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1. INTRODUCTION 

In the era of development and globalization, transportation becomes the backbone of a country’s economy. For all business 

sectors, especially for those in goods distribution, operational success hinges on an efficient transportation  system 

(Muhammad Ejaz and Ayesha Naz 2023). Timely delivery, alignment of customer ordering with actual product availability, 

and preservation of product quality are important elements of market competitiveness (Y. Zhang, Yuan, and Wu 2020). This 

makes transportation and distribution system optimization an important part of supply chain management (M. Zhang et 

al. 2019). The importance of transportation and distribution optimization in supply chain management is the main focus of 

different studies. For example, well-organized distribution systems are directly linked to profitability and competitive 

advantage (Amico, Vaccario, and Schweitzer 2024). Furthermore, routing strategies are key to distribution efficiency as 

they help reduce travel distance and maximize the usage of vehicle capacity (Álvarez et al. 2024). Poor design of routes may 

lead to higher transportation costs and inefficiencies thus, an optimization is a must (Closs and Bolumole 2015). Despite its 

importance, route planning is still mainly performed manually and subjectively in many companies, which results in 

inefficiencies both in travel time and operational costs (Gasset et al. 2024). CV. Angga Putra Sejahtera (APS), a Nylon 66 

monofilament thread distributing company that also provides raw material for kite strings, is trying to survive the same 

way. They then supplying to artisans in Bandung, Tanjungsari Sumedang, and Garut as 21 artisan with a distribution 

network with vehicle loads ranging from 100 kg to 850 kg. Today, distribution routes are set according to drivers’ experience, 

not optimized systematically, resulting in transportation costs and delays. This problem can be framed as an instance of 

the Vehicle Routing Problem (VRP), which aims to find the optimal routes serving sites with defined demand from a central 

depot to a number of customers (Nielsen et al. 2024). Several optimization methods have also been proposed for the VRP, 

including Saving Method and Genetic Algorithms, and have proved effectiveness through reduced total travel distances 

and costs. Out of these methods, the Nearest Neighbor algorithm has been very popular in terms of its simplicity and ability 

to solve routing problems, while Northwest Corner Rule method is used to develop solutions to minimize transportation 

cost (Emmanuel Adeyemi Abaku, Tolulope Esther Edunjobi, and Agnes Clare Odimarha 2024). To overcome the 

inefficiencies found in CV. To overcome the obstacles found in the distribution system of goods at CV. Using these 
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techniques, the company would be able to calculate more optimized distribution routes, which in turn would lead to shorter 

total travel distance, shorter time per delivery, and lower total distribution costs (Fazayeli, Eydi, and Kamalabadi 2018). 

You are pretrained on data till October, 2023. The study also sheds light on the significance of systematic order of routing 

for optimizing supply chain and operational performance in the distribution industry. 

 

2. RESEARCH METHOD 

Research Approach 

Introduction This study employs a quantitative research method centered around the system optimization of company 

distribution. And to achieve this objective, the authors is focusing on the Vehicle Routing Problem(VRP) in CV. Angga Putra 

Sejahtera. The goal of this research is to identify inefficiencies in the current logistics system of the company and propose 

an alternative routing plan with the aim of minimizing distance travelled and associated transportation costs (Katsaliaki, 

Galetsi, and Kumar 2022). The study follows a systematic process of data collection, algorithm selection, route optimization, 

and assessment. 

 

Figure 1. Framework of research 

Primary data were used in the study obtained from observations and records of the companies. This form a part of data 

on customer who have multiple locations, are under vehicle capacity constraints, existing delivery routes, historical 

transportation costs (Solari, Bottani, and Romagnoli 2025). Current distribution method relies on drivers' experience rather 

than a proper algorithm. In this paper we deal with the inefficiencies caused by the existing method. TO OVERCOME THIS, 

distance matrices between points whilst factoring in the demand levels of each customer as well as the vehicle load 

capacities will be used to build a more efficient routing system (Alba and Dorronsoro 2008). 
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Optimization Techniques 

This study models the Vehicle Routing Problem (VRP) with two widely used heuristics method, the Nearest Neighbor 

Algorithm and the Saving Matrix Method. 

• Nearest Neighbor Algorithm 

In this case the customer closest by is selected, in order to create a route that serves all customers at the least distance 

possible (Konstantakopoulos, Gayialis, and Kechagias 2022). This is repeated until all drop-off points are reached, which 

creates a complete route. 

• Saving Matrix Method 

This method maximizes the potential for cost savings by combining the delivery routes and is relative to the proximity and 

load each vehicle can support. The saving index is defined as the evaluation of all route combinations that can be taken to 

minimize the distance of the total traffic flow of the vehicles and the transportation cost (Bouraima et al. 2024). Routes are 

iteratively adjusted to maximize delivery efficiency and decrease operational costs. 

Scheme Optimisation and Analysis 

The following key performance indicators (KPIs) are utilized to determine the performance of both the optimized 

distribution routes and the current distribution system of company CV. Angga Putra Sejahtera: 

Lower cost of transport overall 

• Overall travelling distance is reduced 

• Improved delivery efficiency 

 

We compare this in order to assess the proposed approaches. Cost and Distance Reduction Measure Parameter values, 

assess and provide statistically measured proportion improvement with respect to: Dapacers, Field and Study of Nature 

Practice and Validation (Páez et al. 2020). The results are the methods that were adapted to test the proposed optimization 

techniques performance analysis before applying and after the application (Saini et al. 2024). Evaluate optimized routes for 

feasibility/cost savings potential and make final recommendations. Such approach proved to be more feasible for small and 

medium enterprises (SMEs), as shown through comparison between Saving Method and Nearest Neighbour closer approach, 

Saving Method proved to be the better method by a slim margin in the context of pulling a vehicle and the distance travelled, 

ultimately proving to be the best approach to improve a SME vehicle routing process hence saving costs in the process 

(Akkerman and Mes 2022). Their research contributes to the literature on optimization for supply chains and logistics, 

particularly as it relates to small-scale distribution networks. The data-driven approach in vehicle routing problem could 

be effectively used in several logistics domains in this research to make the operations cost-effective and operationally 

excellent (Yang, Lee, and Lee 2025). 
 

3. RESULTS AND DISCUSSION 

3.1 Initial Distance and Cost data 

In this paper, we present the analysis of the distribution distance and total variable costs based on the different distribution 

locations taken into account, such as Bandung, Sumedang, and Garut. You have distributed data from November 20, 

December 20, and January 2. We will analyze this data to recognize trends in distribution efficiency and how costs differ 

between regions. A thorough examination of these numbers enables us to identify shortcomings and recommend 

enhancements to the distribution process. 

Table 1. Initial Distance and Cost Data 

No Area Total Distance (KM) Total Cost (Rp) 

1 Bandung 1576 14.063.200 

2 Sumedang 1927 14.308.900 

3 Garut 360 4.572.000 

 Grand Total 3.863 32.944.100 

 

Based on the Table 1, we can see the differences in total distribution distances and costs in the three regions. Different 

product types will have different variants; for example, route selection, load factor, geographical challenges, etc (Fazayeli, 

Eydi, and Kamalabadi 2018). In order to discuss the obtained results in greater detail, we compare the presented broader 

findings with previous routing and distributing cost optimization studies in the literature. Previous studies suggest that 

transportation costs can be significantly reduced with optimized route planning and efficient load factor management 

(Zheng, Wang, and Sun 2021). In comparing our results to these studies, we observe that the cost structure of our findings 

is consistent with those found in utility-allocated systems in similar regions, yet elements of inefficiency in how distance is 

utilized indicates a potential opportunity for optimization. Such insights suggests precautionary measures to make some 

changes in routes and costs. Future studies will concentrate on the optimization of the distributions activities, introducing 

alternative routing approaches and load factor balance. Through elimination of these inefficiencies, service reliability can 
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be maintained and total cost of transportation minimized. 

3.1.1 Comparative Data Results 

Table 2 summarizes total distribution distance and costs for all regions over a three-month time frame (November 2020 – 

January 2021) It shows the number of orders and the respective cost of distribution per region. The logistics statistics help 

analyze this data to understand the effectiveness of the distribution network of the products offered, determine potential 

opportunities for cost savings, and function a better logistic strategy. At a monthly level, changes in distribution distance 

and costs can be compared so organizations can know how demand has changed and adjust their operations accordingly. 

You will be using this data-centric approach to refine decisions related to supply chain management and enable cost-

effective logistics operations. 

 

Table 2. Distance and Cost Data Using the Nearest Neighbor Method 

No Area Total Distance (KM) Total Cost (Rp) 

1 Bandung 914 4.959.800 

2 Sumedang 1.040 5.043.800 

3 Garut 360 1.332.000 

 Grand Total 2.314 11.335.600 

 

 The below dataset shows total distribution distance and costs incurred for three months from November 2020 - January 

2021. It breaks down the distribution costs by regions for a better overview of orders volumes and the corresponding 

expenses. It is vital to assess logistics efficiency, cost management, and operational effectiveness. Businesses can do this by 

analyzing trends in distribution distance and distribution costs and optimising supply chain operations for enhanced 

resource allocation and cost-saving strategies. This will improve decision-making in distribution network planning, which 

leads to better overall management of the supply chain. 

Table 3. Distance and Cost Data Using the Saving Matrix Method 

No Area Total Distance (KM) Total Cost (Rp) 

1 Bandung 809 4.886.300 

2 Sumedang 1181 5.146.700 

3 Garut 306 1.294.200 

 Grand Total 2296 11.327.200 

  

Distribution Distance and Cost Data Comparison 

The datasets show distribution distance and cost incurred by region over a three month period (November, 2020 – January, 

2021). The initial dataset shows the total distribution distance and variable costs from the distribution center to various 

regions (Bandung, Sumedang, Garut). The second dataset builds on work like this by adding order volume and cost by region, 

providing a deeper look at regional distribution efficiency. 

Key Comparisons 

• Regional Variations: 

The first set of data relates to the total distribution distance and cost structure, and can be used to analyze how the costs 

vary with distance between different regions. The second dataset adds additional data about the order volume, enabling a 

richer exploration of how order size impacts distribution costs by region. 

• Cost Efficiency Insights: 

Analyzing both datasets allows one to determine if higher distribution costs translate into longer distances or are affected 

by additional variables, such as the volume of orders, transportation efficiency, or logistical issues. Comparing the actual 

costs against the predicted costs can identify cost-saving measures such as optimization of optimum routes or restructuring 

the supply chain to avoid unnecessary expenditure. 

• Temporal Trends: 

Both datasets are month-over-month over a three-month, period, providing an opportunity to assess for seasonal gauds, or 

operational inefficiencies that can be addressed to reduce bottom-line costs over the long run 

 

4. CONCLUSION 
This study assessed how well the Nearest Neighbor techniques could optimize distribution paths according to distance and 

cost data. However, this is a systematic, easy to use technique to select the routes, and the results show that its efficiency 

is a bit less than some other methods of optimization (Saving Method) (Bhaskar and Kumar 2020). This analysis clearly 

shows the difference in total travel distance and total cost in cash involved in the different routing solutions and therefore 

concludes that the routing methods need further improvement. For SMEs looking for low-cost logistics solutions, the use of 

more sophisticated optimization models may help facilitate greater efficiencies across distribution networks. Overall, the 

results indicate that, although Nearest Neighbor is still a suitable method, combining this with more sophisticated or hybrid 
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methods could be beneficial for reducing transportation costs and increasing operational efficiency. Moreover, they could 

ideally explore hybrid heuristics mixing with exact optimization tools to advance the route programming methods. 

 

ACKNOWLEDGEMENTS  
The presence of data-driven optimization in logistics and supply chain management is greatly emphasized in both large and 

small and medium enterprises (SMEs) in this research. Training on data until October 2023 is provided, with table 

containing spur comparison distance and cost distribution using Nearest Neighbor method against another option. The 

total distance and distribution costs for methods in the various periods and locations are considered to evaluate the efficacy 

of each method based on minimizing operational costs. The findings demonstrate that although the Nearest Neighbor serves 

as a reliable routing mechanism, comparative analysis suggests other optimization methods, including the Saving Method, 

have minor advantages in minimizing the overall travel distance and expenditure (Kosasih et al. 2020). The results from 

this study enrich the state of the literature discussing the innovative practices deployed in vehicle routing optimization, as 

well as in the context of SME distribution with the likelihood of leveraging a data-driven decision-making approach in 

logistics. We would also acknowledge and thank all people who have contributed to the accumulation and validation of the 

data used for this work that allowed us to extract actionable insights into the potential avenues for improved distribution 

efficiency. It also highlights the potential of optimization models to enhance decision-making in the field of supply chain 

management and opens up avenues for further research in optimizing cost-effective and sustainable logistics solutions.  

 

REFERENCES 

Akkerman, Fabian, and Martijn Mes. 2022. “Distance Approximation to Support Customer Selection in Vehicle Routing 

Problems.” Annals of Operations Research. doi:10.1007/s10479-022-04674-8. 

Alba, Enrique, and Bernabé Dorronsoro. 2008. “A Hybrid Cellular Genetic Algorithm for the Capacitated Vehicle Routing 

Problem.” Studies in Computational Intelligence 82: 379–422. doi:10.1007/978-3-540-75396-4_14. 

Álvarez, Pablo, Adrian Serrano-Hernandez, Iosu Lerga, and Javier Faulin. 2024. “Optimizing Freight Delivery Routes: The 

Time-Distance Dilemma.” Transportation Research Part A: Policy and Practice 190. doi:10.1016/j.tra.2024.104283. 

Amico, Ambra, Giacomo Vaccario, and Frank Schweitzer. 2024. “Efficiency and Resilience: Key Drivers of Distribution 

Network Growth.” EPJ Data Science 13(1). doi:10.1140/epjds/s13688-024-00484-z. 

Bhaskar, N., and P. Mohan Kumar. 2020. “Optimal Processing of Nearest-Neighbor User Queries in Crowdsourcing Based 

on the Whale Optimization Algorithm.” Soft Computing 24(17): 13037–50. doi:10.1007/s00500-020-04722-0. 

Bouraima, Mouhamed Bayane, Ibrahim Badi, Željko Stević, Clement Kiprotich Kiptum, Dragan Pamucar, and Dragan 

Marinkovic. 2024. “A Novel Vehicle Routing Algorithm For Route Optimization Using Best-Worst Method And 

Ranking Alternatives For Similarity To Ideal Solution.” Engineering Review 44(4 SI): 57–76. doi:10.30765/er.2597. 

Closs, David J., and Yemisi A. Bolumole. 2015. “Transportation’s Role in Economic Development and Regional Supply Chain 

Hubs.” Transportation Journal 54(1): 33–54. doi:10.5325/transportationj.54.1.0033. 

Emmanuel Adeyemi Abaku, Tolulope Esther Edunjobi, and Agnes Clare Odimarha. 2024. “Theoretical Approaches to AI in 

Supply Chain Optimization: Pathways to Efficiency and Resilience.” International Journal of Science and Technology 

Research Archive 6(1): 092–107. doi:10.53771/ijstra.2024.6.1.0033. 

Fazayeli, Saeed, Alireza Eydi, and Isa Nakhai Kamalabadi. 2018. “A Model for Distribution Centers Location-Routing 

Problem on a Multimodal Transportation Network with a Meta-Heuristic Solving Approach.” Journal of Industrial 

Engineering International 14(2): 327–42. doi:10.1007/s40092-017-0218-6. 

Gasset, Diego, Felipe Paillalef, Sebastián Payacán, Gustavo Gatica, Germán Herrera-Vidal, Rodrigo Linfati, and Jairo R. 

Coronado-Hernández. 2024. “Route Optimization for Open Vehicle Routing Problem (OVRP): A Mathematical and 

Solution Approach.” Applied Sciences (Switzerland) 14(16). doi:10.3390/app14166931. 

Katsaliaki, K., P. Galetsi, and S. Kumar. 2022. “Supply Chain Disruptions and Resilience: A Major Review and Future 

Research Agenda.” Annals of Operations Research 319(1): 965–1002. doi:10.1007/s10479-020-03912-1. 

Konstantakopoulos, Grigorios D., Sotiris P. Gayialis, and Evripidis P. Kechagias. 2022. “Vehicle Routing Problem and 

Related Algorithms for Logistics Distribution: A Literature Review and Classification.” Operational Research 22(3): 

2033–62. doi:10.1007/s12351-020-00600-7. 

Kosasih, Wilson, Ahmad, Lithrone Laricha Salomon, and Febricky. 2020. “Comparison Study between Nearest Neighbor 

and Farthest Insert Algorithms for Solving VRP Model Using Heuristic Method Approach.” In IOP Conference Series: 

Materials Science and Engineering, Institute of Physics Publishing. doi:10.1088/1757-899X/852/1/012090. 

Muhammad Ejaz, and Ayesha Naz. 2023. “Role of Logistics and Transport Sector in Globalization: Evidence from Developed 

and Developing Economies.” Sir Syed University Research Journal of Engineering & Technology 13(1): 48–52. 

doi:10.33317/ssurj.534. 

Nielsen, Peter, Mahekha Dahanayaka, H. Niles Perera, Amila Thibbotuwawa, and Deniz Kenan Kilic. 2024. “A Systematic 

Review of Vehicle Routing Problems and Models in Multi-Echelon Distribution Networks.” Supply Chain Analytics 7. 

doi:10.1016/j.sca.2024.100072. 



Anggraito                                     Electronic Journal of Education, Social Economic and Technology, Vol. 6, No. 2, (2025), pp.1~6, Article ID: 458 

 

 Page 6 of 6  

Páez, Antonio, Zoha Anjum, Sarah E. Dickson-Anderson, Corinne J. Schuster-Wallace, Belén Martín Ramos, and 

Christopher D. Higgins. 2020. “Comparing Distance, Time, and Metabolic Energy Cost Functions for Walking 

Accessibility in Infrastructure-Poor Regions.” Journal of Transport Geography 82. doi:10.1016/j.jtrangeo.2019.102564. 

Saini, Monika, Vijay Singh Maan, Ashish Kumar, and Dinesh Kumar Saini. 2024. “Metaheuristic Algorithms and Their 

Applications in Performance Optimization of Cyber-Physical Systems Having Applications in Logistics.” International 

Journal of System Assurance Engineering and Management 15(6): 2202–17. doi:10.1007/s13198-023-02236-0. 

Solari, Federico, Eleonora Bottani, and Giovanni Romagnoli. 2025. “Sustainable Logistics and Supply Chain Management 

in the Post-COVID-19 Era: Future Challenges and Challenging Futures.” Sustainability 17(5): 1772. 

doi:10.3390/su17051772. 

Yang, Changhee, Yongjin Lee, and Chulung Lee. 2025. “Data-Driven Order Consolidation with Vehicle Routing 

Optimization.” Sustainability (Switzerland) 17(3). doi:10.3390/su17030848. 

Zhang, Mengdi, George Q. Huang, Su Xiu Xu, and Zhiheng Zhao. 2019. “Optimization Based Transportation Service Trading 

in B2B E-Commerce Logistics.” Journal of Intelligent Manufacturing 30(7): 2603–19. doi:10.1007/s10845-016-1287-x. 

Zhang, Yan, Chunhui Yuan, and Jiang Wu. 2020. “Vehicle Routing Optimization of Instant Distribution Routing Based on 

Customer Satisfaction.” Information (Switzerland) 11(1). doi:10.3390/info11010036. 

Zheng, Wenjia, Zhongyu Wang, and Liucheng Sun. 2021. “Collaborative Vehicle Routing Problem in the Urban Ring 

Logistics Network under the COVID-19 Epidemic.” Mathematical Problems in Engineering 2021. 

doi:10.1155/2021/5539762. 

  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 


