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Abstract 
Commercial organisations commonly use operational research tools to solve 
vehicle routing problems. This practice is less commonplace in charity and 
voluntary organisations. In this paper, we provide an elementary approach for 
solving the Vehicle Routing Problem (VRP) that we believe can be easily im-
plemented in these types of organisations. The proposed model leverages 
mixed integer linear programming to optimize the pickup sequence of all cus-
tomers, each with distinct time windows and locations, transporting them to 
a final destination using a fleet of vehicles. To ensure ease of implementation, 
the model utilises Python, a user-friendly programming language, and inte-
grates with the Google Maps API, which simplifies data input by eliminating 
the need for manual entry of travel times between locations. Troubleshooting 
methods are incorporated into the model design to ensure easy debugging of 
the model’s infeasibilities. Additionally, a computation time analysis is con-
ducted to evaluate the efficiency of the code. A node partitioning approach is 
also discussed, which aims to reduce computational times, especially when 
handling larger datasets, ensuring this model is realistic and practical for real-
world application. By implementing this optimized routing strategy, logistics 
companies or organisations can expect significant improvements in their day-
to-day operations, with minimal computational cost or need for specialised 
expertise. This includes reduced travel times, minimized fuel consumption, 
and thus lower operational costs, while ensuring punctuality and meeting the 
demands of all passengers. 
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1. Introduction 

This paper originates from a project undertaken for the final-year module, Sto-
chastic Processes and Risk in the BSc Mathematics undergraduate program at 
Queen’s University Belfast. The project was developed in collaboration with Fer-
managh Community Transport (FCT) [1], which is a transport service provider 
to individuals in rural and socially isolated areas in and around Fermanagh. Fer-
managh is a largely rural county located in Northern Ireland, which is composed 
of dispersed communities, thus making transportation services, like those pro-
vided by FCT, essential for connecting residents to essential services and resources. 
Their services, such as the Dial-A-Lift scheme and the Home to Hospital transport 
service, cater primarily to the elderly, people with disabilities, and individuals fac-
ing mobility challenges. These services are vital in enabling people who lack access 
to public or private transport options to maintain their independence and attend 
essential appointments, especially health and well-being visits. FCT uses a fleet of 
minibuses and volunteer-driven cars to facilitate these operations. However, due 
to the rural and widespread nature of the service area, assigning efficient vehicle 
routes is a crucial aspect of maintaining a cost-effective and reliable transport ser-
vice. Hence, this project proposes a solution for determining the optimal sequence 
for picking up customers from various locations and transporting them to a final 
destination, tailored specifically to FCT’s operational needs through mathematical 
modelling. In this paper, the original FCT-focused project has been significantly 
revised and expanded to serve as a practical model for general applications in ve-
hicle routing and logistics. This broader approach seeks to provide a versatile 
framework that can be adapted to various real-world scenarios, delivering both 
practical insights and impactful solutions in transportation systems for volunteer 
or charity logistics organisations with limited computational resources. 

The vehicle routing problem (VRP) is considered among the most challenging 
in combinatorial optimization [2] and is NP-hard, because it encompasses the 
Travelling Salesman Problem (TSP) as a specific case [3]. In recent years, the evo-
lution of VRP has focused on adapting VRP to real-world applications, resulting 
in new VRP variants, models, solution techniques, and practical implementations. 
The VRP is a fundamental problem in logistics and operational research. It in-
volves designing optimal delivery or collection routes from a central depot to a set 
of geographically dispersed customers while adhering to constraints such as vehi-
cle capacity, route length, time windows, and precedence relations [3]. The objec-
tive in solving VRP is to minimize the total cost associated with these routes, gen-
erally due to factors such as distance travelled, fuel consumption, vehicle utilization, 
and driver costs. The Vehicle Routing Problem with Time Windows (VRPTW) is 
one of the popular extensions of this problem, which assumes that each customer 
must be visited within a specific time interval [4]. The General Vehicle Routing 
Problem (GVRP) is a complex extension of the classic VRP that incorporates var-
ious real-life constraints and requirements, such as time windows, heterogeneous 
fleets, multi-dimensional capacity constraints, and order/vehicle compatibility [5]. 
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These extensions make GVRP a more realistic and challenging problem to solve, 
but also a more powerful tool for optimizing complex real-world logistics opera-
tions. 

The VRP is encountered daily by numerous distributors worldwide and carries 
substantial economic importance as it directly impacts operational costs and ser-
vice efficiency. Common applications arise in newspaper industries, food delivery 
and milk collection services [3]. The primary advantage of employing VRP solu-
tions is operational cost reduction. By optimizing routes, businesses or organisa-
tions can minimize the total distance travelled by their vehicles, leading to lower 
fuel consumption and reduced vehicle wear and tear. Also, VRP solutions boost 
customer satisfaction by enabling timely and reliable deliveries. Their adaptability 
to real-world constraints such as vehicle capacity, route length, time windows, and 
specific customer requirements allows businesses to tailor VRP models to their 
unique operational needs, maximizing efficiency and cost-effectiveness. Addi-
tionally, in the context of environmental sustainability, VRP minimizes travel dis-
tances and fuel consumption, directly reducing greenhouse gas emissions and 
supporting the development of greener logistics systems [2]. The emerging focus 
on green VRP expands traditional VRP models to explicitly consider environmen-
tal impacts, incorporating constraints related to energy efficiency and fuel usage. 
This shift is increasingly important for organisations aiming to meet sustainability 
goals without compromising service quality. 

Unlike more complex vehicle routing problem (VRP) solutions, which will be 
discussed in Section 4.4, that typically demand considerable computational power 
and specialized knowledge, this paper discusses an approach which strikes a prac-
tical balance between simplicity, cost-effectiveness, and adaptability, making it 
particularly suitable for smaller-scale volunteer or charity operations like FCT. 
Advanced VRP methodologies often require complex algorithms and extensive 
data analysis capabilities, which can be overwhelming and impractical for organ-
isations lacking the resources to implement such solutions. In contrast, this model’s 
straightforward approach allows smaller organisations to effectively tackle routing 
challenges without the need for extensive technical expertise or substantial invest-
ments in computational resources. The implementation of the model proposed in 
this paper is facilitated through user-friendly tools such as the Google Maps Dis-
tance Matrix API [6] and Python programming language, which enhance its ac-
cessibility and usability. The Google Maps API provides real-time data on traffic 
conditions, distances, and estimated travel times, allowing users to generate opti-
mal routes efficiently. Python, known for its simplicity and versatility, enables 
quick development and customization of the routing model. This combination 
results in a simple user interface that allows staff members or users with minimal 
technical training to engage with the routing solution effectively, reducing the 
learning curve typically associated with more advanced VRP systems. Ultimately, 
the methodology and implementation explored in this paper aim to provide a val-
uable framework for improving transportation logistics in a variety of real-world 
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contexts, in a straight forward, yet impactful and effective manner. 

2. Methodology 

In this section, we describe the mathematical modelling of the Vehicle Routing 
Problem (VRP). In our model, various locations will be regarded as nodes, each 
representing a specific point on the route. The first node will mark the departure 
point, often referred to as the central hub or depot, where the fleet of vehicles 
initiates its journey. The last node represents the final destination or drop-off 
point, that is, the terminating node for each vehicle’s route. This structure will 
allow for a clear and consistent reference framework as we discuss routing and 
optimization within the VRP context. 

2.1. Assumptions 

The model is formulated based on the following assumptions: 
• All vehicles depart from the same node, central hub.  
• All vehicles end the trip at the same node, a final destination.  
• The customers’ demand at every node must be satisfied.  
• Each customer node must be visited exactly once by a vehicle.  
• The maximum number of vehicles available for service is kn . Note that the 

optimal solutions may not require all these vehicles to be used.  
• Each vehicle has the same fixed capacity of Q, that is the total demand of the 

customers visited by a single vehicle in a trip must not exceed Q.  
• The arrival time of the vehicles must satisfy all customers’ specified time win-

dow. All vehicles are allowed to reach nodes earlier than the specified time 
window, but the waiting time is accounted for in the total route time.  

• The total routing time of each vehicle in a single trip must not exceed T, to 
ensure all customers are able to reach their destination on time. 

2.2. Parameters and Sets 

The notations used in the model are as follows: 
• n: The total number of nodes in the system.  
• kn : The maximum number of vehicles available for routing.  
• { }: 0,1,2, , 1nodes i i n= = − : The set of all nodes in the system, where 0i =  

represents the central hub, 1i =   to 2i n= −   are the customer nodes, and 
1i n= −  is the final drop station.  

• { }: 0,1,2, , 1kvehicles k k n= = − : The set of all available vehicles.  
• Q: The capacity of each vehicle.  
• M: An arbitrarily large positive integer, used for sequencing logic.  
• id : The demand at customer node i, where { }1,2, , 2i n∈ − . The central hub 

and drop node have zero demand (i.e., 0 0d =  and 1 0nd − = ).  
• ie : The earliest permissible arrival time at node i, where { }1,2, , 2i n∈ − .  
• il : The latest permissible arrival time at node i, where { }1,2, , 2i n∈ − .  
• ijt : The travel time between node i and node j, where { }, 0,1, , 1i j n∈ − .  
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• T: The maximum total routing time of each vehicle in a single trip. 

2.3. Decision Variables 

The variables implemented in the system are as follows, 
• { }0,1ijkx ∈ : A binary decision variable that equals 1 if vehicle k travels from 

node i to node j, and 0 otherwise.  
• { }0,1ikz ∈ : A binary decision variable that equals 1 if vehicle k visits node i, 

and 0 otherwise.  
• { }0,1ku ∈ : A binary decision variable that equals 1 if vehicle k is used in the 

routing plan, and 0 otherwise.  
• ika +∈ : A continuous variable that represents the arrival time of vehicle k at 

node i.  
• max _ ka +∈  : A continuous variable that represents the maximum arrival 

time for each vehicle k, i.e., the arrival time at the final drop station for vehicle 
k, i.e., the total routing time of each vehicle k.  

2.4. Objective Function 

The objective of the model is to minimize the total travel time for all vehicles, as 
we assume the total costs incurred are directly proportional to the total travel time 
of all vehicles. The objective function can be expressed as: 

 
1

0
min max _

kn

k
k

z a
−

=

= ∑  (O1) 

2.5. Constraints 

• Initial and Final Conditions: Every vehicle departs from the central hub at 
time 0 and visits the final drop node. The variable ku  in the subsequent equa-
tions ensures that the constraints apply only to the vehicles that are utilised. 

 0 0 1,0, ,k k k n k ka z u z u k vehicles−= = = ∀ ∈  (C1) 

• End Node Constraint: The arrival time at the final drop node must be greater 
than or equal to the arrival times at all customer nodes for each vehicle, ensur-
ing that all vehicles conclude their routes at the drop station. The arbitrarily 
large constant, M enables the termination of the following inequality if vehicle 
k does not visit node i, by making the corresponding side of the inequality 
below to be arbitrarily small. 

 ( ) { }1, 1 1,2, , 2 ,n k ik ika a M z i n k vehicles− ≥ − − ∀ ∈ − ∀ ∈  (C2) 

• Visit Constraint: Each customer node is visited exactly once by one vehicle. 

 { }
1

0
1 1,2, , 2

kn

ik
k

z i n
−

=

= ∀ ∈ −∑   (C3) 

• Capacity Constraint: The total demand served by any vehicle in a trip must 
not exceed its capacity. Similar to Equation (C1), the variable ku  ensures that 
the constraint applies only to the vehicles that are utilised. 
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 i ik k
i nodes

d z Qu k vehicles
∈

≤ ∀ ∈∑  (C4) 

• Time Flow and Sequence Logic: The following inequality ensures that if ve-
hicle k travels from node i to node j, the arrival time at node j is at least the 
arrival time at node i plus the travel time between the two nodes. Similar to 
Equation (C2), the arbitrary large constant M makes the inequality ineffective 
if vehicle k does not travel from node i to node j. 

 ( ) ( )1 2 , ,jk ijk ik ij ik jka M x a t M z z i j nodes k vehicles+ − ≥ + − − − ∀ ∈ ∀ ∈  (C5) 

Also, the following constraint ensures that vehicles can only travel between 
nodes if they visit both nodes: 

 ( )1 2 , ,ijk jik ik jkx x M z z i j nodes k vehicles+ ≥ + + − ∀ ∈ ∀ ∈  (C6) 

• Time Window Constraint: The arrival time at each customer node must lie 
within its specified time window. Again, the variable ikz   ensures that the 
constraint applies only to vehicle k which visits node i. 

 ,i ik ik i ike z a l z i nodes k vehicles≤ ≤ ∀ ∈ ∀ ∈  (C7) 

• Total Routing Time Constraint: The maximum arrival time (i.e., the total 
routing time) for each vehicle k must not exceed T. 

 1,n kT a k vehicles−≥ ∀ ∈  (C8) 

• Objective Variable: The maximum arrival time (i.e., the total routing time) 
for each vehicle k is equal to the arrival time at the final drop node. 

 1,max_ k n ka a k vehicles−= ∀ ∈  (C9) 

3. Implementation and Results 

In this section, we discuss the use of Google Maps API to determine the travel 
time between locations. Also, we demonstrate the implementation of the mathe-
matical model using a predetermined set of parameters, specifically chosen to 
mimic the day-to-day operation of Fermanagh Transport Community [1]. Note 
that this approach is not only tailored to FCT’s specific needs but can also be 
changed by other logistics organisations, allowing for flexibility and applicability 
across different operational contexts. 

3.1. Travel Time via Google Maps API 

For the travel time parameter, we utilized the Google Maps Distance Matrix API 
[6] to efficiently determine the travel time matrix, ijt  between all nodes instead 
of manually calculating these times. This API allows us to predict the travel times 
for a particular day and time on which we intend to travel. By considering future 
traffic patterns that vary throughout the day, we can obtain more accurate results 
that reflect the expected travel times. Additionally, the service time at each node 
can be simply added to each element of the matrix ijt , depending on the circum-
stances, thus providing a more realistic representation of the total travel time. The 
nodes, represent specific locations, that is, each customer’s departure and drop-
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off addresses.  
The complete Python script used for this demonstration is given in Appendix 

A.1.2. The travel times for the API call are set to 8 a.m. on 25th October 2024. 
Nine specific locations in County Fermanagh, Northern Ireland have been se-
lected as nodes, with Ballinamallard designated as the departure point and Ennis-
killen as the drop-off station. The selected nodes are as follows: 
• Node 0: Ballinamallard, Enniskillen BT94 2FA  
• Node 1: Belleek, Enniskillen BT93 3FY  
• Node 2: Brookeborough, Enniskillen BT94 4EY  
• Node 3: Clabby, Fivemiletown BT75 0QZ  
• Node 4: Derrygonnelly, Enniskillen BT93 6GA  
• Node 5: Irvinestown, Enniskillen BT94 1EN  
• Node 6: Maguiresbridge, Enniskillen BT94 4RY  
• Node 7: Lisnaskea, Enniskillen BT92 0FL  
• Node 8: Fairgreen Shopping Centre, Forthill St, Enniskillen BT74 6JA  

The travel time matrix, ijt   associated with these 9 nodes is evaluated and 
shown in Table 1. Note that the diagonal elements of the travel time matrix ijt  
are zero, as the time taken to travel from node i to itself is inherently zero. By 
implementing the API, we obtain accurate and up-to-date travel times based on 
real-world traffic conditions, while also reducing the potential for human errors 
associated with manual time calculation. The travel times obtained from the API 
are subsequently integrated as a parameter into the vehicle routing model, facili-
tating a more efficient optimization process. 

 
Table 1. Travel time matrix (in minutes) showing the estimated travel times between the 
nine nodes, as calculated using the Google Maps Distance Matrix API. Each entry xij rep-
resents the travel time from node i to node j. 

 Node 0 Node 1 Node 2 Node 3 Node 4 Node 5 Node 6 Node 7 Node 8 

Node 0 0.00 41.22 23.83 20.47 27.30 9.48 21.73 28.28 11.38 

Node 1 40.48 0.00 48.73 52.52 23.33 33.13 45.22 51.75 34.78 

Node 2 24.42 48.10 0.00 10.67 31.93 28.07 4.52 8.55 15.50 

Node 3 20.27 51.92 10.62 0.00 35.75 23.75 14.07 19.17 18.78 

Node 4 25.38 22.98 31.60 35.38 0.00 29.58 28.08 34.63 17.67 

Node 5 8.85 32.98 27.55 23.07 30.83 0.00 25.45 32.00 14.90 

Node 6 22.47 44.58 4.62 14.05 28.42 26.67 0.00 6.55 11.98 

Node 7 28.88 51.02 8.57 18.98 34.83 33.10 6.43 0.00 18.42 

Node 8 10.48 33.95 15.23 18.57 17.78 14.68 11.72 18.27 0.00 

3.2. Setting Parameters 

We first define all parameters used in the model before demonstrating the results. 
We use the travel time matrix, ijt  as defined in Table 1, i.e., we have a total of 

9n =  nodes. Then, we set the number of available vehicles 3kn = , each with a 
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maximum capacity of 12Q = . The maximum arrival time for each vehicle is set 
to 90T =   minutes. The demands, id   and the starts, ie  , and ends, ll   of the 
time windows for each node are as follows, 

[ ]0,3,2,1,2,3,2,1,0id =  

[ ]0,50,40,30,20,35,45,55,0ie =  

[ ],60,50,40,30,45,55,65,il M M=  

Note that the array of demands, id   represents the demand at each node 
{ }0, 1i n∈ − , hence 0d  and 1nd −  are zero since there are no customers at the 

starting and ending points. Also, ie  and il  representing the earliest and latest 
arrival time at each node { }0, 1i n∈ − , is set to be 10 minutes apart for the cus-
tomer nodes. Meanwhile, the latest arrival time at the start and final nodes are set 
to 10000M =  , an arbitrarily large integer to allow the time windows at these 
nodes to be arbitrarily wide. 

3.3. Solution Using PuLP 

The mathematical model is solved using the PuLP library in Python, which pro-
vides an interface to linear programming solvers. The complete Python script used 
for the linear optimization is listed in Appendix A.1.1. For the output results, 
instead of printing out a list of all optimised decision variables and manually in-
specting each variable, the following approach processes the results and displays 
the actual sequence of node visits for each vehicle in an easily readable and under-
standable format. 

First, the status of the optimization model, i.e., whether it is infeasible or opti-
mal, and the total cost of the solution, i.e., the value of the objective function z, 
are returned. It then collects the nodes visited by each vehicle, along with their 
respective arrival times. The nodes are then sorted by arrival time for each vehicle 
to match the actual route taken by each vehicle. This information is stored in a 
dictionary, where each vehicle is associated with its corresponding route. Also, the 
waiting time at each customer node is calculated by subtracting the sum of the 
previous arrival time and the travel time to that node from the arrival time at that 
customer node. Finally, the code generates a detailed route description for each 
vehicle, including the arrival time and the waiting time at each node, presented in 
sequence. From Figure 1, we see that the optimization returned an optimal status 
with a total routing time of 208.38 minutes across all vehicles, and a detailed route 
assignment for each vehicle. 
 

 
Figure 1. Vehicle routing output. 
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This method of printing the result gives a more insightful view of vehicle routes 
than simply reviewing the raw decision variables which is tedious and time con-
suming. While the output of the script is returned in only 4.239 seconds, the com-
putation time may increase significantly with larger node counts; this matter will 
be discussed in Section 4.2 & 4.3. 

3.4. Visualization of Solution 

To plot visual representations of the solution, we utilized the matplotlib, NetworkX 
and Folium libraries in Python, resulting in two figures that illustrate the vehicle 
routing solution. Both plots display the nodes, including the central hub, customer 
locations, and the final drop-off station, with each vehicle’s route highlighted in 
distinct colours. The lines connecting the nodes represent the optimal sequence 
for picking up the customers associated with each vehicle. The arrival and waiting 
times, demands, and time windows at each node are annotated, providing a con-
cise and descriptive routing solution that makes it easy for the user to determine 
whether a solution has been found which adheres to the inputted constraints. 

Figure 2 presents a detailed visual plot of the optimal route that was found by 
the algorithm. Each node in this figure represents a location with specified cus-
tomer demands and time windows, showing that all vehicles depart from Balli-
namallard and end at the drop-off station in Enniskillen, with arrival times clearly 
satisfying the maximum routing time of T = 90 minutes. Additionally, Figure 3 
offers a geographical context for the routing solution, showcasing the vehicle 
routes and nodes within the actual locations of customers and drop-off points, 
thereby further clarifying the distances involved in the routing problem. 
 

 
Figure 2. Vehicle routing solution on a graph (Note that the graph is not drawn to scale). 
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Figure 3. Vehicle routing solution on a map. 

3.5. Troubleshooting Infeasible Status 

In order to efficiently identify the causes of infeasibility in our vehicle routing 
model, a straightforward troubleshooting system is implemented. When the opti-
mization model returns an infeasible status, the constraints that cannot be satis-
fied simultaneously are indicated. There are two primary potential causes of this 
infeasibility, namely time window and vehicle capacity violations. 

Time window violations occur due to several factors. One common issue arises 
from the total time horizon, T, being insufficient to transport all of the customers. 
If the time allowed for service, T is too short, and the vehicles may be unable to 
reach all nodes within their designated time frames. Additionally, if the time win-
dows for customers are too concentrated and tight, it can create scheduling con-
flicts where the vehicles cannot feasibly travel to the nodes in time to meet their 
respective windows. On the other hand, vehicle capacity violations can occur if 
the total demand from the customers assigned to a vehicle exceeds its maximum 
capacity. 

Our troubleshooting implementation aims to quickly assess these two key is-
sues. If a vehicle capacity violation is detected, the system outputs a clear message 
stating, “Vehicle capacity not satisfied.” If capacity is not the issue, the system then 
checks for time window violations and returns the message, “Time window not 
satisfied.” By simplifying the identification of key issues, this aids the user in ad-
justing the parameters accordingly, allowing the system to return a feasible solution. 
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4. Discussion 

In this section, we discuss the model weaknesses, as well as the measures that must 
be taken to ensure that this mathematical model can be used in real-world scenar-
ios, where the datasets can be arbitrarily large. A computation time analysis is also 
conducted to evaluate the efficiency and applicability of this model with different 
numbers of nodes. Finally, we discuss existing VRP models developed by other 
researchers and organisations. 

4.1. Model’s Limitations 

There are a few limitations to this model. Firstly, this model is designed to accom-
modate only a single destination, which may not be sufficient for organisations 
with more complex routing needs. Additionally, the model does not incorporate 
AND/OR precedence constraints [4], which can be critical for situations where 
certain locations must be visited together or in a specific order. The implementa-
tion of the precedence constraints will be addressed in Section 4.4.2. Also, we have 
assumed that the total cost incurred is directly proportional to the travel time of 
vehicles, hence our objective is to minimize it. However, this is not always the case, 
as there are additional costs such as driver wages, toll charges, environmental im-
pact fees and vehicle maintenance that can vary independently of travel time. On 
the other hand, the model treats waiting time in the same way as travelling time, 
which may not accurately reflect real-world cost structures where waiting incurs 
significantly lower costs.  

Besides, the model assumes that all customers’ time window, location and the 
demands at each node are predetermined and constant, which allows for a struc-
tured approach to route optimization. However, real-world logistics often involve 
dynamic variables that our model does not account for, such as last-minute 
changes in customer requests. For example, unexpected customer requests or can-
cellations could require on-the-fly adjustments to routes. Also, one limitation of 
using the Google Distance Matrix API for travel time estimation is that it requires 
the specification of a future date and time. While this can be useful for planning 
in advance, it assumes that traffic conditions and travel durations can be reliably 
predicted, which may not always align with real-time traffic patterns. Unforeseen 
delays due to accidents, weather, or sudden congestion cannot be accounted for 
in these estimates, potentially reducing the accuracy of the model under real-
world conditions. Finally, for a general application, the number of nodes and 
available vehicles can be arbitrarily large, thus in the following subsections, we 
conduct an analysis on the model’s computation time and explore methods to 
adapt our model for realistic parameters. 

4.2. Computation Time Analysis 

In this subsection, we conduct a computation time analysis for the algorithm pro-
posed by running simulations across various node counts, n. The Python script 
utilised in this subsection can be found in Appendix A.1.3. The objective of this 
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analysis is to evaluate the model’s efficiency and scalability as the problem size 
increases. The dataset for this analysis was generated using the following fixed 
parameters:  
• 3kn = : Number of vehicles  
• 16Q = : Maximum capacity of each vehicle  
• 80T = : Maximum allowable routing time  

In addition to these fixed parameters, the following random values were used 
for each simulation instance:  
• Demands: Randomly generated values between 1 and 3 for each customer 

node  
• Time Windows: For each customer, random earliest arrival times were gener-

ated between 0 and 40, while the latest arrival times were set to 15 minutes 
after the earliest time.  

• Travel Times: A random symmetric travel time matrix was generated, where 
travel times between nodes (excluding self-travel) ranged between 5 and 15 
minutes.  

 

 
Figure 4. Computation times for node counts n ranging from 4 to 13, graphed on a logarithmic scale. The bars 
represent the median computation times obtained from 20 simulations for each node count, while the error bars 
indicate the 5th and 95th percentiles, representing the 90% confidence limits. The analysis was conducted using 
Google Colab. 

 
The computation times were recorded and plotted for each node count n, rang-

ing from 4 to 13, focusing on the median, 5th, and 95th percentiles, with each 
node count simulated 20 times, as illustrated in Figure 4. Given the relatively re-
laxed parameters of the constraints, all simulations returned feasible optimal so-
lutions. The simulations were run in Google Colab, and it is worth noting that 
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these results can be significantly improved when run locally on a high-perfor-
mance computer, as Colab’s virtual environment imposes certain limitations on 
computational efficiency. The results project a clear trend: as the number of nodes 
increases, computation times grow significantly, with more variability at larger 
node counts. In particular, the problem becomes more computationally expensive 
beyond 10 nodes, with the upper 5 percent of simulations taking over a minute to 
compute. 

This analysis highlights the importance of scalability for real-world applications, 
as the computation time increases exponentially with larger problem sizes. The 
data indicates that the model’s performance is manageable for smaller node 
counts. Therefore, in the following subsection, we introduce an improvement to 
this model aimed at enhancing its efficiency for larger instances. 

4.3. Scalability Using Node Partitions 

In real-world scenarios, the number of nodes and available vehicles in a system 
can be exceedingly large. This increased complexity can lead to significant com-
putational challenges, resulting in unrealistic computation times when solving for 
the optimal solution as demonstrated in Figure 4. To address this issue and im-
prove scalability, we discuss an approach which splits the nodes into partitions, 
treating each partition as an independent sub-system. Each partition consists of a 
set of nodes, and vehicles are assigned from the fleet to service these nodes. The 
partitions can be based on user preferences or through clustering of nearby loca-
tions. This method provides several benefits: 
• Scalability: It accommodates a larger number of nodes by breaking them into 

smaller sub-systems, allowing for a significant reduction in computational time. 
• Resource Optimization: Vehicles can be allocated based on the specific de-

mands and characteristics of each partition, leading to a more efficient use of 
resources. 

• Flexibility: Departure stations and destinations can be set independently for 
each partition, enabling the service of customers to have a wider selection of 
destinations. 

By implementing this partitioning method, organisations can enhance the ef-
fectiveness of the model proposed, leading to more efficient solutions within com-
plex transportation networks. 

4.4. Other Advanced VRP Methods 

The selection of an appropriate VRP method depends on the specific features of 
the dataset, the constraints of the problem, and the desired balance between solu-
tion quality and computational time. In this subsection, we review existing avail-
able VRP tools and the work of other researchers, highlighting the unique use 
cases and applications for their VRP models. 

4.4.1. Google OR-Tools 
Google OR-Tools [7] is an open-source software suite designed for solving various 

https://doi.org/10.4236/ajor.2024.146009


K. Q. Lian, G. A. Tribello 
 

 

DOI: 10.4236/ajor.2024.146009 182 American Journal of Operations Research 
 

optimization problems, including the Vehicle Routing Problem (VRP), through 
advanced algorithms that enhance routing and scheduling efficiency. While OR-
Tools is highly effective in delivering quick solutions for large datasets, our pro-
posed model offers distinct advantages for small-scale logistics operations where 
specific operational constraints and passenger needs are prioritized. While Google 
OR-Tools is widely used for complex optimization problems across various in-
dustries, our model offers a simpler user interface that requires no technical ex-
pertise, making it more accessible for smaller organisations and non-technical us-
ers. This design allows operators to easily input parameters and constraints while 
delivering robust optimization solutions. It also incorporates a built-in trouble-
shooting system to easily identify infeasibilities due to parameter conflicts. Addi-
tionally, the organisations often benefit from focusing on constraint satisfaction, 
rather than only computational efficiency, which makes our approach valuable 
despite lacking the speed advantage of more generalized solvers. 

4.4.2. AND/OR Precedence Constraints 
The Vehicle Routing Problem with AND/OR Precedence Constraints and Time 
Windows framework proposed by Roohnavazfar et al. (2022) [4], addresses an 
additional constraint of requiring that for a given node, all AND-type predeces-
sors must be visited before it and at least one OR-type predecessor must be visited 
before it. In the context of transport service, the AND precedence constraint be-
comes particularly relevant when there are multiple drop off locations in a single 
journey. To ensure all passengers are on board before commencing drop-offs, 
every drop-off node must be designated as a successor to all pickup nodes. This 
constraint guarantees that the vehicle only begins dropping off passengers after 
completing all pickups, avoiding contradicting routes, and ensuring a more orga-
nized and systematic journey for all passengers. Of course, this approach intro-
duces significantly more computational complexities, as the number of con-
straints increases, making it more challenging to find optimal or even feasible so-
lutions. Also, adhering to the precedence relationships may lead to less efficient 
routes in terms of distance or travel time. 

4.4.3. Heuristic and Metaheuristic Algorithms 
Heuristic algorithms [3] are approximation methods designed to find near-opti-
mal solutions to complex optimization problems within an acceptable time-frame. 
There is no guarantee that these techniques will find an optimal solution but they 
are computationally efficient and are thus able to handle large data sets. Metaheu-
ristics [4] represent a more sophisticated class of heuristic algorithms that incor-
porate mechanisms to explore the solution space more comprehensively. Some 
common metaheuristics for VRP include: 
• Local Search: Local search algorithms [4] start with an initial solution and itera-

tively improve it by making small modifications within a defined neighbourhood. 
This process continues until no further improvements can be made within the 
current neighbourhood. 
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• Simulated Annealing: Drawing inspiration from the physical annealing pro-
cess, simulated annealing [4] allows for occasional uphill moves, which are 
moves that temporarily worsen the solution. Accepting these less optimal 
moves helps the algorithm to break free from local optima. The probability of 
accepting such moves decreases as the search progresses, ensuring the algo-
rithm eventually converges towards a high-quality solution. 

• Variable Neighbourhood Search (VNS): VNS [5] utilizes a systematic ap-
proach to changing the neighbourhood structure during the search. It operates 
on the principle that a local optimum for one neighbourhood structure may 
not be a local optimum for another. By switching between various neighbour-
hoods, the algorithm aims to avoid getting stuck in local optima and explores 
a broader range of the solution space. 

• Large Neighbourhood Search (LNS): LNS [5] works by removing a set of re-
quests from the current solution and then reinserting them to create a new 
solution. The size of the neighbourhood is defined by the number of requests 
removed and reinserted. LNS is particularly well-suited for rich vehicle routing 
problems that incorporate various complexities, including time windows, het-
erogeneous fleets, and multi-dimensional capacity constraints. 

5. Conclusions 

In this project, we have proposed a complete elementary solution to the Vehicle 
Routing Problem (VRP). Unlike more advanced VRP solutions, which often re-
quire significant computational resources and specialized expertise, this model 
offers a practical balance of simplicity, cost-effectiveness, and adaptability for 
smaller-scale operations suitable for volunteer or charity organisations. The 
model’s Python-based code is entirely written from scratch, making it straightfor-
ward to understand, troubleshoot, and modify. This eliminates the need to hire 
specialized technical personnel to implement or manage routing optimizations. 
One of the primary advantages of this model lies in its ease of use and self-suffi-
ciency, as all concepts and parameters are comprehensively documented within 
this paper. This approach not only simplifies parameter input but also reduces the 
time and resources necessary for organisations to manage and adapt the model to 
their needs. 

Additionally, the model can be extended to handle return journeys by inverting 
the start and end nodes, making it well-suited for transporting passengers both to 
and from their destinations. While computation time may be longer compared to 
advanced VRP methods, the trade-off is manageable for small-scale logistics or-
ganisations with smaller network of nodes and simpler routing requirements. Ul-
timately, this model is an elementary yet effective solution to the VRP, serving as 
a low-cost, efficient routing tool to provide essential transport services in a sys-
tematic, reliable, and economically feasible manner. 

To build on this research, several extensions for future works could improve its 
practical applications. Automating the node partitioning process using an algorithm 
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to group nearby locations into subsystems could provide near-optimal solutions, 
allowing the script to handle larger problem instances. This approach would make 
the tool more robust for complex, real-world logistics by reducing problem com-
plexity and focusing computational resources on smaller, manageable sub-prob-
lems. Such clustering strategies could significantly reduce computational expenses 
and time. Additionally, it is worth researching other heuristics or metaheuristic 
approaches to implement in the Python script, as these could further reduce the 
time required to generate near-optimal solutions compared to exact methods. 
These extensions would make the model better suited for real-time applications 
where quick, feasible approximations are more prioritized than exact solutions. 
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Appendix 

In this section, we provide the complete Python script implemented for this pro-
posed Vehicle Routing Problem (VRP). 

A.1. Python Script 

The complete Python code for solving the mathematical model, implementing 
Google API and conducting computation time analysis is presented. This Python 
script can be executed in any environment that supports Python, such as Jupyter 
Notebook or Google Colab. To ensure proper functionality, the following pack-
ages must be installed: Pulp, Requests, Matplotlib, and NetworkX. Use the follow-
ing commands to install the required packages: 

!pip install pulp  
!pip install requests  
!pip install matplotlib  
!pip install networkx  

A.1.1. Solution Using Pulp 
The mathematical model proposed in Section 2 is solved using the following script, 
which generates the output shown in Figure 1. Users are required to input the 
parameters between lines 7 and 16. The travel time matrix, located at line 18, is 
automatically input from the Google Maps API request script, Listing A.1.2. 
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Listing 1. Vehicle routing problem optimisation script. 

A.1.2. Google Maps API 
This script must be executed first to generate the travel time matrix required in 
Listing A.1.1, as illustrated in Table 1. Users should input their API key on line 7, 
and the address of the nodes starting from line 10. It is recommended to include 
the zip code to accurately identify and differentiate places with generic names. 
Additionally, the number of days in advance for which travel data is needed 
should be specified on line 21, while the departure time should be entered on line 
22. The script outputs two matrices: one for the travel time, used in Listing A.1.1, 
and another annotated matrix for further details and reference. 
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Listing 2. Google map API request script. 

A.1.3. Computation Time Analysis 
This script is utilized in the Computation Time Analysis 4.2 to access the run time 
of the optimization script in Listing A.1.1. The model’s fixed parameters are lo-
cated between lines 10 and 13, while the range of the random parameters, which 
can be altered according to needs, are specified between lines 16 and 21. Addi-
tionally, the number of nodes and the number of simulations for each set of nodes 
are entered in lines 24 and 25. This script prints the 5th and 95th percentiles, along 
with the median of the time taken for the script to run for each node count. Ad-
ditionally, it generates a histogram of the median on a logarithmic scale, with error 
bars representing the 5th and 95th percentiles. The number of feasible and infea-
sible states for each node count is also annotated below the histogram. 
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Listing 3. Computation time analysis script. 

 
 

 

https://doi.org/10.4236/ajor.2024.146009

	An Elementary Approach to the Vehicle Routing Problem via Python and Google API
	Abstract
	Keywords
	1. Introduction
	2. Methodology
	2.1. Assumptions
	2.2. Parameters and Sets
	2.3. Decision Variables
	2.4. Objective Function
	2.5. Constraints

	3. Implementation and Results
	3.1. Travel Time via Google Maps API
	3.2. Setting Parameters
	3.3. Solution Using PuLP
	3.4. Visualization of Solution
	3.5. Troubleshooting Infeasible Status

	4. Discussion
	4.1. Model’s Limitations
	4.2. Computation Time Analysis
	4.3. Scalability Using Node Partitions
	4.4. Other Advanced VRP Methods
	4.4.1. Google OR-Tools
	4.4.2. AND/OR Precedence Constraints
	4.4.3. Heuristic and Metaheuristic Algorithms


	5. Conclusions
	Acknowledgements
	Conflicts of Interest
	References
	Appendix
	A.1. Python Script
	A.1.1. Solution Using Pulp
	A.1.2. Google Maps API
	A.1.3. Computation Time Analysis



