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Abstract:

Objective: e objective of this study was to develop a methodology for the delivery and pickup route scheduling of medical 
surgical supplies under stochastic conditions. e developed technique was applied to a business operation case study in which 
it was necessary to perform deliveries within specic time windows under variable transportation and service time conditions. 
Materials and methods: e developed method comprises a deterministic solution and a stochastic solution, both of which are 
based on the tabu search metaheuristic. e stochastic approach was developed through a simheuristic in which Monte Carlo 
simulations are embedded in the procedure of the proposed metaheuristic. Travel time variation coefficients were applied to 
compare not only the two approaches with each other but also the best of them with the current procedure employed by the 
company under study. Results and discussion: e indicators evaluated for all the variation coefficients show that the simheuristic 
outperformed both the deterministic approach and the procedure used by the company. Conclusion: e implementation of the 
simheuristic in the routing problem is a feasible alternative that satises the stochastic conditions.
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Resumen:

Objetivo: desarrollar una metodología para la programación de rutas de entrega y recogida de suministros médicos quirúrgicos 
bajo condiciones estocásticas. La técnica se aplicó a un estudio de caso de operación empresarial en el cual era necesario cumplir 
con ventanas de tiempo de entrega especícas bajo condiciones variables de transporte y tiempo de servicio. Materiales y métodos: 
el método comprende una solución determinista y una solución estocástica, ambas basadas en la metaheurística de Búsqueda 
Tabú. El enfoque estocástico se desarrolló a través de una simheurística en la que se incorporan simulaciones de Monte 
Carlo en el procedimiento de la metaheurística propuesta. Se aplicaron coecientes de variación del tiempo de viaje para 
comparar no solo los dos enfoques, sino también el mejor de ellos con el procedimiento actual empleado por la empresa 
en estudio. Resultados y discusión: los indicadores evaluados para todos los coecientes de variación muestran que la 
simheurística tiene un rendimiento superior tanto a la aproximación determinista como al procedimiento de la empresa. 
Conclusión: la implementación de la simheurística en el problema de enrutamiento es una alternativa viable que se ajusta a las 
condiciones estocásticas 
Palabras clave: VRPTW, VRPPD, tiempo de servicio, tiempo de viaje, simheurística.

Introduction

Supply Chain Management in the Health Sector

According to the literature [1], the supply chain (SC) integrates suppliers, producers, distributors, 
and consumers to optimize value creation. Since 2000, the value chain concept has strengthened supply 
chain management (SCM), thus enhancing control over SC processes [2]. Furthermore, vehicle routing is 
critical in SCM, as it identies hidden costs related to transportation, delays, and storage [3]. In this 
context, SCM also balances supply and demand through constraints on capacity, performance, and 
stakeholder requirements [4].

In health care, SCM ensures continuous resource availability for effective service delivery. Optimized 
SCM reduces costs, treatment delays, and inefficiencies, thereby improving patient care quality [5]. 
erefore, the present research focuses on designing medical supply pickup-and-delivery routes under travel 
and service time uncertainty. Hence, the proposed stochastic approach helps assess variability, thus leading 
to more reliable and risk-aware logistics decisions.

e health care SC must enhance efficiency and sustainability, with cost optimization through logistics 
improvements. However, health logistics research in Colombia is scarce [6]. Notably, 30% of health care 
costs in Colombia stem from logistics, with 20–25% linked to surgical product procurement [7].

Effective SCM in health care relies on consistent supply availability [8]. e enhancement of SC 
resilience requires supplier reliability and timely deliveries. Efficient logistics solutions ensure faster, full 
deliveries, thereby strengthening health care service continuity [9].

VRP Solution Methods: State-Of-e-Art Methods

e vehicle routing problem (VRP) is a fundamental optimization problem in supply chain management 
aimed at determining efficient routes for vehicles serving multiple customers [1,2]. Traditional VRP models 
assume deterministic parameters, such as costs, demand, and travel times. However, real-world logistics
oen involves uncertainties, thus necessitating stochastic approaches to better capture dynamic operational
conditions [10,11]. Two key VRP variants relevant to this study are as follows:

- VRP with time windows (VRPTW): Customers must be served within predened time intervals, which
is a common constraint in sectors such as perishable goods, medical logistics, and urban distribution [11].
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- VRP with pickup and delivery (VRPPD): In this variant, which is frequently encountered in e-commerce, 
ride-sharing, and medical supply chains, goods are picked up from specic locations and delivered to 
designated destinations [12].

Recent studies have explored hybrid models that integrate both time windows and pickup-and-delivery 
constraints while also incorporating stochastic parameters to model demand variability, travel times, and 
service durations [13]. VRP solution methods can be categorized into three main types of approaches [14]:

- Exact methods: Techniques such as branch-and-bound and integer programming provide optimal 
solutions but are computationally expensive, which makes them impractical for large-scale problems [15].

- Heuristics: ese rule-based algorithms quickly generate feasible solutions but without guarantees of 
optimality. Common heuristics include the savings algorithm and nearest neighbor approach [16].

- Metaheuristics: Advanced techniques such as genetic algorithms (GAs), tabu search (TS), and variable 
neighborhood search (VNS) balance solution quality and computational efficiency [17,18].

While exact methods perform well for small-scale problems, heuristics and metaheuristics are widely 
used in real-world applications, where problem complexity and uncertainty make deterministic approaches 
impractical [19].

Moreover, when parameters such as travel time, service time, and demand exhibit uncertainty, stochastic 
optimization techniques become necessary. e two main stochastic approaches identied in the literature 
are as follows:

- Chance-constrained programming (CCP): is technique ensures that constraints (e.g., time windows) 
are met with a predened probability threshold (e.g., 95%) [20].

- Simheuristics: is approach combines metaheuristics with simulation techniques (e.g., Monte Carlo) 
to guide the optimization process while accounting for uncertainty [4,15].

Simheuristics have gained signicant attention because of their ability to integrate probabilistic evaluation 
into high-quality optimization algorithms, which makes them well suited for complex stochastic VRP 
problems [21].

Although prior research has explored VRPTW, VRPPD, and stochastic routing individually, an integrated 
approach that addresses all three components within a unied model remains largely unexplored.

Table 1 summarizes key contributions in the eld and categorizes studies on the basis of their treatment 
of time windows (TWs), service times (STs), travel times (TTs), and pickup-and-delivery (PD) constraints, 
along with their solution methods (deterministic or stochastic).

A key nding from Table 1 is that while multiple studies have addressed individual stochastic components, 
few have developed a holistic framework that combines time windows, stochastic travel and service times, and 
pickup-and-delivery logistics. is research aims to ll this gap by developing a comprehensive optimization 
model that is applied to a Colombian medical supply company, where stochastic pickup-and-delivery routes 
must operate under strict time windows and uncertain travel and service times [6,10].
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TABLE 1.
Literature on VRP variants related to the case study: Time windows (TWs),

service time (ST), travel time (TT) and distribution with pickup and delivery (PD)

**   Corresponds to the proposed solution approach
Source: Authors’ own creation.

Materials and Methods

First, a deterministic solution strategy is proposed, wherein travel time uncertainty is not considered. en,
a simheuristic solution is introduced, with due consideration of the stochastic behavior of the parameters in
question. Finally, the two methods are compared to select the best method as the proposed strategy for the
company. Considering the information technology requirements of the company, the programming language
Visual Basic for Applications (VBA) was used to develop the proposed models.

Characterization and Parameterization of the Case Study

e company in which the case study was conducted provides medical supplies in the Colombian health care
market by importing, commercializing, and distributing surgery products and equipment. e distribution
process includes the delivery and recovery of these items to be returned to their logistics center in Bogotá.

e surgical supplies are transported by three company-owned vehicles that operate in three 8-hour shis.
Each vehicle follows a scheduled route to deliver or pick up items at medical institutions. e company must
ensure compliance with hospital time windows, which may change due to surgery schedules. As part of its
value promise, it guarantees delivery at least three hours before surgery.

Since the company supplies other cities, some routes include transportation centers, such as bus terminals
and airports, where instruments are sent or picked up. e company’s routing scheme is detailed in Figure 1.
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FIGURE 1.
Distribution route diagram

Source: Authors’ own creation.

e main problem to be addressed by the present research is that, oentimes, the company vehicles do
not fulll the time windows set by the health institutions. is implies wasted trips and the impossibility
of timely recovery of equipment for its later reutilization and distribution. is situation occurs because the
routes are currently designed empirically and without due consideration of travel or service time variability.

A likely solution to this situation is the automation of the route design system, with consideration of travel
and service time uncertainty. is is a value-adding strategy for the company since it is likely to facilitate a
more efficient and realistic design process that maximizes the fulllment of the surgery time windows and,
hence, the value promise of the company. On these grounds, the purpose of this research is to minimize the
OF by considering the total distribution cost and a penalty for time window nonfulllment.

Deterministic Solution Programming

e deterministic solution is based mainly on the sequential hybridization of two tabu-search-based
metaheuristics. According to a literature review in [11], metaheuristics is the most common VRP-solving
method. Specically, tabu search has been consistently found to be a feasible solution for routing problems
with time windows and pickup-and-delivery requirements [30].

Figure 2 shows the proposed solution method, which initially operates through the nearest neighbor
heuristic (NN). is algorithm enables the development of an initial solution (initSol), which, in turn,
constitutes the input of two subsequent tabu search metaheuristics. As shown in Figure 2, the logical order
of the algorithm seeks to improve the objective function through the continuous activation of the heuristic
and the metaheuristics. e second metaheuristic (TS2) specically comprises a 100-iteration cycle (z=100)
that continuously improves the best solution (bestSol) until the termination criterion is reached.
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FIGURE 2.
Deterministic solution programming

Source: Authors’ own creation.

e proposed solution scheme comprises two phases in which tabu search Algorithms 1 (TS1—Figure 
3) and 2 (TS2—Figure 4) are executed sequentially. Aer being fed the solution that results from the NN 
heuristic (initSol), TS1 operates by applying the following exchange criterion: it initially selects that the node 
that, not having been previously chosen, is also the closest node to the agreed-upon arrival time (three hours 
before the surgery). Once the node has been chosen, its assignment to the rst position of the route of any of 
the available vehicles is evaluated by recalculating the corresponding arrival times and OF. If the change leads 
to a lower OF value, it is accepted, thus dening the best possible route (bestSol). If not, the change is 
rejected. In either case, if no more than x changes have been tried (x=100), a new node is searched for to 
restart the cycle. In TS1, the tabu list consists of node reassignments to trucks that have already been 
evaluated. However, the aspiration criterion allows acceptance of a tabu reassignment if the move leads to 
an improvement in the objective function. Additionally, as an intensication strategy, in each iteration, the 
algorithm evaluates the insertion of the selected node into the rst position of all routes and selects the 
alternative that results in the greatest improvement in the objective function.
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FIGURE 3.
Tabu Search Algorithm 1 (TS1

Source: Authors’ own creation.

TS2 was developed in search of greater savings in the OF. Its input is the best solution generated by TS1. 
To diversify the exploration in the search space, the exchange criterion of this procedure consists of swapping 
two random nodes, which do not necessarily have to be on the same route. On the basis of the new route thus 
created, the arrival times and vehicle loads are updated.

TS2 makes changes without considering vehicle capacity or route duration. Once a route is created, the 
violation of these constraints is penalized in the calculation of the OF. Similar procedures were applied by 
[31], [32], [33] and [34], all of which used tabu search, allowed constraint violations, and then penalized 
the OF.

A penalty is then added to the OF, and if this results in a lower OF value than the existing value, the 
modication is saved by assigning it as the current best route (bestSol), which allows all nodes to be 
swapped again. is metaheuristic uses an nxn tabu matrix,where n is the number of nodes at which orders 
must be picked up or delivered. e matrix ensures that any possible change between nodes is evaluated 
only once. Hence, once a change is made, it is blocked and is no longer an option for future changes. 
Consequently, if the evaluated change does not attain a lower OF, it is rejected, and the nodes involved 
cannot be exchanged again. is algorithm does not implement an aspiration criterion, but the tabu list 
is reset every time the global objective function improves as an intensi cation measure. TS2 nishes 
once all the swaps between nodes (value y) have been evaluated.
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FIGURE 4.
Tabu Search Algorithm 2 (TS2)

Source: Authors’ own creation.

Stochastic Solution Programming

In this particular case, the simheuristic ( Figure 5 ) starts by calculating the objective function of the route 
generated by the NN strategy and then evaluates it on w previously generated replicas (the value of w was 
set at 100 through a validation process), which are generated from an equal number of random iterations of 
the stochastic parameters (travel time and service time).
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FIGURE 5.
Stochastic solution programming

Source: Authors’ own creation.

Aer all the replicas have been evaluated, the corresponding average objective function (OF_aver) is 
calculated and stored. A new solution is subsequently generated by applying the exchange criterion of TS1 
(Figure 3) to x changes. As in deterministic programming, x represents the total number of changes made 
by TS1, which is equal to 100. Every time a change is made by TS1, the solution is evaluated on the w 
replicas, OF_aver is calculated and saved, and the best solution (bestSol) is updated. A new solution is 
subsequently generated by applying the exchange criterion of TS2 (Figure 4). For all y exchanges of TS2 
(y=100), the solution is evaluated on the w replicas, OF_aver is calculated and saved, and bestSol is 
updated. Finally, the generation of solutions by TS2 in the simheuristic is executed z times (z=100) to see if 
it is possible to improve the solution with a better OF_aver value.

Stochastic Service Times

Stochastic service time values were generated via the bootstrap method. is is a particular type of 
nonparametric Monte Carlo simulation that, to estimate the actual distribution of a population, introduces 
resampling processes to generate random values from the distribution of an empirical sample [35]. In the 
current case, node service times were generated by randomly choosing values from the historical data provided 
by the company. is procedure became necessary because it was not possible to t the available service-time 
historical information of each node to any probability distribution.
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Stochastic Travel Times

To account for the effect of travel speed variability on the current analysis, the traffic speed was assumed
to have a normal probability distribution, in accordance with previous works such as [36], [37] and [38].
is is due to the computational advantage offered by normal distributions in terms of mean and variance
determination. In this framework, the travel times were calculated on the basis of the distances between nodes
and the estimated traffic speed. e latter was determined from the daily historical records of the city of
Bogota.

To establish the value of the variance to be used as a proxy for traffic speed heterogeneity in the present
work, four different scenarios were established. [39] discusses three different coefficients of variation for
traffic speed, namely, 10%, 17% and 25% of the mean value, which correspond to three different scenarios.
In a similar work, [40] implemented variation coefficients of 10%, 20% and 30%. On the basis of the above,
the current research assumed a normal traffic speed distribution to inuence travel times in four different
speed variability scenarios that featured the following variances: 0% deviation (null), 10% deviation (low),
20% deviation (medium) and 30% deviation (high).

Results

Validation of the Route Programming Method

To adequately validate the route scheduling method, two comparisons were made. e rst contrasted the
deterministic approach with the simheuristic, and the second compared the proposed method to the method
used by the company. In the second case, the proposed method corresponded to the best result of the
rst comparison. In both cases, a simulation was conducted to evaluate the routes through the following
indicators:

- Objective function (OF): is function seeks to minimize travel costs between nodes and includes a
penalty for not meeting time window requirements.

- Total traveling cost (CT): is variable corresponds to the total travel cost for visiting all the nodes that
need to be visited.

- Percentage of deliveries within the time window (%CX): is variable relates the number of satisfactory
deliveries (i.e., those that took place at least three hours before the scheduled surgery) to the total number
of deliveries.

ese indicators were evaluated in different numbers of instances, depending on the case. In the
comparison between the scheduling approaches, 30 instances were assessed. Fieen of them comprised only
10 nodes each, whereas the other 15 instances covered 15 nodes each. For the comparison between the
proposed method and the method used by the company, ve instances were used. is relatively small number
was because there was no more historical information available from the organization under study. e four
different traffic speed variance scenarios were assessed for each of the studied instances. e results of these
comparisons are presented below.

Comparison between the Deterministic Approach and the Simheuristic

e comparison analyzed in this section enabled us to evaluate the pertinence of the simheuristic approach
to address the effect of the uncertainty in the service times combined with the effects of the different levels
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of coefficient variation for the traffic speed. Table 2 details the percentages of improvement for the instances,
which are classied into two groups, namely, 10-node and 15-node instances, with different variation
coefficients (0%, 10%, 20%, and 30%). Furthermore, Table 3 consolidates these results by summarizing the
proportion of instances where the simheuristic performed better and presenting the average improvements
in the OF, CT, and %CX, as well as the computational time required for the simheuristic approach.

TABLE 2.
Results obtained for each of the generated instances

Source: Authors’ own creation.
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TABLE 3 .
Summary of the obtained results

Source: Authors’ own creation.

Overall, as the variation coefficient increased, the simheuristic approach consistently outperformed the
deterministic method, especially in larger instances where uncertainty had a greater impact on delivery
schedules. For 10-node instances, the percentage of cases with better objective function (OF) values increased
from 80.0% at 0% variation to 93.3% at 30%, whereas for 15-node instances, it reached 100% at the
highest variation level, which showed that under high uncertainty, the deterministic method was no longer
competitive. e improvement in OF was driven largely by penalties for failing to satisfy the time windows,
as longer delays signicantly disrupt surgery schedules at clinics. Even though most deliveries occurred on
time, the magnitude of lateness beyond the surgery schedule strongly affected the OF, which reinforces the
need for precise delivery planning.

e total traveling cost (CT) improvements were minimal in the 10-node instances but increased
signicantly in the 15-node instances, from 5.4% at 0% variation to 7.6% at 30% variation. is indicates that
as problem complexity increases, the simheuristic becomes more effective in managing travel efficiency under
uncertainty. e percentage of timely deliveries (%CX) remained stable across all variations, thus ensuring
that the optimized routes did not compromise the delivery feasibility. However, penalties for exceeding
surgery times signicantly impacted the OF, which highlights the importance of not only achieving timely
deliveries but also minimizing delays.

e computation time increased with the instance size and variation coefficient and ranged from 36–63
seconds for the 10-node instances and from 195–224 seconds for the 15-node instances. In conclusion, as
uncertainty increased, the simheuristic approach became even more advantageous, particularly in the 15-
node instances, where deterministic methods struggled with variability. Its scalability and robustness make it a
highly effective tool for optimizing delivery routes under uncertain conditions, especially in medical logistics,
where delays directly affect hospital operations and patient care.

Comparison between the Proposed Method and the Method used by the Company

To evaluate the feasibility of the selected solution approach (simheuristic), it was compared with the current
procedure of the company. For this purpose, an evaluation was carried out on ve real instances for which
the routes established by the company were known to compare them to the routes obtained by means of
the simheuristic. As shown in Table 4, the proposed simheuristic approach outperformed the company´s
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method in terms of the distribution routes generated for the tested instances. Furthermore, in terms of the
objective function (OF), the simheuristic outperformed the company’s procedure in at least 40% of the
cases and reached its highest success rate (80%) at 20% variation. e improvement in OF remained stable
at approximately 33%, which indicates consistent optimization of the objective function across different
uncertainty levels.

TABLE 4.
Comparison between the proposed method (simheuristic) and the company’s procedure

Source: Authors’ own creation.

In terms of CT (traveling cost), the simheuristic achieved its highest performance at 0% and 20% variation
(80%), whereas at 10% and 30% variation, the success rate decreased to 60%. e improvement in CT varied,
with the highest gain of 21% at 30% uncertainty, which suggests that the method is particularly effective in
reducing costs under higher uncertainty.

With respect to %CX (customer satisfaction), the proposed method consistently outperformed the
company’s procedure, with a 100% success rate at 30% uncertainty. e improvement percentage in %CX
gradually increased from 7.3% (0% and 10%) to 8.0% (30%), which highlights the ability of simheuristics to
enhance service quality as uncertainty increases.

Overall, the results demonstrate that the simheuristic method provides signicant improvements over
the company's current approach, particularly in optimizing OF and CT under uncertain conditions. e
consistent gains in %CX further indicate that it is a reliable method for maintaining high customer
satisfaction levels.

Conclusions

In this research, the VRP was employed to develop a route scheduling method for the distribution of surgical
supplies by a company located in the city of Bogota. Time windows and travel and service times with
stochastic behavior were considered in the route planning process. Validation was carried out by comparing
the deterministic approach to the stochastic approach and the company’s procedure.

In most cases, the developed simheuristic attained better results than did the deterministic approach for
all the traffic speed variation coefficients. Moreover, as the variability increased, the simheuristic method
outperformed the deterministic method.

Additionally, the routes generated via the simheuristic were compared with the historical distribution
routes of the company. e simheuristic performed better in terms of both OF and %CX: average
improvements of 7.5% and 33% were attained in the percentage of timely deliveries (i.e., those fullling the
company’s value promise) and total cost, respectively.

Considering the current methodology and results, possible future research directions include the use
of other search operators for the tabu search approach and other metaheuristics. Furthermore, other ways
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to obtain stochastic travel times could also be considered with the purpose of obtaining a more realistic
representation of the related uncertainty. We also propose gathering more information on service times in a
stable scenario aer the SARS-CoV-2 health contingency, which had to be addressed in the current research.
Similarly, overcoming important limitations of this work, such as the small number of instances that were
available for evaluating the difference between the simheuristic and the procedure of the company, would
be useful.
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