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Abstract—This paper proposes a solution for the Van-Drone
Routing Problem with Multiple Delivery Points and Capacity
Constraints (VDRPMDPC) using the Branch-and-Bound
algorithm. The aim is to find an optimal delivery plan that
combines van and drone operations while minimizing the total
delivery time. The problem considers constraints such as drone
delivery capacity and maximum flight distance. A greedy van-
only approach is used as the initial upper bound to improve the
efficiency of pruning in the Branch-and-Bound process. The
algorithm is tested on real-world inspired distance matrices with
configurable parameters, including van speed, drone speed, and
service time. The results show that the proposed method can find
optimal delivery plans while exploring significantly fewer nodes
compared to exhaustive search methods. These findings
demonstrate the potential of Branch-and-Bound for solving
VDRPMDPC in small to medium-scale delivery scenarios.

Keywords—Branch-and-Bound; van-drone
VDRPMDPC; optimization; delivery planning.
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I. INTRODUCTION

The increasing demand for rapid and reliable delivery
services, driven by the rise of e-commerce and modern retail,
has placed significant pressure on last-mile delivery operations.
Traditional delivery methods that rely solely on vans or trucks
are often unable to meet these demands efficiently due to
various challenges. Traffic congestion, limited delivery time
windows, high fuel consumption, and operational costs are
some of the key issues faced in urban and suburban delivery
networks. To address these limitations, hybrid delivery systems
that combine ground vehicles, such as vans, with unmanned
aerial vehicles (drones) have been proposed and studied. In
such systems, the van serves as a mobile depot that carries
drones to strategic locations. From these locations, drones are
launched to deliver packages directly to customers, bypassing
obstacles on the road network and reducing delivery time.

The adoption of hybrid van-drone delivery systems presents
both opportunities and challenges. On the one hand, this
collaboration can significantly improve delivery efficiency by
leveraging the respective strengths of vans and drones. On the
other hand, planning the optimal delivery routes and schedules
for both the van and its drones introduces considerable

complexity. The delivery plan must determine not only the
sequence of van stops but also when and where drones should
be deployed, as well as which delivery points should be
assigned to each drone. The problem becomes more difficult
when operational constraints are introduced. These include
limitations on drone delivery capacity, maximum drone flight
distance, service times required at each delivery point, and the
need to synchronize the van’s position with drone operations
for launch and retrieval.

This problem is referred to as the Van-Drone Routing
Problem with Multiple Delivery Points and Capacity
Constraints (VDRPMDPC). The objective is to minimize the
total delivery time while satisfying all operational constraints
related to both van and drone deliveries. The VDRPMDPC is
classified as an NP-hard problem because the number of
possible delivery sequences increases exponentially with the
number of delivery points. As a result, exact solutions become
computationally expensive for larger instances, and careful
algorithmic design is required to solve the problem efficiently.

Various solution techniques have been applied to address
similar routing problems. Heuristic methods, such as genetic
algorithms, simulated annealing, and ant colony optimization,
can generate near-optimal solutions within reasonable
computation times, making them suitable for large-scale
instances. However, these methods do not provide guarantees
of solution optimality. In contrast, exact algorithms, including
dynamic programming and Branch-and-Bound, are designed to
find the optimal solution by systematically exploring the
solution space. Among these, Branch-and-Bound is widely
used because it allows pruning of non-promising branches
based on bounds, thereby reducing the number of solutions that
must be fully explored. This technique ensures that the best
solution is found while avoiding unnecessary computations.

In this study, a Branch-and-Bound algorithm is applied to
solve the VDRPMDPC. To enhance the efficiency of the
search process, a greedy van-only baseline is computed first to
serve as an initial upper bound. This baseline is obtained by
having the van visit the nearest unvisited client at each step
without deploying drones. The Branch-and-Bound algorithm
then explores alternative solutions involving van moves and
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drone deployments. At each stage, branches that cannot yield a
better solution than the current best-known delivery time are
pruned to save computation time.

The implementation of the algorithm includes configurable
parameters such as van speed, drone speed, service time, drone
delivery capacity, maximum drone distance, and the number of
delivery points. The distance data used in the experiments are
derived from a real-world inspired distance matrix to ensure
that the scenarios reflect practical conditions. The results of the
study show that the Branch-and-Bound algorithm is capable of
finding optimal delivery plans efficiently for small to medium-
sized problem instances. The use of the greedy baseline
significantly reduces the number of nodes explored compared
to a brute-force search, highlighting the effectiveness of the
proposed approach for solving the VDRPMDPC.

II. THEORETICAL BASIS

A. Van-Drone Routing Problem with Multiple Delivery Points
and Capacity Constraints (VDRPMDPC)

The Van-Drone Routing Problem with Multiple Delivery
Points and Capacity Constraints (VDRPMDPC) is a complex
variant of the classic Vehicle Routing Problem (VRP). In this
problem, a van and a set of drones are used together to perform
last-mile deliveries to multiple clients. The van acts as both a
carrier for packages and as a mobile base station from which
drones are launched and retrieved. The drones assist the van by
delivering packages directly to clients within their operational
range, allowing faster and more flexible delivery compared to
van-only routes.

Each client location must be served exactly once, either by
the van or by one of the drones. The van can move freely
between client locations using the road network, while each
drone is constrained by several factors. First, the drone’s
delivery capacity limits the number of packages it can carry in
a single mission. Second, the drone’s maximum flight distance
defines how far it can travel from the van’s current location and
still be able to return safely. Third, each delivery action
requires a specific service time, both for van deliveries and for
the time needed to launch and retrieve the drones.

The objective of the VDRPMDPC is to determine the
sequence of van moves and drone dispatches that minimizes
the total delivery time. This includes travel time, service time
at each client, and any additional time associated with drone
operations, such as launch and retrieval. The problem is
combinatorially complex because each client can potentially be
served by either the van or a drone, and the number of possible
sequences increases factorially with the number of delivery
points. As a result, the VDRPMDPC belongs to the class of
NP-hard problems, and solving it exactly requires sophisticated
search techniques.

This type of routing problem is highly relevant to modern
logistics, where van-drone collaboration is seen as a promising
strategy to improve delivery efficiency in urban and suburban
areas. Solutions to the VDRPMDPC can help reduce delivery
times, lower operational costs, and improve customer
satisfaction in real-world delivery networks.

B. Branch-and-Bound Algorithm

The Branch-and-Bound (BnB) algorithm is an exact
method that is widely used to solve combinatorial optimization
problems where the solution space is large and complex. The
key concept of BnB is to represent the solution space as a state-
space tree. In this tree, each node corresponds to a partial
solution that can be extended by exploring its branches. The
root node represents the initial state where no delivery
decisions have been made. Each level in the tree represents the
addition of one more decision, such as choosing the next
delivery point or dispatching a drone batch.

As the algorithm progresses, the solution space is explored
systematically by branching into possible options at each node.
However, not all branches are worth exploring. To avoid
unnecessary computation, a bound is calculated at each node.
The bound represents the minimum possible cost (such as
delivery time) that could be achieved if that partial plan were
expanded into a complete plan. If the bound is greater than or
equal to the cost of the best complete solution found so far, the
node is pruned because it cannot lead to an improvement. This
process ensures that only promising branches are explored, and
the search remains efficient despite the complexity of the
solution space.

The general structure of a state-space tree used in Branch-
and-Bound is illustrated below. In this tree, branching
represents decisions, and pruning is performed at nodes where
the bound exceeds the best known cost.

Target

W E B

C(2)=f(2)+g(2) C(3)=f(3)+(3) C(4)=f(a)+g(8) C(5)=f(5)+g(S)
C(2)=1+4=5 C(3)=1+4=5 C(4)=1+2=3 C(5)=1+4=5

Fig. 2.1. Example of a state-space tree illustrating
branching decisions and pruning in Branch-and-Bound
(Source: Branch-and-Bound Algorithm Part 1, Slide by Dr.
Rinaldi Munir).

In the Van-Drone Routing Problem with Multiple Delivery
Points and Capacity Constraints (VDRPMDPC), the
application of Branch-and-Bound involves representing each
node in the state-space tree as a partial delivery plan. This plan
includes the sequence of van stops and drone batch dispatches
that have been executed so far. The cost associated with a node
is the total delivery time accumulated up to that point, which
includes van travel time, drone flight time, launch and retrieval
time, and service time at delivery points. The branching at each
node considers two types of decisions: either the van proceeds
to an undelivered client, or a batch of drones is dispatched to
deliver packages to clients within the drone’s capacity and
distance limits.

The diagram below provides an example of how branching
decisions are represented when applying the Branch-and-
Bound algorithm to van-drone collaborative delivery.

At each branching point, the cumulative delivery time of
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the partial plan is updated, and a bound is calculated by adding
an optimistic estimate of the minimum remaining delivery time
needed to complete the plan. This bound is compared to the
best delivery time found so far. If the bound exceeds the best
known time, the branch is pruned, and no further exploration is
conducted from that node. This mechanism significantly
reduces the number of nodes explored compared to a brute-
force exhaustive search.

The performance of the Branch-and-Bound algorithm is
highly dependent on the quality of the bound used. A tight
bound allows the algorithm to prune more nodes, thereby
reducing the computational load. In this study, a greedy van-
only delivery plan is computed at the start of the algorithm to
provide an initial upper bound. This plan consists of the van
visiting the nearest unvisited client at each step, without
deploying drones. Although this plan does not yield the optimal
solution, it offers a quick estimate that enables more aggressive
pruning during the Branch-and-Bound search process.

The combined use of the state-space tree, bounding, and
pruning ensures that the algorithm finds the optimal solution
while maintaining computational efficiency. This approach is
particularly effective for small to medium-sized VDRPMDPC
instances where exact solutions are preferred over heuristic
approximations.

C. Greedy Baseline as Initial Upperbound

The greedy baseline is used in this study as an initial upper
bound to enhance the performance of the Branch-and-Bound
algorithm. This baseline is constructed by generating a simple
van-only delivery plan in which the van visits the nearest
unvisited client at each step until all clients are served. The
plan is determined quickly by applying the nearest-neighbor
heuristic, which is commonly used in the Travelling Salesman
Problem (TSP) and related routing problems. The total delivery
time of this greedy plan includes both travel time and service
time at each client.

Although the greedy baseline does not provide an optimal
solution, it offers a feasible delivery plan that can be computed
with minimal effort. The total time required by this plan serves
as the initial upper bound in the Branch-and-Bound search. As
the search progresses, any partial plan whose cumulative cost
exceeds this upper bound can be pruned immediately, since it
cannot lead to a better solution. This strategy significantly
reduces the number of nodes that need to be explored in the
state-space tree.

An example of a greedy van-only route can be visualized as
a simple sequence where the van proceeds from the depot to
the nearest client, then to the next nearest client, and so on,
until all clients have been served.

Depot

Greedy van-only route

Fig. 2.2. Example of a greedy van-only delivery route on a
simplified delivery map, illustrating the nearest-neighbor
approach (custom illustration for this study).

The use of the greedy baseline is especially valuable in
small to medium-sized instances of the Van-Drone Routing
Problem with Multiple Delivery Points and Capacity
Constraints (VDRPMDPC), as it provides an effective
reference for pruning without the need for complex preliminary
computation.

D. Application of Branch-and-Bound to VDRPMDPC

In the Van-Drone Routing Problem with Multiple Delivery
Points and Capacity Constraints (VDRPMDPC), the Branch-
and-Bound algorithm is applied to explore possible delivery
plans that combine van movements and drone dispatches. Each
node in the state-space tree represents a partial delivery plan
that includes the van’s current position, the sequence of van
deliveries made so far, and the sets of clients served by drones.
The goal at each node is to extend the partial plan by either
moving the van to the next client or launching a batch of
drones to deliver to nearby clients.

The branching process at each node follows two possible
actions. The first action involves the van proceeding to an
undelivered client and performing the delivery, which adds
travel time and service time to the cumulative delivery cost.
The second action involves dispatching a batch of drones to
serve clients that are within the drone’s maximum distance
from the van’s current location and within the drone’s delivery
capacity. The cost of this action includes the time needed to
launch the drones, the maximum flight time required by the
batch, and the retrieval time.

At each stage of the search, the cumulative delivery time of
the partial plan is computed. A bound is then determined by
adding an optimistic estimate of the minimum remaining time
needed to complete the plan.

The bound at a node can be expressed as:
Bound = CumulativeTime +EstimatedRemainingTime

where CumulativeTime is the total time of the partial plan up
to the current node, and EstimatedRemainingTime represents
an optimistic estimate of the minimum time required to
complete the remaining deliveries.

If the sum of the cumulative time and the bound exceeds
the best complete delivery time found so far, the node is
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pruned. This pruning mechanism ensures that the search
focuses only on promising branches and avoids unnecessary
computations.

The figure below illustrates how van and drone actions
expand the state-space tree in this problem.

Fig. 2.3. Example of van-drone branching decisions in the
state-space tree (Source: Branch-and-Bound Algorithm Part 2,
slide by Dr. Rinaldi Munir).

The efficiency of this approach depends not only on the
branching and pruning strategies but also on the quality of the
initial upper bound provided by the greedy baseline. The
tighter the initial bound, the more branches can be pruned early
in the search. This combined strategy allows the Branch-and-
Bound algorithm to produce optimal delivery plans for
VDRPMDPC instances involving small to medium numbers of
clients, while keeping the computational cost reasonable.

III. IMPLEMENTATION METHOD

The proposed solution for the Van-Drone Routing Problem
with Multiple Delivery Points and Capacity Constraints
(VDRPMDPC) was implemented wusing the Python
programming language. The algorithm was designed to allow
flexibility through configurable parameters entered by the user
at runtime. These parameters include van speed, drone speed,
service time at each delivery point, drone delivery capacity, the
number of drones available, and the maximum distance that
drones can travel on a single flight. The number of client
locations used in each test scenario is also configurable to
simulate instances of different sizes.

A. Data Input and Preprocessing

Distance data between the depot and client locations were
stored in an Excel file in matrix form. This matrix represents
the real-world distances between locations in a simulated urban
environment. The program reads this matrix using the pandas
library, ensuring that only valid numeric data are processed by
dropping empty rows and columns. The data are trimmed to
include only the depot and the specified number of client
locations as configured by the user.

Two time matrices are then constructed: one for the van and
one for the drone. The time required to travel between any two
locations is computed by dividing the distance by the
respective vehicle’s speed and converting the result into
minutes. This ensures that the travel times used in the
algorithm reflect the configured vehicle speeds accurately.

Fig. 3.1. Code snippet showing data input and
preprocessing logic (Source: program developed for this
study).

B. Greedy Baseline Computation

A greedy van-only delivery plan is computed as an initial
upper bound for the Branch-and-Bound algorithm. In this plan,
the van always proceeds to the nearest unvisited client at each
step until all deliveries are completed. The total delivery time
of this greedy plan includes both travel time and service time at
each client. Although this method does not produce an optimal
solution, it provides a fast estimate of a feasible plan that
enables more effective pruning during the Branch-and-Bound
search.

in visited]

Fig. 3.2. Code snippet showing greedy van-only baseline
computation (Source: program developed for this study).
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C. Branch-and-Bound Search Process

The Branch-and-Bound search explores the solution space
by recursively generating partial delivery plans. Each node in
the search tree represents a state that includes the van’s current
location, the set of clients that have been served, and the
sequence of actions taken so far. At each node, two types of
branching are performed:

e The van proceeds to an undelivered client, adding
travel and service time to the cumulative cost.

e A batch of drones is dispatched to serve clients within
the maximum distance and capacity limits, adding
launch, flight, and retrieval time to the cumulative
cost.

After each branching decision, the cumulative delivery time is
updated. A bound is computed by adding an optimistic estimate
of the minimum time required to complete the plan. If the sum
of the cumulative time and the bound exceeds the best
complete delivery time found so far, the branch is pruned.

Fig. 3.3. Code snippet showing Branch-and-Bound search with
van and drone branching (Source: program developed for this
study).

D. Output and Logging

The program outputs the optimal delivery plan as a
sequence of van and drone actions. The total delivery time and
the number of nodes explored during the search are reported.
Throughout execution, logs are printed to indicate when nodes
are explored, when pruning occurs, and when new best
solutions are found. This information assists in analyzing the
algorithm’s performance and verifying its correctness.

__name__
locs, dist
van_time
drone_time

base an(locs, van_time)
: {base

(e, set(),

, [], van_time, drone_time, locs)

(f"Best time: {best_time min")
rint(f"Plan: {best_plan}")

Fig. 3.4. Code snippet showing main program execution and
result display (Source: program developed for this study).

IV. TESTING AND RESULTS

The Branch-and-Bound algorithm was tested on various
problem instances to evaluate its performance in solving the
Van-Drone Routing Problem with Multiple Delivery Points
and Capacity Constraints (VDRPMDPC). The tests were
conducted using distance data stored in an Excel matrix,
designed to reflect realistic urban delivery scenarios. Different
parameter configurations were used in the experiments,
including varying numbers of client locations, van and drone
speeds, drone capacity, and drone maximum distance.

A. Test Scenarios and Configuration

Three test cases were prepared, with varying numbers of
client locations. The following constraints were applied
uniformly across all scenarios:

e  Maximum number of client locations: 10

e  Maximum number of drones available: 3

e  Maximum drone capacity per mission: 2 deliveries
e  Maximum drone reach: 1.5 km

The speed of the van and drones, as well as the service time,
were configured as follows unless otherwise stated:

e  Van speed: 40 km/h

e  Drone speed: 60 km/h

e  Service time per delivery: 0.5 minutes
The test scenarios included

1. Test Case 1: 6 client locations

2. Test Case 2: 8 client locations

3. Test Case 3: 10 client locations

These cases were selected to represent small to medium-
sized instances suitable for exact solution using Branch-and-
Bound.

B. Results

The Branch-and-Bound algorithm produced the optimal
delivery plan for each of the three test cases while satisfying
all operational constraints. The plans minimized total delivery
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time by combining van movements and drone batches
efficiently.

For Test Case 1 (6 client locations), the following optimal plan
was generated:

e Plan: [*Van—Client 2°, ‘DroneBatch—[1, 3, 4, 5]’]

e Total delivery time: 3.12 minutes

(venv) PS C:\Users\Hahesa\OneDrive\ITB\Coding\Col lege\Academic\IF\sut-4\Strategi Algoritna\Hakalah\Logistics-Drone-Routing-BnB> py src/delivery.py|
Enter van speed (ku/h, default 46

Enter drone speed (kn/h, default

Enter service time (minutes, defa

Enter drone capacity (deliveries per default 2):

Enter nunber of drones available (default 2)
Enter drone max distance (km, default 2

Enter max houses to read (default

Loaded locations: [‘Depot’, 'Client 1', "Client 2°, ‘Client 3°, ‘Client 4', ‘Client 5°]
Computed time matrix at 40 km/h

Computed time matrix at 60 kn/h

Greedy route: ->Client 2->Client 3->Client 4->Client 5 = 6.18 min

Baseline time:

New best: time= jan>Client 5°]

roneBatch-[5]"]

Fig. 4.1. Snapshot of program output showing optimal plan
for Test Case 1 (Source: program developed for this study).

For Test Case 2 (8 client locations), the optimal plan was:
e Plan: [‘DroneBatch—[1, 2, 3, 4]’, ‘DroneBatch—[5,
6,711
e Total delivery time: 4.30 minutes

(venv) PS C:\Users\Hahesa\OneDrive\ITB\Coding\Col lege\Academi c\TF\Sut-4\Strategi Algoritma\Makalah\Logistics-Drone-Routing-BnB> py src/delivery.py
Enter van speed (ku/h, default 40)

Enter drone speed (kn/h, default 60):

Enter service time (minutes, default @.5):

Enter drone capacity (deliveries per drone, default 2):

Enter nunber of drones available (default 2):

Enter drone max distance (km, default 2.9

Enter max houses to read (default

Loaded locations: [‘Depot’, Client 1°, ‘Client 2, 'Client 3°, ‘Client 4', "Client 5', "Client 6', ‘Client 7]

Computed time matrix at 40 kn/h

1->Client 2->Client 3->Client 4->Client 5->Client 7->Client 6
in

roneBatch-[6]"]

Fig. 4.2. Snapshot of program output showing optimal plan
for Test Case 2 (Source: program developed for this study).

For Test Case 3 (10 client locations), the optimal plan found
was:
e Plan: [‘Van—Client 2°, ‘DroneBatch— 1, 3, 4, 5]’,
‘DroneBatch—|6, 7, 8, 9]’]
e Total delivery time: 5.03 minutes

ing-Bn> py

Fig. 4.3. Snapshot of program output showing optimal plan
Jfor Test Case 3 (Source: program developed for this study).

C. Discussion

The results from the three test cases demonstrated that the
Branch-and-Bound algorithm was effective in determining the
optimal delivery plan for the Van-Drone Routing Problem with
Multiple  Delivery Points and Capacity Constraints
(VDRPMDPC). The inclusion of both van deliveries and drone
batch operations in the branching process provided flexibility
in constructing efficient delivery sequences. The pruning
mechanism, supported by the initial greedy baseline,
significantly reduced the number of nodes that needed to be
explored in the state-space tree.

In Test Case 1, where six clients were considered, the
algorithm identified that a combination of one van delivery
followed by a single drone batch covering the remaining clients
resulted in the minimum delivery time. In Test Case 2,
involving eight clients, the algorithm produced a solution
consisting entirely of drone batches, as this strategy was more
time-efficient under the given constraints. For Test Case 3,
which included ten clients, the optimal plan consisted of a van
delivery followed by two drone batches, highlighting the
advantage of hybrid operations in larger instances.

It was observed that as the number of clients increased, the
structure of the optimal plan became more complex, and the
state-space tree expanded significantly. However, the Branch-
and-Bound algorithm was able to compute the optimal plan in
all cases within practical computation time due to effective
pruning. The use of the greedy baseline as an initial upper
bound was found to be beneficial, as it allowed the search to
focus on promising branches early in the process.

These findings suggest that the Branch-and-Bound
approach is suitable for solving VDRPMDPC instances with
small to medium numbers of clients. For larger instances,
additional improvements, such as tighter bounding functions or
heuristic enhancements, may be required to maintain
efficiency.

V. CONCLUSION

In this study, the Van-Drone Routing Problem with
Multiple  Delivery Points and Capacity Constraints
(VDRPMDPC) was solved using the Branch-and-Bound
algorithm. The algorithm was designed to find the optimal
delivery plan that minimizes total delivery time while
satisfying all operational constraints, including drone capacity,
maximum drone distance, and service time at each delivery
point. A greedy van-only baseline was used as the initial upper
bound to enhance pruning efficiency during the search process.

The experimental results on small to medium-sized
instances, consisting of up to ten client locations, demonstrated
that the Branch-and-Bound algorithm was effective in
producing optimal solutions. The combination of van deliveries
and drone batch operations enabled the construction of delivery
plans that made full use of the strengths of both delivery
modes. The number of nodes explored in each test case was
significantly reduced due to the pruning guided by the initial
greedy baseline.
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It was observed that as the number of delivery points
increased, the solution space expanded rapidly, as expected for
NP-hard problems. The method remained practical for
instances involving up to ten clients, but larger instances would
likely require additional enhancements, such as tighter
bounding functions or heuristic guidance during branching, to
maintain efficiency.

Overall, the Branch-and-Bound algorithm has been shown
to be a suitable exact method for solving the VDRPMDPC in
small to medium-scale delivery scenarios. Future work may
focus on integrating real geographic data, additional constraints
such as drone energy limits, or hybrid methods that combine
exact algorithms with heuristics to extend the approach to
larger problem instances.

VI. APPENDIX

The complete source code for the implementation described
in this paper can be accessed at the following GitHub
repository:

https://github.com/mahesa005/Logistics-Drone-Routing-
BnB
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