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ABSTRACT: The Capacitated Vehicle Routing Problem 

(CVRP) presents significant challenges in shipping route 

optimization and logistics management. These challenges 

include balancing vehicle capacity, minimizing travel distance, 

and efficiently grouping delivery points, all of which are crucial 

for enhancing operational efficiency and reducing costs. This 

research aims to apply a combination of the Sweep and Nearest 

Neighbor algorithms to address the CVRP, seeking to improve 

route efficiency and manage vehicle capacity effectively. The 

Sweep algorithm is employed to cluster pickup points based on 

their polar angle from the depot, facilitating efficient grouping 

and optimal vehicle capacity management. Within each cluster, 

the Nearest Neighbor algorithm is implemented to optimize the 

sequence of visits, minimizing total travel distance by 

sequentially selecting the next closest point. The Haversine 

Distance is used to calculate the distances between points, 

ensuring geographical accuracy compared to the Euclidean 

method. Experimental results demonstrate that this hybrid 

approach yields shorter routes. Quantitative analysis shows a 

significant reduction 13% in total travel distance when using this 

combination of algorithms, highlighting its effectiveness in 

solving the CVRP. This research demonstrates that combining 

the Sweep and Nearest Neighbor algorithms provides an 

efficient solution to the CVRP, improving route optimization 

and vehicle capacity management. The findings contribute 

valuable insights to logistics management, with practical 

implications for enhancing shipping route efficiency. 
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INTRODUCTION 

In today's era of globalization and rapid economic development, optimizing logistics and goods distribution 

systems has become crucial for maintaining competitive advantage. Effective delivery route planning is 

essential for reducing operational costs, enhancing delivery speed, and ensuring high levels of customer 

satisfaction. Efficient route optimization not only minimizes costs but also significantly improves service 

quality, making it a vital component of logistics management (Avraham et al., 2017; Laganà et al., 2015; Liu 

& Lin, 2019; Seifbarghy & Samadi, 2014). 
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Planning delivery routes involves various complex challenges that must be addressed to achieve maximum 

efficiency (Bertrand et al., 1986; Scharpff et al., 2021; Zhou et al., 2019). Ensuring that each vehicle's load 

does not exceed its capacity while meeting all customer demands, minimizing the total travel distance or 

time, which directly impacts operational costs, reducing costs associated with fuel, labor, and vehicle 

maintenance and variability in demand, which can significantly fluctuate in both quantity and location, 

requires flexibility and adaptability in route planning (Das, 2016; Evans et al., 2011; Roudo et al., 2018). 

These challenges serve as a reference in planning delivery strategies that provide the most optimal 

conditions (Ghannadpour et al., 2014; Zhao et al., 2021). The approach used to solve this problem is the 

Capacitated Vehicle Routing Problem (CVRP), a variant of the Vehicle Routing Problem (VRP).  

The Capacitated Vehicle Routing Problem (CVRP) is a crucial optimization challenge in logistics and supply 

chain management. It involves planning optimal routes for a fleet of vehicles with limited capacity to serve 

customers while minimizing total travel distance (Fischetti et al., 1994; Rojas-Cuevas et al., 2018). Efficiency 

is achieved by strategizing routes for each fleet to meet all customer demands, thereby optimizing the 

number of fleets assigned  (Fischetti et al., 1994). Improved routing can enhance delivery speed and 

reliability. For instance, companies like UPS have reported reducing their delivery times by 10-15% through 

optimized routing strategies, leading to improved customer satisfaction and service levels. Beside that, 

proper route optimization ensures that each vehicle operates at its full capacity, thereby reducing the 

number of vehicle. 

Various solution approaches have been developed, including classical heuristics, metaheuristics, and exact 

methods (Konstantakopoulos et al., 2022). They also explain about the common strategy, split the task into 

two phases: customer clustering and route optimization. The Sweep algorithm is popular for clustering, 

with recent improvements focusing on identifying appropriate starting angles ((Peya et al., 2019). The Sweep 

algorithm is a heuristic method used to solve vehicle routing problems by utilizing geometry and angles to 

cluster customers into manageable routes for a limited capacity fleet (Akhand et al., 2017; Peya et al., 2019). 

The basic Sweep Algorithm clusters nodes based on polar angles, but variations have been proposed to 

improve performance. Peya et al. (2019) explored different starting angles for clustering for route 

optimization. These modifications can lead to better solutions for CVRPs compared to conventional 

approaches. The algorithm's effectiveness is influenced by problem instance characteristics, such as node 

distribution and depot location.  

While the Sweep and Nearest Neighbor algorithms are frequently used to address the Capacitated Vehicle 

Routing Problem (CVRP), existing implementations often rely on Euclidean distance, which can introduce 

inaccuracies in distance calculations due to the Earth's curvature. The Haversine formula is a well-

established method for calculating distances between two points on a spherical surface and is particularly 

useful for geographic applications ((Prasetya et al., 2020; Winarno et al., 2017). It has been applied in various 

contexts, including location-based services for presence systems (Winarno et al., 2017) and route 

optimization (Prasetya et al., 2020). By integrating Haversine distance into these algorithms, this study aims 

to improve the efficiency of route optimization, offering more realistic and applicable solutions for real-

world geographical contexts by explore a combination of the Sweep and Nearest Neighbor algorithms, 

enhanced with more efficient distance-based clustering techniques, to improve accuracy and efficiency in 

CVRP solutions under dynamic demand. We will also compare the results with those obtained using the 

Sweep algorithm and the Nearest Neighbor algorithm individually (McDaniel et al., 2023; Prajapati et al., 

2022; Wang et al., 2018). 

The remainder of the paper is structured as follows: Section II provides a detailed explanation of the 

algorithm including a brief overview of the Sweep, Nearest Neighbor, combine of Sweep-Nearest Neighbor 

algorithms and haversine distance method for better clarity. Section III presents data analyses and a 

comparison of different techniques applied to benchmark CVRPs. Finally, Section IV summarizes the 

conclusions of the paper. 
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METHOD 

The purpose of this investigation is to analyze the performance of the Sweep and Nearest Neighbor 

algorithms in solving the Capacitated Vehicle Routing Problem (CVRP) amid varying demand. This section 

begins by outlining the haversine distance, sweep algorithm and Nearest Neighbor algorithm (Ali et al., 

2023; Mahajan et al., 2019; Mengash et al., 2023). 

Haversine Distance  

The Haversine distance is a formula used to calculate the great-circle distance between two points on the 

surface of a sphere, given their longitudes and latitudes. This method is particularly useful for determining 

the distance between geographical locations on Earth. This method calculates the shortest distance over 

the Earth's surface, giving a result in a straight line distance between two points (as the crow flies). It 

provides a more accurate distance than Euclidean distance for points on the Earth's surface. Beside that, it 

easy to implement with basic trigonometric functions. The Haversine Distance equation is as follows: 

a =  Sin2(∆x/2) + Cos(x1) ∗ Cos(x2) ∗ Sin2(∆y/2)       

        1 

c = 2 ∗ atan2(√a, √1 − a)         

        2 

𝑑 = 𝑅 ∗ 𝑐           

        3 

𝑟𝑎𝑑𝑖𝑎𝑛𝑠 = 𝑑𝑒𝑔𝑟𝑒𝑒 ∗
𝜋

180
          

        4 

Where x1 and x2 are the latitudes of the two points radians. To convert the latitudes and longitudes degree 

to radians use function 4. ∆x is difference in latitudes (x2 − x1) and ∆y  is difference in longitudes (y2 −

𝑦1). 𝑅 is the earth’s radius (mean radius = 6,371 km) and 𝑑 is the distance between two points. Algorithm 

1 shows the steps of haversine distance. 

Sweep Algorithm 

Sweep algorithm is a specific heuristic approach used to generate feasible routes for vehicles in variations 

of the Vehicle Routing Problem (VRP). It operates by creating routes based on angular sectors around a 

central depot. The fundamental idea is to group customers into clusters according to their polar angles 

relative to the depot and then assign each cluster to a vehicle. The Sweep Algorithm is used to route 

customers based on their polar angle relative to the depot. The polar angle Equation given by:  

θ𝑖 = atan2 (yi − y0, xi − x0)         

         5 

Where 𝑖 is customer index (𝑖 = 1,2,3,4, … … , 𝑛) and θ𝑖 is customer 𝑖 polar angle. (x0, y0) is the depot 

location and (xi, yi) is the customer location. Convert polar angle into degree by this equation: 

θ𝑖  𝑖𝑛 𝑑𝑒𝑔𝑟𝑒𝑒 =  θ𝑖  𝑖𝑛 𝑟𝑎𝑑𝑖𝑎𝑛 ∗
180

𝜋
         

         6 

The steps of the sweep algorithm illustrated in Algorithm 2. 

Nearest Neighbor 

The Nearest Neighbor Algorithm is a method used to find the closest point or points to a given query point 

from a set of points. In VRP context, nearest neighbor is a heuristic approach where the algorithm starts 
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at an initial point, moves to the nearest unvisited point at each step, and continues until it has visited all 

points and returned to the starting point. This approach does not always provide the optimal solution but 

can be useful for approximations.  

Sweep Nearest Neighbor Algorithm 

The Sweep Nearest Neighbor Algorithm combines the nearest neighbor approach with a sweeping 

mechanism to reduce the search space and improve efficiency. It’s particularly useful for problems where 

the spatial distribution of points can be exploited to find better solutions more quickly. The Sweep 

algorithm is used to route based on the polar angle of each customer. While the Nearest Neighbor algorithm 

is used to optimize the results obtained from the Sweep algorithm. The output of the Sweep algorithm 

consists of customer groupings based on their polar angle order for each fleet. The routes formed for each 

fleet are still based on their polar angle order. This result is believed to be further optimized by finding the 

shortest route using Nearest Neighbor algorithm. 

Algorithm 1: Haversine distance 

Step 1: Convert the latitude and longitude of both points from degrees to radians. 

Step 2: Calculate the differences in latitude and longitude 

Step 3: Apply the Haversine formula using Equation 1 

Step 4: Calculate the central angle using Equation 2 

Step 5: Calculate the distance using Equation 3 

 

Algorithm 2: Sweep Algorithm 

Initialization: 

Step 1: Specify the problem parameters, such as the locations of customers and the depot, customer 

demands, and vehicle capacities. 

Step 2: Calculate the distance with haversine distance algorithm 

Step 3: Calculate Polar angles of each customer using Equation 5. 

Step 4: Convert the polar angles from radians to degrees for easier interpretation and sorting use equation 

6. 

Step 5: Sort the customers based on their polar angles in ascending order 

Clustering: 

Step 1: Set 𝑐𝑙𝑢𝑠𝑡𝑒𝑟 = 1  

Step 2: Start from the smallest polar angle and move to the largest add them to the current cluster.  

Step 3: Stop adding customer when they cannot be added to the current cluster because exceeding vehicle 

capacity  

Step 4: Set 𝑐𝑙𝑢𝑠𝑡𝑒𝑟 = 𝑐𝑙𝑢𝑠𝑡𝑒𝑟 + 1   

Step 5: Repeat step 2-4 until each customer have been allocated   

Step 6: Construct routes based on the results of the clustering. Add the depot as both the starting and 

ending point for each route. 
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Step 7: Calculate the total distance for each route. 

 

Algorithm 3: Nearest Neighbor Algorithm 

Initialization: 

Step 1: Specify the problem parameters, such as the locations of customers and the depot, customer 

demands, and vehicle capacities. 

Step 2: Calculate the distance with haversine distance algorithm 

Step 3: Set 𝑟𝑜𝑢𝑡𝑒 = 1  

Step 4: set the depot as starting and end point then find the nearest customer from starting point and add 

the nearest customer to the route 

Step 5: Update the vehicle’s load by adding the demand of the selected customer then mark the customer 

as visited and move the vehicle to this customer’s location. 

Step 6: Continue selecting the nearest customer and adding it to the route  

Step 7: Stop adding customer when they cannot be added to the current route because exceeding vehicle 

capacity  

Step 8: Set 𝑟𝑜𝑢𝑡𝑒 = 𝑟𝑜𝑢𝑡𝑒 + 1   

Step 9: Repeat step 2-5 until each customer have been allocated   

Step 10: Ensure all customers are visited and all vehicles return to the depot then calculate the total distance 

for each route. 

 

Algorithm 3: Sweep-Nearest Neighbor Algorithm 

Initialization: 

Step 1: Specify the problem parameters, such as the locations of customers and the depot, customer 

demands, and vehicle capacities. 

Step 2: Calculate the distance with haversine distance algorithm 

Step 3: Calculate Polar angles of each customer using Equation 5. 

Step 4: Convert the polar angles from radians to degrees for easier interpretation and sorting use equation 

6. 

Step 5: Sort the customers based on their polar angles in ascending order 

Clustering: 

Step 1: Set 𝑐𝑙𝑢𝑠𝑡𝑒𝑟 = 1  

Step 2: Start from the smallest polar angle and move to the largest add them to the current cluster.  

Step 3: Stop adding customer when they cannot be added to the current cluster because exceeding vehicle 

capacity  

Step 4: Set 𝑐𝑙𝑢𝑠𝑡𝑒𝑟 = 𝑐𝑙𝑢𝑠𝑡𝑒𝑟 + 1   

Step 5: Repeat step 2-4 until each customer have been allocated   
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Routing: 

Step 1: For each cluster 

Step 2: Set the depot as both the starting and ending point of the route  

Step 3: find the nearest customer from starting point and add the nearest customer to the route. Update 

the vehicle’s load by adding the demand of the selected customer then mark the customer as visited and 

move the vehicle to this customer’s location 

Step 4: Continue selecting the nearest customer and adding them to the route until all customers in the 

cluster have been visited 

Step 5: Repeat step 2-4 until each cluster have been optimized   

Step 6: Calculate the total distance for each route. 

 

RESULT AND DISCUSSION 

This section explain the primary data and data analysis setup. Then it describes the data analysis and discuss 

about the comparison of the result with highlight similarities, differences, and any new insights provided.  

This study uses primary data, including a number of customer with their order quantities and coordinat 

location. Then vehicle capacity. The CVRP approach is used to plan delivery strategies by determining 

routes that provide an optimal total delivery distance. Route determination is conducted for a mineral water 

company that will distribute to 30 customers, with the company serving as the depot. The fleet used for 

this delivery has a capacity of 490 units per fleet. This fleet is used to transport three types of water products, 

all of which are of the same size. The customer data, shown in Table 1, includes the locations of the depot 

and customers, as well as the demand for each customer.  

This study was conducted using Python, with Google Colab serving as the platform for executing code and 

managing computational tasks. Python's libraries and functions facilitate the implementation of the Sweep 

and Nearest Neighbor algorithms, allowing for efficient data processing and route optimization.  

 

Table 1. The Primary Data 

Customer 
Coordinate Demand 

(unit) 
Customer 

Coordinate Demand 

(unit) x y x y 

Depot -7,49601 112,46659 -     

Customer 1 -7,33597 112,72626 100 Customer 16 -7,24157 112,60967 102 

Customer 2 -7,25996 112,68108 89 Customer 17 -7,37378 112,96307 96 

Customer 3 -7,33165 112,67044 98 Customer 18 -7,36452 112,68756 100 

Customer 4 -7,26749 112,76099 104 Customer 19 -7,39964 112,72361 100 

Customer 5 -7,25567 112,66393 88 Customer 20 -7,39659 112,69882 95 

Customer 6 -7,30212 112,72909 102 Customer 21 -7,35672 112,75370 102 

Customer 7 -7,31649 112,79734 97 Customer 22 -7,50769 112,71182 97 

Customer 8 -7,29126 112,79241 88 Customer 23 -7,42706 112,67333 86 
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Customer 9 -7,27687 112,75092 105 Customer 24 -7,46338 112,57118 102 

Customer 10 -7,30540 112,73096 101 Customer 25 -7,45017 112,72938 103 

Customer 11 -7,30083 112,73216 88 Customer 26 -7,36396 112,58110 90 

Customer 12 -7,33951 112,75206 97 Customer 27 -7,45441 112,67694 96 

Customer 13 -7,28292 112,72193 94 Customer 28 -7,40742 112,58110 95 

Customer 14 -7,26964 112,72319 102 Customer 29 -7,46480 112,71529 99 

Customer 15 -7,25149 112,64408 114 Customer 30 -7,34746 112,68718 100 

 

In the data analysis section, delivery routes are determined using three types of algorithms: Sweep, Nearest 

Neighbor, and a combination of Sweep and Nearest Neighbor. The distances for all three algorithms are 

computed using the Haversine Distance algorithm. Table 2 presents the distance calculations. The distance 

matrix, calculated using the Haversine distance algorithm (Algorithm 1), determines the distances between 

each point (depot and all customers). Table 3 illustrates the results of the polar angle calculations, which 

are performed using Equations 5 and 6. Equation 5 calculates the polar angle in radians, and Equation 6 is 

used to convert the polar angle from radians to degrees. 

The clustering process results are presented in Table 4, showing the outcomes of sorting based on the 

magnitude of the polar angles. The initial order starts with the customer with the smallest polar angle. 

Customers are then plotted and grouped into clusters (fleets) based on this order, with grouping constrained 

by fleet capacity. Seven clusters/vehicles are assigned, with each load remaining under the vehicle’s capacity. 

Table 5 shows the results of optimization using the three algorithms: Sweep, Nearest Neighbor, and the 

combination of Sweep and Nearest Neighbor. The results include vehicle assignments, routes for each 

vehicle with the total distance, and the total distance for all fleets for each algorithm. The comparison is 

based on the total distance for each algorithm start with customer  

The results show the similarities and differences in the outcomes of applying three algorithms to CVRP. 

The similarity is that the number of clusters or fleets assigned is 7. On the other hand, the 

differences are in the routes and visit sequences. The Sweep algorithm and the Sweep-Nearest 

Neighbor algorithm produced the same clustering results in the analysis but generated different routes. 

In the routing optimization process, the Sweep algorithm bases its optimization on the size of the polar 

angle for each customer (Algorithm 2). In contrast, the Sweep-Nearest Neighbor algorithm is based on the 

proximity customer’s location within the assigned clusters (Algorithm 4). The total distance calculated by 

the Sweep-Nearest Neighbor algorithm is 591,97, compared to 680,89 for the Sweep algorithm, resulting 

in a 13% difference. 

For better understanding, refer to Figure 1 and Figure 3. Figure 1 illustrated the generated route of Sweep 

algorithm, while Figure 3 explained the route of combine algorithm (Sweep and Nearest Neighbor). It is 

noteworthy from the figure that the better result route sequence is came from the combination of Sweep 

and Nearest Neighbor algorithm. Fleet 1 in Sweep algorithm resulted 0-16-15-5-26-2-0, while fleet 1 in 

Sweep-Nearest Neighbor algorithm resulted 0-26-16-15-5-2-0. The sequence of visits for Fleet 1 illustrated 

in the figure shows that Customer 26 was visited first in the Sweep-Nearest Neighbor algorithm because 

its location is closest to the depot. In contrast, Customer 16 was visited first in the Sweep algorithm because 

it has the smallest polar angle. Then in the Sweep algorithm, the next visit after Customer 5 is Customer 

26, even though Customer 2 is closer to Customer 5, but has a larger polar angle than Customer 26. In 

contrast, the Sweep-Nearest Neighbor algorithm visits the nearest customer after Customer 5, which is 

Customer 2. Based on the data analysis, the size of the polar angle does not correlate directly with the 

distance. This results in a larger distance in the visit sequence for the Sweep algorithm. 
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Table 3. Polar Angle Results 

Criteria Node 
Polar 
Angle 

(radian) 

Polar 
Angle 

(Degree) 
Criteria Node 

Polar 
Angle 

(radian) 

Polar 
Angle 

(Degree) 

Customer 1 1 1,02 58,38 Customer 16 16 0,51 29,37 

Customer 2 2 0,74 42,28 Customer 17 17 1,33 76,21 

Customer 3 3 0,89 51,15 Customer 18 18 1,03 59,27 

Customer 4 4 0,91 52,21 Customer 19 19 1,21 69,48 

Customer 5 5 0,69 39,41 Customer 20 20 1,17 66,86 

Customer 6 6 0,93 53,58 Customer 21 21 1,12 64,15 

Customer 7 7 1,07 61,54 Customer 22 22 1,62 92,77 

Customer 8 8 1,01 57,88 Customer 23 23 1,25 71,59 

Customer 9 9 0,91 52,40 Customer 24 24 1,27 72,71 

Customer 10 10 0,95 54,24 Customer 25 25 1,40 80,15 

Customer 11 11 0,94 53,71 Customer 26 26 0,71 40,95 

Customer 12 12 1,07 61,30 Customer 27 27 1,38 78,85 

Customer 13 13 0,88 50,18 Customer 28 28 0,91 52,30 

Customer 14 14 0,85 48,61 Customer 29 29 1,45 82,89 

Customer 15 15 0,63 35,99 Customer 30 30 0,98 56,07 

 

Meanwhile, the Nearest Neighbor algorithm results in a larger total distance compared to the Sweep-

Nearest Neighbor algorithm. The clustering results from the Nearest Neighbor algorithm differ from those 

of the Sweep algorithm and Sweep-Nearest Neighbor algorithms. In the Nearest Neighbor algorithm, 

Cluster or Fleet 1 results in the sequence 0-24-28-26-3-30-0. In Figure 2, for Cluster or Fleet 1, the first 

customer selected is based on proximity to the depot (Customer 24), while in the other two algorithms, the 

first customer in Cluster 1 is the one with the smallest polar angle (Customer 16). This condition leads to 

different routing outcomes for each fleet. However, the Sweep-Nearest Neighbor algorithm produces a 

better total distance, with a 3% improvement over the Nearest Neighbor algorithm 

Tabel 4. Customer Clustering Results 

Customer 

Polar 
Angle 

(Degree) 
Demand 

Demant 
Cumulative 

Fleet Customer 

Polar 
Angle 

(Degree) 
Demand 

Demand 
Cumulative 

Fleet 

Customer 16 29,37 102 102 

Fleet 1 

Customer 12 61,30 97 97 

Fleet 
5 

Customer 15 35,99 114 216 Customer 7 61,54 97 194 

Customer 5 39,41 88 304 Customer 21 64,15 102 296 

Customer 26 40,95 90 394 Customer 20 66,86 95 391 

Customer 2 42,28 89 483 Customer 19 69,48 100 100 
Fleet 

6 
Customer 14 48,61 102 102 Fleet 2 Customer 23 71,59 86 186 
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Customer 13 50,18 94 196 Customer 24 72,71 102 288 

Customer 3 51,15 98 294 Customer 17 76,21 96 384 

Customer 4 52,21 104 398 Customer 27 78,85 96 480 

Customer 28 52,30 95 95 

Fleet 3 

Customer 25 80,15 103 103 

Fleet 
7 

Customer 9 52,40 105 200 Customer 29 82,89 99 202 

Customer 6 53,58 102 302 Customer 22 92,77 97 299 

Customer 11 53,71 88 390  

Customer 10 54,24 101 101 

Fleet 4 

Customer 30 56,07 100 201 

Customer 8 57,88 88 289 

Customer 1 58,38 100 389 

Customer 18 59,27 100 489 

 

Table 5. CVRP Results with Sweep, Nearest Neighbour and Sweep-Nearest Neighbor Algorithm 

Fleet  Sweep Nearest Neighbor Sweep-Nearest Neighbor 

Route Total Distance 

(Km) 
Route Total Distance  

(Km) 
Route Total Distance 

(Km) 

Fleet 1 0-16-15-5-26-2-0 105,01 0-24-28-26-3-30-0 65,67 0-26-16-15-5-2-0 76,81 

Fleet 2 0-14-13-3-4-0 100,70 0-27-23-20-19-18-0 67,65 0-3-13-14-4-0 83,71 

Fleet 3 0-28-9-6-11-0 80,23 0-22-29-25-21-11-0 87,93 0-28-6-11-9-0 79,55 

Fleet 4 0-10-30-8-1-18-0 98,51 0-16-15-5-2-13-0 82,51 0-18-30-1-10-8-0 87,74 

Fleet 5 0-12-7-21-20-0 83,54 0-1-12-10-6-8-0 91,07 0-20-21-12-7-0 84,50 

Fleet 6 0-19-23-24-17-27-0 149,38 0-14-9-4-7-0 90,89 0-24-27-23-19-17-0 116,15 

Fleet 7 0-25-29-2-0 63,52 0-17-0 112,81 0-22-29-25-0 63,52 

Total Distance 680,89 Total Distance 598,77 Total Distance 591,97 

 

 

 

 

 

 

 

 

 

 

Figure 1. Solution with Sweep Algorithm 
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Figure 2. Solution with Nearest Neighbor Algorithm 

 

 

 

 

 

 

 

 

 

 

Figure 3. Solution with Sweep-Nearest Neighbor Algorithm  
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CONCLUSION  

This study compared the performance of three algorithms: Sweep, Nearest Neighbor, and the Sweep-

Nearest Neighbor algorithm, for solving the Capacitated Vehicle Routing Problem (CVRP). The 

comparison among these algorithms is based on the total distance results, with distances between locations 

calculated using the Haversine Distance Algorithm. The analysis revealed that while the Sweep algorithm 

produced the largest total distance, the Sweep-Nearest Neighbor algorithm offered a more efficient routing 

sequence by focusing on the nearest distance between locations, leading to a more optimal total distance 

compared to the Nearest Neighbor algorithm. 

The Sweep-Nearest Neighbor algorithm, which integrates both the Sweep and Nearest Neighbor 

approaches, demonstrated superior performance by optimizing both clustering and route sequencing. This 

method resulted in the shortest total distance and showed a 3% improvement over the Nearest Neighbor 

algorithm and a 13% improvement over the Sweep algorithm. Overall, the Sweep-Nearest Neighbor 

algorithm emerged as the most effective for minimizing total travel distance while maintaining practical 

efficiency in route planning. This underscores the advantage of combining heuristic and nearest neighbor 

techniques to address complex routing challenges in CVRP. 

Although this combination has yielded promising results, further research could explore integrating other 
optimization algorithms, such as Genetic Algorithms or Simulated Annealing, to achieve even more optimal 
solutions. Additionally, it is important to consider disruptions affecting the distribution process. 
Incorporating factors such as customer disruptions, real-time traffic conditions, or a combination of both 
can enhance distribution planning and improve the accuracy and reliability of the routing system (Rosyida 

et al., 2020). 
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