𝑘𝑘     ∀ 𝑘𝑘 ∈ 𝐾𝐾,∀ 𝑖𝑖 ∈ (𝐻𝐻 ∪ 𝐷𝐷), 𝑖𝑖 ≠ 𝑗𝑗  (9) 

∑ 𝑦𝑦0𝑗𝑗𝑘𝑘 = 1 𝑗𝑗∈(𝐻𝐻∪𝐷𝐷)        ∀𝑘𝑘 ∈ 𝐾𝐾  (10) 

∑ ∑ 𝑦𝑦𝑖𝑖𝑖𝑖𝑘𝑘 = 1 𝑖𝑖∈𝐻𝐻𝑘𝑘∈𝐾𝐾        ∀𝑑𝑑 ∈ 𝐷𝐷  (11) 

∑ 𝑦𝑦𝑖𝑖0𝑘𝑘 = 0 𝑖𝑖∈(𝐻𝐻∪𝐷𝐷)        ∀𝑘𝑘 ∈ 𝐾𝐾  (12) 

∑ ∑ 𝑦𝑦𝑑𝑑𝑑𝑑𝑘𝑘 = 0 𝑗𝑗∈𝐻𝐻𝑘𝑘∈𝐾𝐾        ∀𝑑𝑑 ∈ 𝐷𝐷  (13) 

𝑡𝑡𝑖𝑖𝑘𝑘 + 𝑦𝑦𝑖𝑖𝑖𝑖𝑘𝑘 ∙ �𝑡𝑡𝑖𝑖𝑖𝑖 + 𝑡𝑡𝑖𝑖𝑠𝑠𝑠𝑠𝑠𝑠� ≤ 𝑡𝑡𝑗𝑗𝑘𝑘 + 𝑀𝑀3 ∙ �1 − 𝑦𝑦𝑖𝑖𝑖𝑖𝑘𝑘 �      ∀ 𝑘𝑘 ∈ 𝐾𝐾,∀ 𝑖𝑖, 𝑗𝑗 ∈ (𝐻𝐻 ∪ 𝐷𝐷), 𝑖𝑖 ≠ 𝑗𝑗, 𝑗𝑗 ≠ 0  (14) 

𝐶𝐶𝑖𝑖𝑖𝑖 ≥ 𝑍𝑍𝑖𝑖𝑖𝑖𝑚𝑚𝑚𝑚𝑚𝑚 − �𝑍𝑍𝑖𝑖𝑖𝑖 − ∑ 𝑥𝑥𝑖𝑖𝑖𝑖𝑘𝑘𝑘𝑘∈K �       ∀ 𝑖𝑖 ∈ 𝐻𝐻,∀ 𝑠𝑠 ∈ 𝑆𝑆  (15) 

𝑟𝑟𝑠𝑠 ≥
𝐶𝐶𝑖𝑖𝑖𝑖
𝑍𝑍𝑖𝑖𝑖𝑖
𝑚𝑚𝑚𝑚𝑚𝑚                   ∀ 𝑖𝑖 ∈ 𝐻𝐻,∀ 𝑠𝑠 ∈ 𝑆𝑆  (16) 

𝑦𝑦𝑖𝑖𝑖𝑖𝑘𝑘 ∈ {0,1}          ∀𝑖𝑖 ∈ (𝐻𝐻 ∪ 𝐷𝐷),∀ 𝑗𝑗 ∈ (𝐻𝐻 ∪ 𝐷𝐷),∀ 𝑘𝑘 ∈ 𝐾𝐾  (17) 

𝑝𝑝𝑖𝑖𝑘𝑘 ∈ {0,1}         ∀𝑖𝑖 ∈ (𝐻𝐻 ∪ 𝐷𝐷),∀ 𝑘𝑘 ∈ 𝐾𝐾  (18) 

𝑥𝑥𝑖𝑖𝑖𝑖𝑘𝑘 ≥ 0 and integer           ∀ 𝑖𝑖 ∈ 𝐻𝐻,∀ 𝑠𝑠 ∈ 𝑆𝑆,∀ 𝑘𝑘 ∈ 𝐾𝐾  (19) 

𝐶𝐶𝑖𝑖𝑖𝑖 ≥ 0  and integer     ∀ 𝑖𝑖 ∈ 𝐻𝐻,∀𝑠𝑠 ∈ 𝑆𝑆  (20) 

𝑡𝑡𝑖𝑖𝑘𝑘 ≥ 0    ∀𝑖𝑖 ∈ (𝐻𝐻 ∪ 𝐷𝐷),∀𝑘𝑘 ∈ 𝐾𝐾  (21) 

𝑟𝑟𝑠𝑠 ≥ 0         ∀ 𝑠𝑠 ∈ 𝑆𝑆  (22) 

The objective function (1) consists of five segments. The first segment represents the time required for blood delivery to 
disruption locations (hospitals affected by disruptions). The second segment represents the percentage violation of the safety 
stock. The third segment represents the number of blood units taken from the safety stocks. The fourth segment represents the 
number of blood units taken from the hospitals, while the fifth segment represents the number of blood units taken from the 
institute. The objective function is minimized. 
 

Constraints (2) refer to the fact that each disruption location must receive as many blood units of a certain blood group as 
required. Constraints (3) ensure that vehicles do not transport more blood units than are available in the stocks of the hospitals 
and the institute. Constraints (4) and (5) define whether nodes are visited or not, while constraints (6) and (7) serve to assign 
vehicles to disruptions. Constraints (8) and (9) indicate that if there is a visit to the node by vehicle k, then the sum of the 
input branches of that vehicle to the node i must be equal to 1, that is, the sum of the output branches must be equal to 1. 
Constraints (10) ensure that each vehicle 𝑘𝑘 ∈ 𝐾𝐾 must leave the depot, while constraints (11) define that exactly one vehicle 
must arrive at each location of disruptions. Constraints (12) ensure that vehicles cannot arrive from other nodes at the depot 
(institute), while constraints (13) ensure that vehicles cannot leave the disruption location to another node. Constraints (14) 
eliminate sub-tours. Constraints (15) define the number of blood units taken from the safety stock. Constraints (16) ensure 
balanced violations of safety stock levels by minimizing the maximum percentage violation for each blood group. Constraints 
(17) and (18) define the binary variables, constraints (19) and (20) define the integer variables, while constraints (21) and (22) 
define the continuous variables. 
 
5. Metaheuristic Solution Approach Based on General Variable Neighborhood Search 
 
The considered problem belongs to the group of difficult combinatorial optimization problems. Therefore, exact solution 
approaches are limited to small-sized examples, while larger instances require heuristic or metaheuristic algorithms. Variable 
Neighborhood Search (VNS) is a metaheuristic introduced by Mladenović (1995) and further developed by Mladenović and 
Hansen (1997). VNS can be used to solve a wide variety of problems, including routing problems (Yilmaz & Kalayci, 2022; 
Drenovac et al., 2025), location problems (López-Sánchez et al., 2019), scheduling problems (Lu et al., 2022), etc. Numerous 
studies also apply VNS to scheduling problems (Hiermann et al., 2015) and routing problems (Aringhieri et al., 2022) in 
healthcare systems. The key principle of VNS is the use of multiple neighborhoods with varying search intensities, combined 
with a shaking procedure, which facilitates a global search and helps avoid local optima. Since its introduction, various VNS 
variants have been developed, differing in neighborhood structures, search strategies, intensities, and shaking procedures. In 
this study, a General VNS (G-VNS) metaheuristic is adapted to solve the considered blood distribution problem under 
disruption conditions. 

5.1. Initial Solution Generation Heuristic 

To find an initial solution of the problem, we developed the Initial Solution Generation Heuristic (ISGH). The heuristic 
algorithm has the following six steps: 
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Step 1: Create the direct routes from the institute to the disruption, that is, create as many routes as there are disruptions. 
Step 2: Distribute the available blood supply from the institute proportionally according to the intensity of demand of each of 
the disruptions. If the disruption requirements are satisfied, finish the algorithm, otherwise go to step 3. 
Step 3: Expand the created routes by inserting a hospital with the available blood stocks (blood stocks that are above the 
minimum level). In this step, it is necessary to examine by inserting which free hospitals, in which route, at which position in 
the route, the least increase in the time of realization of the route is achieved. Then it is necessary to insert the chosen hospital 
into the appropriate route, to the appropriate place. 
Step 4: Take blood from the inserted hospital to satisfy the remaining demand of the disruption. If the available stock at the 
hospital is sufficient, the full remaining demand is taken. Otherwise, the maximum possible amount is taken without violating 
the safety stock level, partially fulfilling the disruption’s demand. The remaining demand of the disruption is updated 
according to the amount of blood taken. 
Step 5: Check the following two conditions: whether the demand of all disruptions is met and whether there are still available 
stocks in the hospitals. If the demand is satisfied, the algorithm ends, and if the demand is not satisfied and there are still 
available stocks, it is necessary to return to step 3. If no available stocks remain and the demand is still not satisfied, the 
procedure proceeds to step 6, where blood is taken from the safety stock to meet the demand. 
Step 6: Satisfy the remaining demand for each disruption, blood group by blood group. At each iteration, one unit of the blood 
group whose demand has not yet been satisfied is allocated. If multiple nodes in the route can provide blood from their safety 
stocks, the node is selected so that the percentage violation of its safety stock level is minimized. Specifically, for each 
candidate node, the percentage violation that would result from taking one additional unit of blood is calculated, and the unit 
is taken from the node with the smallest violation. This procedure is repeated until the demand for each blood group of the 
considered disruption is satisfied.  

5.2. Blood Redistribution Heuristics - BRH 

Once the initial solution is generated, any modification of nodes within a route requires updating the blood distribution plan. 
The redistribution is performed only for the affected routes, defined as those in which a node has been inserted and/or removed. 
To efficiently manage this process, a Blood Redistribution Heuristic (BRH) is proposed, which recalculates blood allocation 
only for the modified routes. The BRH procedure consists of six steps: 
 
Step 1: Select one route where the modification has occurred and consider the first node in that route. 
Step 2: Take blood from the current node to satisfy the remaining demand of the disruption. If the available stock at the node 
is sufficient, the full remaining demand is taken. Otherwise, the maximum possible amount is taken without violating the 
safety stock level, partially fulfilling the disruption’s demand. The remaining demand of the disruption is updated according 
to the amount of blood taken. 
Step 3: If additional nodes exist in the route, select the next node and return to Step 2. Otherwise, proceed to Step 4. 
Step 4: Check whether the blood demand caused by the disruption has been satisfied. If the demand is satisfied, the 
redistribution procedure is completed. Otherwise, determine the additional amount of blood that can be taken from the safety 
stock. 
Step 5: Satisfy the remaining demand for each disruption, blood group by blood group. At each iteration, one unit of the blood 
group whose demand has not yet been satisfied is allocated. If multiple nodes in the route can provide blood from their safety 
stocks, the node is selected so that the percentage violation of its safety stock level is minimized. Specifically, for each 
candidate node, the percentage violation that would result from taking one additional unit of blood is calculated, and the unit 
is taken from the node with the smallest violation. This procedure is repeated until the demand for each blood group of the 
considered disruption is satisfied or no additional blood supplies are available. 
Step 6: If there are no other routes where a modification has occurred, end the algorithm. Otherwise, return to Step 1. 

5.3. Variable Neighborhood Descent 

The Variable Neighborhood Descent (VND) procedure is based on a deterministic search of all possible solutions within a 
given neighborhood and the acceptance of an improvement. It should be noted that the VND procedure cannot be used to 
obtain the initial solution, but only to improve the existing one. Before applying the VND, the neighborhood structures 
(𝑁𝑁1, … ,𝑁𝑁𝑙𝑙𝑚𝑚𝑚𝑚𝑚𝑚) must be defined, and for each neighborhood, a specific operator is used to generate solutions. In this paper, 
four VND neighborhoods are defined (𝑙𝑙𝑚𝑚𝑚𝑚𝑚𝑚 = 4). The following neighborhoods are considered:  

 

• Remove (𝑁𝑁1) 
• Swap 1 (intra-route) (𝑁𝑁2) 
• Swap 2(inter-route) (𝑁𝑁3) 
• Relocate (𝑁𝑁4) 

 

During the implementation of each neighborhood, changes involving depot nodes (institute) and nodes marked as disruptions 
(hospitals affected by disruptions) are not allowed. In most neighborhoods, each change results in a new blood distribution 
plan, with redistribution restricted to the affected routes and carried out using the BRH heuristic. After the application of a 
neighborhood, blood redistribution is performed on the modified routes in all neighborhoods except Swap 1. 
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The Remove neighborhood removes one node from one route. This neighborhood explores all solutions obtained by removing 
each node from each route. 
 
The Swap 1 neighborhood swaps two nodes within a route. This neighborhood explores all possible two-node exchanges 
within each route.  
The Swap 2 neighborhood swaps two nodes between different routes. This neighborhood explores all solutions obtained by 
swapping all possible pairs of nodes between the two selected routes. In this neighborhood, swaps of the same nodes in the 
two routes are prohibited. 
The Relocate neighborhood relocates one node from a route to another route. In this neighborhood, all solutions obtained by 
relocating each node from one route to another route are explored, considering all possible insertion positions. Nodes already 
present in both routes are excluded. 
 
Algorithm 1 presents the sequential static VND procedure with Basic and Cyclic types. The current solution 𝑆𝑆 is initialized 
as 𝑆𝑆𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 , and the neighborhoods 𝑁𝑁1 →  𝑁𝑁2 → 𝑁𝑁3 → 𝑁𝑁4  are explored in sequence. Several neighborhood sequences were 
tested, and this order was found to produce the best performance. As indicated in line 7 of the pseudo-code, a best-
improvement strategy is applied during the local search. In Basic VND, the search resets to the first neighborhood after an 
improvement (line 12), whereas in Cyclic VND it continues to the next neighborhood (line 15). Both types iterate through the 
neighborhoods until no further improvement is found, returning the best solution 𝑆𝑆𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏. The parameter VND_type specifies 
the variant used. 

Algorithm 1: Steps of Basic and Cyclic VND procedure 

Function: 𝑉𝑉𝑉𝑉𝑉𝑉(𝑆𝑆𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 , 𝑙𝑙𝑚𝑚𝑚𝑚𝑚𝑚 ,𝑉𝑉𝑉𝑉𝑉𝑉_𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡) 
1. 𝑆𝑆 ←  𝑆𝑆𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖  
2. Stop ← False 
3. while not Stop do 
4.  Stop ← True 
5.  𝑙𝑙 ← 1 
6.  while 𝑙𝑙 ≤ 𝑙𝑙𝑚𝑚𝑚𝑚𝑚𝑚 do 
7.   𝑆𝑆𝑛𝑛𝑛𝑛𝑛𝑛 ← arg min

𝑦𝑦∈𝑁𝑁𝑙𝑙(𝑆𝑆)
𝑓𝑓(𝑦𝑦) 

8.   if 𝑓𝑓(𝑆𝑆𝑛𝑛𝑛𝑛𝑛𝑛) < 𝑓𝑓(𝑆𝑆) then 
9.    𝑆𝑆 ← 𝑆𝑆𝑛𝑛𝑛𝑛𝑛𝑛 
10.    Stop ← False 
11.    if (𝑉𝑉𝑉𝑉𝑉𝑉_𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 == 𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵𝐵) then 
12.     𝑙𝑙 = 1     // Basic VND 
13.     Stop ← True 
14.    else 
15.     𝑙𝑙 = 𝑙𝑙 + 1     // Cyclic VND 
16.    end if 
17.   else 
18.    𝑙𝑙 = 𝑙𝑙 + 1      //no improvement    
19.   end if 
20.  end while 
21. end while 
22. 𝑆𝑆𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 ← 𝑆𝑆 
23. return 𝑆𝑆𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 

5.4. Shaking Procedure in the Proposed G-VNS 

The shaking phase is applied after generating the initial solution and improving it using a local VND procedure. Five shaking 
neighborhoods (𝑘𝑘𝑚𝑚𝑚𝑚𝑚𝑚 = 5) are defined as follows: 
 

• Remove (𝑁𝑁1𝑠𝑠) 
• Relocate (𝑁𝑁2𝑠𝑠) 
• Swap (𝑁𝑁3𝑠𝑠) 
• Combined Remove-Relocate-Swap (𝑁𝑁4𝑠𝑠) 
• Insert (𝑁𝑁5𝑠𝑠) 

 
During the implementation of each neighborhood in the shaking phase, changes involving depot nodes (institute) and nodes 
marked as disruptions (hospitals affected by disruptions) are not allowed. After applying a neighborhood, blood redistribution 
is executed on the modified routes using the BRH heuristic. 
 
The Remove neighborhood consists of randomly selecting a route and then randomly removing a node from that route. 
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The Relocate neighborhood consists of randomly selecting two routes and then relocating a node from one route to the other 
at a randomly chosen position. 
The Swap neighborhood consists of randomly selecting two routes and swapping two nodes between them. 
The Remove-Relocate-Swap neighborhood consists of simultaneously applying the three previous neighborhoods. 
Specifically, a node is randomly removed from a route, a node is relocated from one route to another at a randomly chosen 
position, and two nodes are swapped between routes. 
The Insert neighborhood consists of randomly selecting a route and a node that is not currently in the route, and then inserting 
the node at a randomly chosen position within the route. 
 
Shaking the solution within the predefined neighborhoods may result in infeasible solutions. Therefore, at the end of each 
neighborhood in a shaking phase, the feasibility of the solution is checked. If the solution is found to be infeasible, the ISGH 
is reapplied to repair it by including additional hospitals in the routes. In this case, only Steps 3-6 of the heuristic are executed 
instead of the full procedure, thereby restoring feasibility. 

5.5. Structure of Proposed G-VNS Algorithm 

The basic (original) version of the General Variable Neighborhood Search (G-VNS) for minimization of the objective 
function, as proposed by Hansen and Mladenović (2018) is presented in Algorithm 2. Initially, the current best solution 𝑆𝑆𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 
is set to 𝑆𝑆𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 , and the algorithm iteratively improves it while the elapsed time 𝑡𝑡 does not exceed the maximum allowed 
𝑡𝑡𝑚𝑚𝑚𝑚𝑚𝑚. For each neighborhood 𝑘𝑘 = 1, … , 𝑘𝑘𝑚𝑚𝑚𝑚𝑚𝑚 , the current best solution is first perturbed (line 6), and then improved locally 
using VND procedure (line 7). The Neighborhood_change function determines whether the search should move to the next 
neighborhood or reset 𝑘𝑘 based on the improvement of 𝑆𝑆𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙  compared to 𝑆𝑆𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 (line 8). This process repeats until time limit 
is reached (𝑡𝑡𝑚𝑚𝑚𝑚𝑚𝑚), after which the best-found solution 𝑆𝑆𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 is returned. 

 
Algorithm 2: Steps of the basic (original) version of the G-VNS metaheuristic 
Function: 𝐺𝐺 − 𝑉𝑉𝑉𝑉𝑉𝑉(𝑙𝑙𝑚𝑚𝑚𝑚𝑚𝑚 , 𝑘𝑘𝑚𝑚𝑚𝑚𝑚𝑚 , 𝑡𝑡𝑚𝑚𝑚𝑚𝑚𝑚) 
1. 𝑆𝑆𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 ← 𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖_𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠()     //initial solution 
2. 𝑆𝑆𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 ← 𝑆𝑆𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖  
3. while (𝑡𝑡 ≤ 𝑡𝑡𝑚𝑚𝑚𝑚𝑚𝑚) do 
4.  𝑘𝑘 ← 1 
5.  while (𝑘𝑘 ≤ 𝑘𝑘𝑚𝑚𝑚𝑚𝑚𝑚) do 
6.   𝑆𝑆𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 ← 𝑆𝑆ℎ𝑎𝑎𝑎𝑎𝑎𝑎(𝑆𝑆𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 , 𝑘𝑘)  // shaking 
7.   𝑆𝑆𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 ← 𝑉𝑉𝑉𝑉𝑉𝑉(𝑆𝑆𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝, 𝑙𝑙𝑚𝑚𝑚𝑚𝑚𝑚)   //Local search 
8.   𝑘𝑘 ← 𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁ℎ𝑏𝑏𝑏𝑏𝑏𝑏ℎ𝑜𝑜𝑜𝑜𝑜𝑜_𝑐𝑐ℎ𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎(𝑆𝑆𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 , 𝑆𝑆𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙)  //neighborhood change 
9.   end if 
10.  end while 
11. end while 
12. return 𝑆𝑆𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 

 

In this study, the original G-VNS metaheuristic is adapted to the considered blood distribution problem under disruption 
conditions and presented in Algorithm 3. Unlike the described original G-VNS (Algorithm 2), where the initial solution is 
directly used as the starting point, the initial solution is first improved using the VND procedure, resulting in a higher-quality 
starting solution. Subsequently, the G-VNS metaheuristic is applied to further improve the solution obtained by the ISGH and 
improved by VND. The main steps of the adapted G-VNS metaheuristic are as follows: 

 

• generation of an initial solution using the ISGH; 
• initial improvement with deterministic VND; 
• Iterative application of: 

o Shaking the current solution; 
o Performing a VND procedure after shaking. 

 

The initial solution 𝑆𝑆𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖  is generated using the ISGH (see Section 5.1) and improved by the VND procedure (line 2). The 
G-VNS then proceeds through the shaking phase, which sequentially visits the predefined shaking neighborhood structures 
(𝑁𝑁1𝑠𝑠, … ,𝑁𝑁𝑘𝑘𝑚𝑚𝑚𝑚𝑚𝑚

𝑠𝑠 ). 
 

For each neighborhood 𝑁𝑁𝑘𝑘𝑠𝑠 up to pass_number random perturbations are generated. Each perturbed solution, 𝑆𝑆𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝, is 
evaluated for feasibility (line 11). If the solution is infeasible, the ISGH is reapplied to repair it by including additional 
hospitals in the routes. In this case, only Steps 3-6 of the heuristic are executed instead of the full procedure, thereby restoring 
feasibility. Once a feasible solution, 𝑆𝑆𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 , is obtained, a VND procedure (Basic or Cyclic) is applied to further improve 
the solution (line 15). 
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A first-improvement acceptance rule is applied in the shaking phase, whereby the current solution is updated immediately if 
an improved solution is found (line 17). Two acceptance strategies are considered:  
 

• Restart (𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆_𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 = 1): neighborhood index 𝑘𝑘, and shaking intensity 𝑝𝑝 are reset after an improvement  
• No-restart (𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆_𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 = 2): the search continues from the current neighborhood and shaking intensity 

without resetting. 
 

The shaking intensity 𝑝𝑝 controls the intensity of perturbation. Higher values correspond to stronger modifications (e.g., 
removing multiple nodes in 𝑁𝑁1𝑠𝑠). If no improvement is found after the given number of perturbations, the shaking intensity is 
increased. Once the maximum shaking intensity (𝑀𝑀𝑀𝑀𝑀𝑀_𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖) is reached without improvement, 𝑝𝑝 is reset to 1, and the 
procedure continues. The shaking phase repeats until the allowed CPU time (𝑡𝑡𝑚𝑚𝑚𝑚𝑚𝑚) for the overall search expires, after which 
the best-found solution 𝑆𝑆𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 is returned.  

 
Algorithm 3: Steps of the proposed G-VNS metaheuristic 
Function: 𝐺𝐺 − 𝑉𝑉𝑉𝑉𝑉𝑉(𝑙𝑙𝑚𝑚𝑚𝑚𝑚𝑚 , 𝑘𝑘𝑚𝑚𝑚𝑚𝑚𝑚 , 𝑡𝑡𝑚𝑚𝑚𝑚𝑚𝑚 ,𝑉𝑉𝑉𝑉𝑉𝑉_𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡, 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆_𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡,𝑀𝑀𝑀𝑀𝑀𝑀_ 𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖, 𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝_𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛) 
1. 𝑆𝑆𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 ← 𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖_𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠()     //initial solution 
2. 𝑆𝑆𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 ← 𝑉𝑉𝑉𝑉𝑉𝑉(𝑆𝑆𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 , 𝑙𝑙𝑚𝑚𝑚𝑚𝑚𝑚 ,𝑉𝑉𝑉𝑉𝑉𝑉_𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡)     //improving the initial solution 
3. 𝑝𝑝 ← 1         //shaking intensity 
4. while  𝑡𝑡 ≤ 𝑡𝑡𝑚𝑚𝑚𝑚𝑚𝑚 do 
5.  𝑘𝑘 ← 1 
6.  𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖_𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 ←  𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 
7.  while 𝑘𝑘 ≤ 𝑘𝑘𝑚𝑚𝑚𝑚𝑚𝑚  do 
8.   𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟_𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 ←  𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 
9.   for 𝑖𝑖 = 1 to pass_number do 
10.    𝑆𝑆𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 ← shake(𝑆𝑆𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 , 𝑘𝑘, 𝑝𝑝) 
11.    if 𝑖𝑖𝑖𝑖_𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖(𝑆𝑆𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝) then 
12.     𝑆𝑆𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 ← 𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖_𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠(𝑆𝑆𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝) 
13.    else 
14.     𝑆𝑆𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 ← 𝑆𝑆𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 
15.    𝑆𝑆𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 = 𝑉𝑉𝑉𝑉𝑉𝑉(𝑆𝑆𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 , 𝑙𝑙𝑚𝑚𝑚𝑚𝑚𝑚 ,𝑉𝑉𝑉𝑉𝑉𝑉_𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡) 
16.    if 𝑓𝑓(𝑆𝑆𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙) < 𝑓𝑓(𝑆𝑆𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏) then 
17.     𝑆𝑆𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 ← 𝑆𝑆𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙  
18.     𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖_𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 ←  𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 
19.     if (𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆_𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 == 1) then 
20.      𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟_𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 ←  𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 
21.      break    //exit for-loop after improvement 
22.     end if 
23.    end if 
24.   end for 
25.   if 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟_𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓  then         //Restart 
26.    𝑘𝑘 ← 1 
27.    𝑝𝑝 ← 1 
28.    𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖_𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 ←  𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 
29.   else  
30.    𝑘𝑘 ← 𝑘𝑘 + 1    //No-restart 
31.   end if 
32.  end while 
33.  if  𝑝𝑝 == 𝑀𝑀𝑀𝑀𝑀𝑀_𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 then 
34.   𝑝𝑝 ← 1 
35.  else if 𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖_𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 == 𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 then 
36.   𝑝𝑝 ← 𝑝𝑝 + 1 
37.  end if 
38. end while 
39. return 𝑆𝑆𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏 

 
In this paper, we evaluate four G-VNS variants, obtained by combining two VND procedures (Basic or Cyclic) with two 
shaking acceptance strategies (restart and no-restart). The variants are as follows: 
 

• G-VNS_1: Basic VND + restart shaking 
• G-VNS_2: Cyclic VND + no-restart shaking 
• G-VNS_3: Basic VND + no-restart shaking 
• G-VNS_4: Cyclic VND + restart shaking 
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6. Performance Evaluation of the Proposed Approach: The Serbian Healthcare System Case Study  

Two sets of instances were generated to evaluate the proposed approaches. Small-sized instances include 8 groups of 10 
instances each (total of 80), representing a single region of the Serbian healthcare system. Groups differ in the required blood 
demand, the number of hospitals, and the number of disruptions, while instances within each group vary in available blood 
stock and blood required by disruptions. The number of hospitals is 5 or 8, and the number of disruptions is 1 or 2. 
 
Large-sized instances consist of 2 groups of 5 instances each (total of 10), covering several regions. Groups differ only in 
demand, while within each group, variations in available blood stock and blood required by disruptions are defined similarly. 
The number of hospitals is 20, and the number of disruptions is 5. 
 
Demand levels for both small- and large-sized instances are either high (60–80 % of available blood stock) or low (20–30 % 
Q). Geographically, small-sized instances are confined to a 200 km diameter area, reflecting the maximum distance between 
the institute and hospitals, as well as between hospitals themselves. Large-sized instances consider multiple such areas 
simultaneously. A summary of the instance characteristics is provided in Table 1. 
 
Table 1  
Characteristics of small- and large-sized instances 

Instance set Demand levels (Q) Number of Hospitals Number of Disruptions Number of instances 

Small-sized 1. 20–30 % (Q), 
2. 60–80 % (Q) 5 or 8 1 or 2 8 × 10 = 80 

Large-sized 1. 20–30 % (Q), 
2.  60–80 % (Q) 20 5 2 × 5 = 10 

 
In all instances, blood stocks by group are defined in the following ratio 0:A:B:AB=41:15:39:5, based on the blood groups 
represented in Serbia (https://www.medlab.rs/rasprostranjenost-krvnih-grupa-u-svetu-i-srbiji/). For simplification, and 
considering that over 93% of the population has a positive RhD factor, the model distinguishes only four blood groups, 
regardless of RhD type (https://www.medlab.rs/rasprostranjenost-krvnih-grupa-u-svetu-i-srbiji/). In all test instances, the 
service time for a delivery vehicle at each node was set to 10 minutes (𝑡𝑡𝑖𝑖𝑠𝑠𝑠𝑠𝑠𝑠). To solve the instances, we used ILOG CPLEX 
12.1 on a 64-bit ACER computer with an Intel(R) Core(TM) i5 2.50 GHz processor and 8 GB of RAM. 

6.1. Setting the Weighting Coefficients 

Before testing the model, it is necessary to define the values of the weighting coefficients in the objective function. The blood 
delivery time to the disruption location represents the most important segment of the objective function (w1), followed by the 
sum of the largest percentage of violation of safety stocks by blood group s (w2). The third segment represents the number of 
blood units taken from the safety stock (w3), and ranks third in importance. The number of blood units taken from hospitals 
(w4) is assigned a higher weight than the number taken from the institute (w5), thereby encouraging larger collection at the 
institute, which is its primary purpose.  
 
The weighting coefficients should be defined to ensure the desired priority order of the segments in the objective function. 
According to most experts in the field, blood delivery time should be slightly more important than the violation of safety stock 
levels. However, the two criteria should have similar importance, with blood delivery time being slightly prioritized. In this 
way, the model balances rapid blood delivery with the preservation of safety stock levels.  
 
The values of the weighting coefficients depend on the unit used for blood delivery time to the location of the disruption. For 
example, if minutes are used and the coefficient is set to 100 switching to hours would require multiplying the coefficient by 
60 to maintain the same ranking among coefficients. Setting an excessively large value for the delivery time coefficient would 
cause the model to prioritize minimizing delivery time, potentially resulting in greater violations of safety stock levels. 
Therefore, a compromise must be made between minimizing blood delivery time and limiting violations of safety stock. 
 
The objective is to make blood delivery time a more important criterion than safety stock violations, but not excessively so. 
Therefore, the values of the weight coefficients w1 and w2 were tested, and it was obtained that the value for w2 should be up 
to 3 times higher than the value for w1 to make a compromise between the two mentioned segments. A smaller ratio w2/w1 
would give greater priority to blood delivery time, while a larger ratio would favor minimizing violations of safety stock.  
 
This ratio of w2/w1<3 was obtained by examining two extreme situations. In the first scenario, the delivery time is highly 
prioritized relative to other segments. Analysis of all instances showed that the smallest sum of blood delivery time to the 
location of the disruption is 321 min. In this case, the model emphasizes vehicle routing to deliver blood as quickly as possible. 
In the second scenario, the importance of safety stock violations is dominant. Analyzing all 80 cases, it was determined that 
the highest value of the sum of the biggest percentage of the violation of safety stocks by blood group is 102.1 %. The ratio 
of these two extreme values, 321/102.1=3.14, defines the upper limit for w2/w1. Ratios below this limit prioritize vehicle 
routing, whereas ratios above it increase the importance of minimizing safety stock violations.  
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For each generated solution, the relative significance of these two segments should be verified, and the weighting coefficients 
adjusted if the desired priority order is not achieved. For each generated solution, the relative significance of these two 
segments should be verified, and the weighting coefficients adjusted if the desired priority order is not achieved: w1=100, 
w2=285, w3=60, w4=15, w5=1.  

6.2. Results of Testing the Exact Approach 

The results of the exact approach for small-sized instances are summarized in Table 2 as average values for each instance 
group. The table reports the average vehicle travel time to deliver blood to locations of disruption (T), the average objective 
function value (F), the average CPU time, the number of optimal solutions found in each instance group (OPT), and the 
average GAP (AVG_GAP). AVG_GAP corresponds to the MIP gap reported by CPLEX and indicates the relative deviation 
of the best solution from the solver’s bound in cases where the model did not reach optimality within the CPU limit (3600 s). 
 
For most small-sized instance groups, the model consistently found optimal solutions. Exceptions occur in the two groups 
with 8 hospitals and 2 disruptions. For low-demand instances (20–30 % of available blood stock), optimal solutions were 
obtained in 9 out of 10 cases, with a GAP of 8 % for the unsolved instance. For high-demand instances (60–80 % of available 
blood stock), the model reached the CPU limit for the most complex cases, resulting in an average GAP of 21 %. 
 
These results indicate that the exact approach is suitable for instances with up to 8 hospitals and 2 disruptions, whereas larger 
or more complex instances require a heuristic approach. 

 
Table 2  
Results of testing the exact approach on small-sized instances 

Instance groups T [min] F CPU [s] OPT AVG GAP [%] Q |D| |H| 

Q (20-30%) 
1 5 265.5 31,470.4 0.13 10/10 / 

8 370.4 42,885.4 9.84 10/10 / 

2 5 247.1 43,321.6 0.60 10/10 / 
8 367.5 64,991.0 1,094.32 9/10 8 

Q (60-80%) 
1 5 478.4 87,773.1 0.73 10/10 / 

8 695.9 130,010.3 44.95 10/10 / 

2 5 440.3 103,269.8 2.80 10/10 / 
8 525.2 149,637.5 3,600 0/10 21 

 
Table 3 presents a more detailed view of the results of the exact approach for small-sized instances, expressed as averages for 
each instance group and reported in percentages. The table reports the proportion of the required blood collected at the institute 
and at the hospitals, with values in brackets indicating the fraction obtained from safety stocks. The last set of columns shows 
the maximum violation of safety stock for each blood group in the visited facilities along the route. 
 
Table 3  
Results of testing the exact approach showing the blood collection plan in the facilities on small-sized instances 

Instance groups Percentage of collected blood in 
the institute [%] 

Percentage of collected blood in 
hospitals [%] 

Maximum decrease of safety stock in 
facilities [%] 

Q |D| |H| 0 A B AB 0 A B AB 0 A B AB 

Q (20-30%) 

1 
5 74.6 

(4.7) 
88.6 
(0) 

76.3 
(1.6) 

93.7 
(0) 

25.4 
(0.8) 

11.4 
(0) 

23.7 
(1.4) 

6.3 
(0) 6.3 0.0 3.0 0.0 

8 49.3 
(0.3) 

60.7 
(0) 

51.8 
(1.1) 

75.7 
(0) 

50.7 
(0.7) 

39.3 
(0) 

48.2 
(2.7) 

24.3 
(0) 1.0 0.0 2.9 0.0 

2 
5 75.9 

(0.4) 
85.5 
(0) 

82.2 
(0) 

96.3 
(0) 

24.1 
(0.24) 

14.5 
(0) 17.8 (0) 3.7 

(0) 0.9 0.0 0.0 0.0 

8 42.2 
(0.8) 

54.9 
(0.1) 

39.1 
(1.6) 

67.8 
(0) 

57.8 
(2.6) 

45.1 
(0.2) 

60.9 
(3.8) 

32.2 
(0) 3.0 0.4 5.0 0.0 

Q (60-80%) 

1 
5 35.5 

(7.6) 
43.4 
(4.6) 

37.5 
(6.9) 

65.3 
(0) 

64.5 
(22.5) 

56.6 
(14.2) 

62.5 
(14.2) 

34.7 
(0) 30.7 13.4 26.7 0.0 

8 25.5 
(4.8) 

24.6 
(2.3) 

23.8 
(4.9) 

35.7 
(0.3) 

74.5 
(29.4) 

75.4 
(14.9) 

76.2 
(27.8) 

64.3 
(0.4) 34.2 16.8 32.5 1.4 

2 
5 34.1 

(6.0) 
40.1 
(2.2) 

37.3 
(5.4) 

59.4 
(0) 

65.9 
(20.0) 

59.9 
(8.1) 

62.7 
(17.7) 

40.6 
(17.7) 25.0 9.9 21.8 0.0 

8 24.4 
(5.4) 

26.8 
(3.8) 

23.2 
(6.2) 

40.3 
(0.1) 

75.6 
(2.6) 

73.2 
(21.1) 

76.8 
(27.3) 

59.7 
(0.4) 36.0 24.1 38.0 0.9 

 
The results indicate that, for instances with low demand (20–30 % Q), the majority of blood is collected from the institute, 
particularly when the network includes only 5 hospitals. In instances with higher demand (60–80 % Q), the institute alone 
cannot satisfy the demand, and more blood must be collected from hospitals. Across all instances, the model successfully 
limits the violation of safety stock levels, ensuring the continuity of primary operations in the facilities. Specifically, the 
maximum observed reduction of safety stock did not exceed 40 % for blood group 0, 25 % for blood group A, 40 % for blood 
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group B, and 2% for blood group AB. These results demonstrate the effectiveness of the exact approach in managing both the 
allocation of blood among facilities and the preservation of safety stock levels, while highlighting the trade-off between 
collecting blood from the institute versus hospitals depending on demand and network size. 

6.3. Results of Testing the G-VNS Metaheuristic 

Based on testing with the exact approach, it was concluded that for larger problem dimensions (more than two disruptions 
and more than eight hospitals), metaheuristic methods are required. Consequently, four variants of the G-VNS metaheuristic 
were evaluated. Computational experiments were conducted on eight groups of small-sized instances, each consisting of ten 
instances. For each instance, every G-VNS variant was executed five times, and the best solution among the five runs was 
retained. The shown objective value for each group corresponds to the average of the best solutions obtained across the ten 
instances. All variants were tested under three CPU time limits: 60 s, 120 s, and 240 s. In the shaking phase, each neighborhood 
structure was explored for a fixed number of passes (pass_number = 10), with shaking intensity ranging from 1 to 3 
(MAX_intensity = 3). The results are summarized in Table 4. The first column lists the instance groups, the second column 
the imposed CPU time limit, and the third column the average objective function value obtained for the corresponding group 
and time limit. For each group and CPU time, the best objective value among the four variants is highlighted in bold.  
 
Table 4  
Results of different variants of the G-VNS metaheuristic on small-sized instances 

Instance groups CPU [s] The average value of the objective function 
Q |D| |H| G-VNS_1 G-VNS_2 G-VNS_3 G-VNS_4 

Q
 (2

0-
30

%
) 

1 

5 
60 32,411.1 32,411.1 32,411.1 32,411.1 

120 32,411.1 32,411.1 32,411.1 32,411.1 
240 32,411.1 32,411.1 32,411.1 32,411.1 

8 
 

60 43,114.1 43,132.3 43,154.3 43,149.9 
120 43,132.5 43,190.2 43,149.9 43,154.1 
240 43,114.1 43,085.5 43,132.8 43,132.5 

2 

5 
60 43,648.8 43,640.4 43,648.8 43,640.4 

120 43,648.8 43,640.4 43,648.8 43,640.4 
240 43,690.3 43,640.4 43,648.8 43,640.4 

8 
60 67,052.2 67,014.5 66,834.9 66,602.1 

120 66,533.0 66,925.2 67,084.7 67,058.8 
240 66,487.3 66,752.7 66,673.4 66,507.0 

Q
 (6

0-
80

%
) 

1 

5 
60 88,093.9 88,093.9 88,093.9 88,093.9 

120 88,093.9 88,093.9 88,093.9 88,093.9 
240 88,093.9 88,093.9 88,093.9 88,093.9 

8 
60 132,922.5 132,975.3 132,945.2 132,922.5 

120 132,922.5 132,922.5 132,922.5 132,945.5 
240 132,477.9 132,477.9 132,477.9 132,477.9 

2 

5 
60 106,521.7 106,907.9 107,789.2 106,559.0 

120 106,953.2 107,043.0 107,411.5 106,541.9 
240 106,367.7 106,321.7 107,349.1 106,532.9 

8 
60 154,422.4 153,659.5 154,057.9 153,196.4 

120 153,154.4 152,123.4 152,432.9 152,495.1 
240 151,822.9 152,075.1 152,053.3 151,885.7 

 
For a CPU time of 60 s, G-VNS_4 achieved the best performance, obtaining the best average result in 6 out of 8 instance 
groups. At 120 s, variants G-VNS_1, G-VNS_2, and G-VNS_4 exhibited comparable performance, each achieving the best 
result in 5 out of 8 groups. When the CPU time was increased to 240 s, G-VNS_2 achieved the best result in 3 groups, G-
VNS_1 in 2 groups, and G-VNS_4 in 1 group, while in 3 groups identical average objective values were obtained by all 
variants. Based on this testing, it can be concluded that it is best to use the G-VNS_2 variant if the CPU time is limited to 120 
s or more, while in the case of the CPU time is 60 s, it is best to use the metaheuristic variant G-VNS_4. For comparison with 
the exact approach, the metaheuristic results obtained with a CPU time limit of 240 s were used, as this setting produced the 
best solutions. Given that the CPU time is 240 s, it is best to use the G-VNS_2 variant of the metaheuristic algorithm for that 
time limit. 

6.4. Comparison of the Results of the Exact Approach and G-VNS Metaheuristic 

In this section, the results of testing the exact approach and the best variant of the G-VNS metaheuristic (G-VNS_2) are 
compared. Testing was first performed on small-sized instances for which the exact approach could find the optimal solutions 
in an acceptable period, and then testing was performed on large-sized instances. 

6.4.1. Comparison of the Results of the Exact Approach and G-VNS Metaheuristic on the Small-Sized Instances 

The results of the exact approach and the G-VNS metaheuristic are presented in Table 5 as average values for each instance 
group. The table reports the average percentage of blood collected at the institute (Q₀) and at hospitals (Q), with values in 
brackets indicating the fraction obtained from safety stocks. Additionally, it includes the average total delivery time (T), the 
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average objective function values (Fₘ for the exact approach and Fᵥ for G-VNS), the number of optimal solutions found 
(OPT), and the relative gap between the two methods. CPU time was limited to 3,600 s for the exact approach and 240 s for 
the metaheuristic. Overall, the exact approach tends to collect slightly more blood from the institutes compared to the G-VNS 
metaheuristic. Delivery times (T) are generally a few minutes shorter for the exact solutions, and the objective function values 
obtained by the metaheuristic are up to 3 % higher than those from the exact approach. For 7 out of 8 instance groups, G-VNS 
found the optimal solution for at least one instance. Across all groups, the average deviation of the metaheuristic solutions 
from the exact solutions is 1.5 %. These results demonstrate that the G-VNS metaheuristic provides high-quality solutions 
with substantially lower CPU times, making it suitable for larger or more complex instances where the exact approach may 
be computationally intensive. 

 
Table 5  
Comparison of the results of the exact approach and G-VNS metaheuristic on small-sized instances 

Instance groups Exact approach G-VNS_2 metaheuristic GAP 

Q |D| |H| Q0 
[%] 

Q 
[%] 

T 
[min] Fm OPT Q0 

[%] 
Q 

[%] 
T 

[min] Fv OPT 
(Fv-Fm)/ 

Fm 

[100%] 

Q
 (2

0-
30

%
) 1 

5 74.3 
(2.2) 

25.7 
(1.1) 265.5 31,470.4 10/10 70.9 

(0.9) 
29.1 
(1.1) 290.4 32,411.1 6/10 3.0 

8 51.0 
(0.7) 

49.0 
(1.5) 370.4 42,885.4 10/10 48.3 

(0.6) 
51.7 
(1.5) 371.0 43,085.5 5/10 0.5 

2 
5 77.0 

(0.2) 
23.0 
(0.1) 247.1 43,321.6 10/10 75.6 

(0.2) 
24.4 
(0.0) 252.5 43,640.4 8/10 0.7 

8 43.3 
(1.1) 

56.7 
(2.9) 367.5 64,991.0 9/10 41.9 

(1.3) 
58.1 
(3.2) 371.7 66,752.7 1/10 2.7 

Q
 (6

0-
80

%
) 1 

5 38.3 
(6.5) 

61.7 
(19.0) 478.4 87,773.1 10/10 38.2 

(6.7) 
61.8 

(19.4) 463.7 88,093.9 8/10 0.4 

8 25.1 
(4.3) 

74.9 
(25.4) 695.9 130,010.3 10/10 25.0 

(4.2) 
75.0 

(24.9) 708.1 132,477.9 4/10 1.9 

2 
5 37.3 

(5.0) 
62.7 

(16.7) 440.3 103,269.8 10/10 37.5 
(6.3) 

62.5 
(17.9) 432.0 106,321.7 4/10 3.0 

8 24.9 
(5.3) 

75.1 
(25.5) 525.2 149,637.5 0/10 24.9 

(5.7) 
75.1 

(25.7) 531.3 152,075.1 0/10 1.6 

6.4.2. Performance Stability Analysis of the G-VNS Metaheuristic on the Small-Sized Instances 

The stability of the proposed G-VNS algorithm was evaluated on eight groups of instances comprising 80 instances in total. 
Due to the large number of instances, the results are presented only for one representative group. This group includes five 
hospitals and two disruption events, with blood demand ranging between 20 % and 30 % of the available stock (20–30 % Q). 
This group was selected for two main reasons. First, the G-VNS algorithm did not reach the optimal solution for all instances 
in this group. Specifically, for 8 out of 10 instances, the G-VNS metaheuristic was able to obtain the optimal solution 
previously identified by the exact approach. Second, the presence of two disruption events (i.e., two routes) ensures that all 
defined neighborhood structures are activated during the search process, enabling a comprehensive assessment of the 
algorithm’s behavior. 
 
Table 6  
Performance stability analysis of the G-VNS metaheuristic 

Instance Exact approach G-VNS_2 metaheuristic GAP 
Fm Fv, min (Fv, min - Fm)/ Fm 

[100%] 
Fv, avg (Fv, avg - Fm)/ Fm 

[100%] 
1 27,580 27,580 0.0 27,580 0.0 
2 47,660 47,660 0.0 47,660 0.0 
3 39,433 39,433 0.0 39,433 0.0 
4 47,545 50,145 5.7 50,145 5.7 
5 45,059 45,059 0.0 45,059 0.0 
6 33,923 33,923 0.0 33,923 0.0 
7 40,941 40,941 0.0 40,941 0.0 
8 31,293 31,293 0.0 31,293 0.0 
9 65,421 66,009 0.9 66,009 0.9 
10 54,360 54,360 0.0 54,360 0.0 
Average 43,321.6 43,640.4 0.7 43,640.4 0.7 

 
Table 6 demonstrates the stability of the proposed G-VNS algorithm through a comparison between the solutions obtained by 
the G-VNS metaheuristic and the corresponding optimal solutions. The comparison is based on the best and average objective 
function values obtained over five independent runs of the algorithm. The experimental results show that for the eight instances 
in which the optimal solution was reached, the G-VNS metaheuristic consistently obtained the optimal solution in all five 
runs. For the remaining two instances, where the optimal solution was not found, the G-VNS converged to the same solution 
in each run. For instance 4, the solution obtained by G-VNS was 5.7 % worse than the optimal solution, while for instance 9 
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the deviation from the optimal solution was 0.9 %. These results indicate a high level of stability of the proposed G-VNS 
algorithm, as identical solutions were obtained across all runs for each instance. Furthermore, the small deviations from the 
optimal solution for the remaining instances suggest good convergence behavior and high solution quality. 

6.4.3. Comparison of the Results of the Exact Approach and G-VNS Metaheuristic on the Large-Sized Instances 

For the comparison of the exact approach and the G-VNS metaheuristic on large-sized instances, two groups of instances 
were generated, each consisting of five instances (ten instances in total), as described at the beginning of this section. The G-
VNS metaheuristic was executed five times for each instance, and the best solution among these runs was selected. Table 7 
reports the results as average values per instance group. The table includes the percentage of blood collected at the institute 
(Q₀) and at hospitals (Q), with values in brackets indicating the fraction obtained from safety stocks. Additionally, the average 
objective function value (F), the average total delivery time (T), and the relative GAP between the exact approach and the 
metaheuristic are reported. CPU time was limited to 3,600 s for the exact approach and 600 s for the metaheuristic. 
 
Table 7  
Comparison of the results of the exact approach and G-VNS metaheuristic on large-sized instances. 

Instance 
groups Exact approach G-VNS_2 metaheuristic GAP 

Q |D| |H| Q0 
[%] 

Q 
[%] 

T 
[min] Fe 

GAP 
[%] 

Q0 
[%] 

Q 
[%] 

T 
[min] Fv 

(Fv-Fe)/ 
Fe [100⸱%] 

Q
 (2

0-
30

%
) 

5 20 17.2  
(0.2) 

82.8  
(2.2) 773.0 282,762.5 87.7 18.0 

(1.2) 
82.0 
(7.9) 394.6 180,663.2 -36.1 

Q
 (6

0-
80

%
) 

5 20 11.1  
(2.6) 

88.9  
(38.3) 752.4 463,893.8 63.1 11.5 

(3.1) 
88.5 

(40.8) 505.6 360,871.8 -22.2 

 
 
For both groups, the G-VNS metaheuristic produced solutions with slightly higher violations of safety stocks compared to the 
exact approach. This increase is justified by a substantially shorter delivery time to the hospitals affected by disruption, with 
reductions ranging from 246.8 to 378.4 minutes. For the exact approach, the GAP values correspond to the MIP gap reported 
by CPLEX, indicating the relative deviation of the best integer solution from the solver’s bound in cases where the model did 
not reach optimality within the CPU limit. Specifically, the exact approach was unable to reach optimal solutions within the 
CPU limit, resulting in GAP values of 34.1 % and 87.7 % for the two groups. In contrast, the metaheuristic generated high-
quality solutions with objective function values 22.2 % to 36.1 % lower than those obtained by the exact approach under the 
CPU restriction. These results indicate that the proposed G-VNS metaheuristic is highly effective for large-sized instances, 
achieving a favorable trade-off between delivery time and safety stock preservation, while substantially reducing 
computational time. 
 

 
(a) (b) 

Fig. 2. Vehicle routes: a) Solution obtained by CPLEX b) Solution obtained by G-VNS metaheuristic 
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Fig. 2 shows examples of routes obtained by CPLEX (Fig. 2a) and the G-VNS metaheuristic algorithm (Fig. 2b) in one tested 
instance of large problem dimensions. In the instance referred to in Figures 2a and 2b, the number of hospitals in the network 
is 20, and the number of disruptions is 5. Disruptions require 60 % to 80 % of the available blood units in the system. In 
addition to the results shown in Table 7, from Fig. 2, it can also be seen visually that the solution generated by the metaheuristic 
algorithm is much better in terms of routing. In this case, for the tested instance, the exact approach could not find an optimal 
solution for the CPU time limited to 3,600 s. 
 

 
 
Fig. 3. Convergence of the G-VNS metaheuristic for the considered large-sized instance over CPU time for 5 runs 
 

Fig. 3 shows the convergence of the G-VNS metaheuristic for the same large-sized instance over a CPU time of 600 s across 
five runs. The graph shows the objective function's progressive improvement during the search, demonstrating the 
metaheuristic's effectiveness in improving solution quality over time. The best, worst, and average objective function values 
across the runs are 337,775.9, 343,931.4, and 340,783.9, respectively, indicating a variation of approximately 1.8 % between 
the best and worst solutions and an average deviation of 0.9 % from the best solution. 

7. Conclusion 

In recent years, examples of various disruptions such as terrorist attacks, earthquakes, industrial accidents, or pandemics have 
become more frequent. The consequence of the mentioned situations is an increase in the demand for blood units in hospitals 
located near the disruption. This motivated the development of a model that enables rapid response to such demand while 
minimizing the impact on the unaffected part of the system. The main advantage of the proposed approach is its ability to 
redistribute existing blood stocks efficiently, ensuring minimal disruption to the overall system. Unlike models in the literature 
that rely on voluntary donors, which introduces uncertainty and longer delivery times, the proposed model provides a faster 
response to the disruption. 
 
The mixed-integer linear programming (MILP) formulation guarantees balanced violation of safety stock levels across 
facilities, preventing situations in which unaffected hospitals would be left without the necessary supplies. The proposed 
model was tested on realistic instances based on the healthcare system of the Republic of Serbia, demonstrating its practical 
applicability. For small-sized instances, the exact approach is able to find optimal solutions within the 3,600 s CPU limit in 
the majority of cases, although some instances remain unsolved within this time. For large-sized instances, the exact approach 
cannot reach optimality within the time limit, and therefore, the adapted G-VNS metaheuristic is applied. The metaheuristic 
generates high-quality solutions in a shorter time (600 s), achieving on average a 29.1 % improvement over the limited-time 
exact approach, while maintaining balanced blood redistribution. For small-sized instances, the solutions obtained by G-VNS 
are optimal or very close to optimal, with an average gap of 1.5 % from the exact solutions. 
 
This study highlights three key theoretical contributions. First, a MILP formulation is developed to enable the redistribution 
of existing blood stocks under disruption conditions. Second, constraints are introduced to ensure a balanced violation of 
safety stock levels across all facilities. Third, the VND and G-VNS metaheuristics are adapted for the efficient solution of 
large-dimensional instances of the considered problem. 
 
A limitation of the current approach is the requirement for accurate real-time information on blood stocks in hospitals. Another 
limitation is the assumption that disruption demands are known in advance. In addition, the model can only provide solutions 
when existing stocks are sufficient to meet disruption demands, and cannot handle situations where demand exceeds available 
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supply. Finally, obtaining exact solutions for large instances is computationally challenging and impractical, as rapid response 
to disruptions is crucial. 
 
Future research could extend the model to include temporary blood collection facilities. This would allow the system to meet 
demand when existing stocks are insufficient and to restore depleted supplies rapidly after a disruption. In addition, the 
proposed approach could be enhanced using advanced metaheuristic strategies, such as Adaptive Neighborhood Search (ANS) 
or improved variants of VNS. 
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