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 A consideration of the integral variables of customer location, traffic flow, and road conditions to 
determine the best feasible delivery routes is a big challenge in Logistical operations. A poor routing 
strategy that delivers products places an ineffective gloss and eventually converts into high operating 
expenses, over-consumption of fuel, and shipment delays. The paper’s goal is to build a model for the 
logistics management of the company which aims for effective management of the truck allocation 
and vehicle routing using K-means clustering and TSP. K-means clustering is often used to classify 
the sites of delivery based on their closeness in space, hence simplifying the problem by reducing its 
dimensionality. The proposed algorithm considered customer location prioritization in deliveries, de-
livery task allocation, and truck allocation to enable timely delivery. Therefore, this paper presented a 
solution to enhance the logistics operations of beverage brand “KINZA” by optimizing its truck load-
ing and delivery route. The model would ensure that each truck is able to travel optimally, with vehi-
cle-routing algorithms applied in a way to avoid all unnecessary waste of time and distance. Finally, 
the main scope of this paper is to develop and design a dynamic logistics platform for the KINZA 
Company distribution network. 
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1. Introduction 
 
AL-JAMEEL Company is one of the leading companies in the Saudi Arabian beverage industry, with several products under its 
well-liked brand called KINZA has grown rapidly in the marketplace because of its commitment to quality and customer satisfac-
tion. Since the brand keeps on expanding, it faces some serious logistical hindrances related to delivering its products effectively 
to the entire Saudi Arabian landscape. 

The size of the country, coupled with increasing demand for timely delivery, has brought inefficiencies to the supply chain oper-
ations at KINZA Company. The inefficiencies are manifested in the form of poor truck assignments and suboptimal routing that 
result in excessive fuel consumption, increased operating costs, and delayed customers’ demands. The company feels the need to 
automate data-driven optimization in logistics operations if it has to remain competitive. The paper will design and develop an 
automated supply chain management platform to support KINZA Company in improving its vehicle assignments and delivery 
routes. Advanced algorithms combined with real-time data analysis create one of the most efficient logistic operations to best 
service customers of the company. 
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2. Problem Definition 

Saudi Arabia’s vast geographical area poses transportation challenges that result in inefficiencies in product delivery which leads 
to increased fuel consumption, operational costs, and long delivery times. KINZA Company-the beverage brand of AL JAMEEL 
GLOBAL Co.-has been reeling under some logistics inefficiency related to its truck routing problem and route optimization of 
deliveries. This situation is further exacerbated by the fact that Saudi Arabia, where Al-Jameel operates, comprises a land area of 
about 2.15 million square kilometers. Therefore, the most significant problem becomes that the current logistics structure of 
KINZA Company is not well optimized enough to enable proper truck loading and routing. This present system does not recognize 
the difference in distances of various places of delivery and the capability of the trucks. It therefore results in unwanted journeys, 
excess usage of petrol. This one aspect of inefficiency trickles down through longer time taken for delivery, more consumption of 
petrol, and increase in operational costs. In this direction, the proposed research has focused on the conceptualization and devel-
opment of a customizable KINZA Company Automated Supply Chain Management Platform. It shall be developed to ease pro-
cesses related to truck allocation and route planning for delivery using a data-driven model and algorithm. The paper objectives 
hence targeted upgrading a number of aspects of the KINZA company processes. 

1. To minimize fuel consumption and reduce the number of trips needed for delivery, 
2. To improve the allocation of trucks and ensure better utilization of delivery resources, 
3. To develop an optimized delivery route model for KINZA distribution operations, 
4. To enhance delivery times and overall operational efficiency. 

The outcomes of the first objective will relate to developing a sturdy and data-driven model capable of realizing delivery with 
proper route planning. The existing structure laid down by KINZA Company has not considered distances between consumers 
and their geographical spread, which has meant lower efficiency in delivery. The best model will consider the integral variables 
of customer location, traffic flow, and road conditions to determine the best feasible delivery routes. The model would ensure that 
each truck is able to travel optimally, with vehicle-routing algorithms applied in a way to avoid all unnecessary waste of time and 
distance. The process described here will contribute more toward the improvement of operating efficiency in the logistics wing at 
KINZA Company, thus helping the development plan cope with larger volumes. 

Coming to the second objective, logistics require immense fuel consumption, especially when the countries are large in area, like 
Saudi Arabia, and the routes of delivery can be hundreds of kilometers. One of the key objectives of the present research is to 
reduce the number of trips to reduce the overall fuel expenditure. This would include load capacity, vehicle performance, and 
criticality of delivery factors in the advocated methodology for loading of trucks for certain orders to ensure that the vehicle is 
utilized to full potential in every delivery trip. In this way, with a minimum possible non-value-added drive time and distance, 
KINZA Company can reduce the substantial fuel consumption and, correspondingly, be more ecologically friendly with regard to 
its distribution operation.  

An equally important objective is to improve the allocation of trucks within KINZA Company’s distribution operations. The 
current system has an inefficient truck assignment by either underutilizing or overloading truck’s capacities. The paper thus aims 
to dynamically assign the correct number of trucks for each Customer cluster with the efficient utilization for each truck. This 
would eliminate the nuisance of trucks playing around with partial or overloaded conditions beyond their capacity and thus de-
ploying delivery resources in a much better way. Similarly, proper allocation will entail that each fleet of trucks would achieve 
higher delivery efficiency and prolong operational lives by reducing wear and tear on vehicles. In a competitive industry like 
beverages, Delivery time plays an important role in customer satisfaction and loyalty. Therefore, by considering the truck capac-
ities and fuel consumption the data driven algorithm will make a huge difference in improving KINZA Company’s overall oper-
ations. Therefore, helping KINZA Company meet increasing demand, eliminate distribution bottlenecks, and stay competitive in 
the market. 

Finally, the main scope of this paper is to develop and design a dynamic logistics platform for the KINZA Company distribution 
network. This system will utilize client location information, Order quantities, and vehicle capacity data to optimize delivery 
routes. This will assist the logistics and distribution teams at KINZA Company in creating a more automated and efficient method 
for vehicle allocation and delivery routing. Although KINZA Company’s delivery efficiency is the primary goal, the solution 
could be easily applied to other beverage logistics or any business facing similar distribution challenges. The long-term scalability 
of this solution makes it a valuable tool for both KINZA Company’s current operational needs and its future market expansion. 
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3. Literature Review 

The consideration of logistical processes becomes a common study field that largely covers vehicle routing, with the scheduling 
of delivery times included within the scope of operations research and supply chain management studies. The core of this field is 
the so-called Vehicle Routing Problem (VRP), which is focused on how to find an optimal route to distribute goods or render 
services by using a fleet while minimizing the operational expenses (Johnson, 1990). Common Vehicle Routing Problem varia-
tions include the Capacitated Vehicle Routing Problem, Vehicle Routing Problem with Time Windows, and Multi-Depot Vehicle 
Routing Problem. Each of these variants adds additional constraints: vehicle capacity is limited, time windows for deliveries, 
multiple depots, respectively (Applegate, Bixby, Chvátal, & Cook, 1998). Considering these challenges, investigators have de-
vised a range of heuristic and metaheuristic methodologies for approximating optimal solutions. Probably the most popular tech-
niques in this domain are K-means clustering and TSP (Hoffman, Padberg, & Rinaldi, 2001). K-means clustering is often used to 
classify the sites of delivery based on their closeness in space, hence simplifying the problem by reducing its dimensionality 
(Lloyd, 1982). On the other hand, TSP is the problem of finding the shortest possible tour that passes through a set of locations 
and returns to the initial location; it constitutes the core of most vehicle routing solutions (Rosenkrantz, Stearns, & Lewis, 1977). 

In the field of logistics optimization, mainly on route planning for deliveries, several studies have focused their attention on the 
use of clustering algorithms and heuristic methods in solving complex routing problems, such as the Traveling Salesman Problem 
(TSP) which is a computational problem that seeks to find the most appropriate path which links a set of predetermined points or 
locations to be visited. In this case, it also refers to the sets of cities which a salesman should travel through. The role of the 
salesman in general is to reduce the cost of traveling and the total traveled distance (Johnson, 1990). The use of such methods 
becomes imperative in industries that strive to reduce costs of delivery, optimize resource allocation, and minimize waste in 
operations (Applegate et al., 1998; Lee et al., 2022). The literature on the Traveling Salesman Problem (TSP) demonstrates sig-
nificant advances in both theoretical approaches and practical applications. The TSP is a widely recognized NP-hard combinatorial 
optimization problem. It searches the most effective route through a predetermined number of cities, visiting each one once before 
returning to the beginning. Despite the simplicity of its description, efficiently solving large instances of the TSP remains a for-
midable challenge, and various strategies have been investigated to address this complexity. As stated by Hoffman, Padberg, and 
Rinaldi, TSP has become representative since, although its small-sized instances are solvable with enumerations using brute force, 
for larger-sized instances-for example, 16 cities, yielding over 653 billion possible tours-more sophisticated mathematical formu-
lations have to be invoked to bypass explicit enumerations (Hoffman et al., 2001). Their work aims at the improvement of algo-
rithms by avoiding enumerations without round trips and focuses on cut-plane methods combined with relaxation techniques in 
solving large-sized TSP problems, including those occurring in practical applications, such as VLSI systems that can allow thou-
sands of cities - Applegate et al., 1998. Johnson, 1990 presents a detailed survey of heuristic algorithms related to TSP and lays 
considerable stress on the local optimization methods. He first mentions the considerable role of approximation algorithms since 
it is unlikely that there might be a polynomial-time method to identify the optimal solution. Then he focuses on the latest progress 
made by the local optimization techniques of 2-Opt, 3-Opt, and the Lin-Kernighan algorithms. The most important argument 
herein is that these methods have been found to work in practice, especially within the paradigm of metaheuristic search techniques 
such as simulated annealing and genetic algorithms (Johnson, 1990). He further makes a very worthy contribution to the study of 
the PLS-completeness theory, with significant contribution to an understanding of the use of computational time for various meth-
ods of local optimization (Rosenkrantz et al., 1977). Applegate, Bixby, Chvátal, and Cook (1998) give full information about the 
latest progress in solving big-sized instances of the Traveling Salesman Problem (TSP) using the cutting-plane method. In fact, 
such cutting plane algorithms have, since the seminal work of Dantzig, Fulkerson, and Johnson in 1954, formed the methods of 
choice for solving, in practice, TSPs containing several hundred cities (Applegate et al., 1998). The general idea is to iteratively 
tighten the linear programming relaxations of TSP, thereby bringing the feasible region closer to the true solution. These devel-
opments mean that a TSP instance as large as 13,509 cities could be solved and showed scalability for such a method when 
combined with modern computational methods (Hoffman et al., 2001). In this context, the work of Rosenkrantz, Stearns, and 
Lewis (1977) has reviewed intensively a number of heuristic approaches in order to solve the TSP. 

The researchers seek polynomial time approximation algorithms like Nearest Neighbor and Insertion heuristics, which produce 
"good" tours if not necessarily optimum ones. They extend their work of analyzing the performance bounds of the techniques. To 
date, the authors have been able to show that whereas the methods cannot guarantee optimum solutions, they provide near-opti-
mum solutions for big problems. They show that the nearest neighbor and insertion technique logarithmic bounds; hence, in cases 
where the exact algorithms are computationally infeasible, such methods are helpful (Rosenkrantz et al., 1977). In other words, 
TSP remained a test bed for enormous amounts of different novel optimization techniques, in which the exact algorithms, heuris-
tics, and metaheuristics had been applied to the solution of a problem. 

The most important approaches to dealing with growing sizes of TSP instances include cutting-plane methods, algorithms of local 
optimization, and various kinds of heuristics (Applegate et al., 1998). None of these methods proved to be universally better for 
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all possible purposes, but in real life, this eternal problem is well solved by combining theoretical knowledge and practical heu-
ristics (Hoffman et al., 2001). 

The K-means algorithm, particularly its application in customer clustering for truck assignment, highlights its usefulness in en-
hancing logistical efficiency and resource allocation. The K-means algorithm, a popular clustering method, works by minimizing 
within-cluster variance to divide datasets into K different groups. It iteratively processes data points through initialization, assign-
ment, update, and convergence to form clusters, making it suitable for logistics tasks like customer clustering in truck assignments 
(Lloyd, 1982). 

Several studies have explored K-means in this context, particularly for optimizing truck assignments. Yadav et al. (2023) demon-
strated how the algorithm can segment customer bases by factors such as delivery frequency and geographic proximity, leading 
to more effective route planning and reduced delivery times. Similarly, Patel and Desai (2023) investigated the dynamic assign-
ment of trucks to clustered customer groups by integrating K-means with real-time data analytics, allowing for adjustments based 
on fluctuating demands. The literature also discusses the combination of K-means with other methods to enhance truck assignment 
efficiency. For example, Kumar and Singh (2023) proffered a hybrid model that combines K-means with genetic algorithms, 
which improved fleet efficiency and the preciseness of the assignment. However, the power of K-means suffers from certain 
limitations in performance, especially regarding sensitivity to initializations. Initial centroid choices may also more greatly affect 
the outcome, and Huang et al. (2022) suggested the use of methods like K-means++ to help improve cluster results and initializa-
tions for K-means in logistics applications. Other works, which are on truck assignment related to the application of K-means for 
customer segmentation, sound very promising, especially with regard to the real-time integration of IoT technologies with big 
data analytics. According to Patel and Desai (2023), this may enlarge the algorithm's potential to instantly deliver insights into the 
consumers' behavior and, hence, further optimize the logistical industry. 

In summary, K-means is quite powerful in the mechanism of enhancing truck assignments by clustering customers. K-means is 
very important in the contemporary management of transportation, whereby its potentiality of enhancement of customers' service 
towards higher logistical efficiency is highly regarded. Further development in data analytics will, therefore, help to provide 
proficient applications in this area for further assurance of improvement in transport logistics. 

4. Design Methodology 

This paper is unique in that it integrates real-time data analytics and route optimization algorithms specific to the logistics require-
ments of KINZA Company. Much of the literature, up to this point, has modeled theoretical models or applied general applications 
of API Distance Matrix. The paper is practical in nature, based on these APIs supplying real-time updates for traffic conditions, 
such as the Google Maps Distance Matrix API. Consequently, it allows the proposed platform to dynamically re-choose delivery 
routes based on current road conditions-a capability that is not often used in the traditional VRP study. The methodology used for 
the duration of the study is presented in the flowchart below shown in Fig. 1. 

For  j = 1, m ++ 
Where m: number of clusters

i < = nYes,

No,

i= i+1

No. of orders of customer IDi

Define the problem

Data collection of KINZA Company 

Apply K-mean algorithm to 
customer’s Clustering

Final Delivery Plan

Point 
1

Point 
2

Apply Geographical Distance
API distance matrix

Assign Truck of Customer IDi

For i = 1, n ++ 
Where n: number of customers

Customer location (latitude 
and longitude)

Customer Orders

Product Lists

Truck Availability and 
Capacity

Knowledge Base

j < = m

j= j+1

Yes,

No,

Apply Travel Salesman Problem (TSP) 
for cluster IDj

 

Fig. 1. Design Methodology 
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4.1 Mathematical formulation  

The optimization aimed at minimizing fuel consumption where this constraint ensures that the load on the vehicle decreases by 
the demand of the customer served which are: 

1.     Real-Time Data:  

The integration of real-time data such as traffic, weather, and road conditions add complexity to the route optimization process, 
necessitating a robust and adaptable system. 

2. Vehicle Capacity:  

The optimization model must ensure trucks are used efficiently without being overloaded or underutilized, which impacts both 
operational costs and delivery timelines. 

3. Fuel Consumption:  

The optimization model must reduce fuel consumption, by minimize the total distance traveled and optimize the number of trips. 

4. Time Constraints:  

Deliveries must be made within specified time frames to ensure customer satisfaction and maintain operational efficiency. Late 
deliveries could negatively impact customer relationships and overall service levels.  

Below is the key formulation used where decision variables are: 

Xkij: Binary variable that is 1 if vehicle k travels from customer i to customer j, and 0 otherwise. 

yki: Load of vehicle k after serving customer i. 

di: Demand of customer i.        

Qk: Capacity of vehicle k.    ∀k = 1,….8 

Fk: Fuel consumption rate of vehicle k per unit distance. 

cij: Distance between customer i and customer j. 

Tk: is the maximum number of trips allowed for truck kkk. 

Sets: 

C: Set of customers, indexed by i,j.   (1,2,3….n)  n=56 

V: Set of vehicles, indexed by k.   (1,2,….p)  p=8 

D: Depot, represented as node 0. 

The objective function: 

𝐦𝐦𝐦𝐦𝐦𝐦 𝒛𝒛 = ∑𝑘𝑘=1
𝑛𝑛   ∑𝑖𝑖=0

𝑛𝑛   ∑𝑗𝑗=0,𝑖𝑖≠𝑗𝑗
𝑛𝑛   𝐹𝐹𝑘𝑘 ⋅ 𝐶𝐶𝑖𝑖𝑗𝑗 ⋅ 𝑥𝑥𝑘𝑘𝑖𝑖𝑖𝑖 ⋅ �

𝑦𝑦𝑖𝑖𝑘𝑘 + 𝑌𝑌𝑗𝑗𝑘𝑘

2
� 

The goal is to minimize the total fuel consumption, which is influenced by the load of the vehicle (since fuel consumption increases 
with load). We assume fuel consumption between two customers i and j is proportional to both the distance traveled and the load 
carried. At the start of the trip between customer i and customer j, the truck has a certain load yik after visiting customer i. At the 
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end of the trip (after visiting customer j), the truck has a reduced load yjk, since it has delivered goods to customer j. Instead of 
choosing one of these two loads (either yik or yjk) to represent the truck's load during the trip from i to j, we take the average load 
between these two points. 

subject to  

� 
𝑝𝑝

𝑘𝑘=1

�  
𝑛𝑛

𝑖𝑖=0,𝑖𝑖≠𝑗𝑗

𝑋𝑋𝑘𝑘𝑖𝑖𝑗𝑗 = 1, 
∀𝑗𝑗 ∈ {1, … ,𝑛𝑛}, (1) 

This constrains Ensures that each customer must be visited exactly once by one vehicle. 

� 
𝑛𝑛

𝑗𝑗=1

𝑥𝑥𝑘𝑘0𝑗𝑗 = 1,� 
𝑛𝑛

𝑖𝑖=1

𝑥𝑥𝑘𝑘𝑗𝑗0 = 1,   
∀𝑘𝑘 ∈ {1, … , 𝑝𝑝}, (2) 

Each vehicle must start and end its route at the depot. 

�  
𝑛𝑛

𝑖𝑖=0,𝑖𝑖≠𝑗𝑗

𝑥𝑥𝑘𝑘𝑖𝑖𝑗𝑗    = � 
𝑛𝑛

𝑖𝑖=0

𝑥𝑥𝑟𝑟𝑗𝑗𝑖𝑖 ,   
𝑉𝑉𝑘𝑘 ∈ 𝑉𝑉, 𝑖𝑖 ∈ 𝐶𝐶 (3) 

If a vehicle arrives at a customer i, it must leave from that customer. 

� 
𝑛𝑛

𝑖𝑖=0

�  
𝑛𝑛

𝑗𝑗=1,𝑖𝑖≠𝑗𝑗

𝑑𝑑𝑖𝑖𝑘𝑘𝑘𝑘𝑖𝑖𝑗𝑗 ≤ 𝑄𝑄 
(4) 

The capacity constraints are stated, making sure that the sum of the demands of the customers visited in a route is less than or 
equal to the capacity of the vehicle performing the service. 

� 
𝑛𝑛

i=0

�  
𝑛𝑛

j=0

𝑥𝑥𝑘𝑘ij ≤ 𝑇𝑇𝑘𝑘 
(5) 

For every truck k, the sum of all trips (edges) from customer i to customer j cannot exceed the number of trips Tk allowed for that 
truck. 

 𝑌𝑌𝑘𝑘𝑗𝑗 ⩾ 𝑌𝑌𝑘𝑘𝑖𝑖 − 𝑑𝑑𝑟𝑟𝑥𝑥𝑗𝑗𝑘𝑘  ∀ 𝑖𝑖, 𝑗𝑗 ∈ 𝑐𝑐, 𝑘𝑘 ∈ 𝑣𝑣 (6) 

5. Result and discussion 

5.1 Data Collection and Preparation 

The initial phase involves gathering data needed to build the logistics platform. This data includes customer ID with their location 
(latitude and longitude), Product list and dimensions, Order quantities, and available truck capacities. The collected data is then 
cleaned and structured in a database, preparing it for further processing. Incomplete or erroneous entries are filtered out to avoid 
skewing the optimization process. 

5.2 Application of Geographical Distance Using API Distance Matrix 

After preparing the customer location data, the Google Maps Distance Matrix API computes the geographical distances between 
pairs of delivery points, also between KINZA Company warehouse location and every customer location. This API provides real-
time traffic congestion, road closures, and alternative route information to compute the most up-to-date statistics on travel time 
and distances. The output from this step is a From-To matrix that is integrated into the optimization model, ensuring the routes 
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reflect real-world conditions. This dynamic approach continuously updates travel times as traffic conditions change, maintaining 
the accuracy of the optimization process. Below is an explanation of the key parts of the code used to interact with the API Fig. 
2. By using this real-time distance information, the system can dynamically adjust routes to account for current traffic conditions, 
ensuring optimal delivery efficiency. 

 
 

Fig. 1. Google Maps Distance Matrix API Fig. 2. Travel Distance and Time between KINZA Company 
Warehouse and Customers 

The figure below shows how the locations of customers were fed into the system with their latitude and longitude, respectively. 
From the use of the API key, one can observe how it has been able to trace the calculation of travel distance and travel time from 
the main depot-that is, the KINZA Company warehouse-to each of the customer locations. Distances in kilometers and travel time 
in minutes between the warehouse and various delivery locations are as shown Fig. 3. As a result, the From-to matrix is now 
generated after finding Customer-to-Customer and KINZA Company-to-Customer Distance Fig. 4. 

 

Fig. 3. Distance matrix 

5.3  K-Means Clustering 

Next step, the K-means clustering algorithm is used to group customer locations based on geographical proximity. Initial cluster 
centroids are assigned, and delivery points are clustered based on distances obtained from the API. The centroids are iteratively 
refined until the clusters stabilize. This clustering process helps balance the delivery workload across trucks and simplifies the 
overall problem complexity. Here’s a breakdown of the K-means clustering code Fig. 5. 
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Fig. 4. application of K-mean algorithm. 

• n_clusters = 5: This variable sets the number of clusters, which inserted by customer as shown in Figure 6. 
• kmeans.fit_predict(coords): The function fit_predict performs the clustering based on the delivery points' coordi-

nates. This step assigns each delivery point to one of the clusters, which is stored in the column KMeans_Cluster. 
• Cluster distribution: After clustering, the distribution of points across clusters is evaluated to ensure a balanced 

workload across trucks. The results are saved in an Excel file, making it easy to analyze and adjust the clusters if 
necessary. 

Below, we outline the clustering process as executed within our customized Excel platform. The clustering process is initiated 
with a click on the button named “Run Customer Cluster (K-mean Algorithm)” as indicated in Fig. 6. The user is guided through 
the clustering setup by a sequence of prompts that are triggered by this button such as number of clusters as shown in Fig. 6. 

 

 

Fig. 6. clusters No 

Once all inputs are given, the platform runs the Python script, processing the customer's data and running the K-means algorithm. 
Figures 7 and 8 show the result of such clustering where customers were divided into five clusters. Each cluster defines a geo-
graphic group that can be served with a more efficient route plan. 
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Fig. 7. Cluster Map 

 

Fig. 8. Clustering Results 

5.4 Route Optimization 
 

With the delivery points now clustered, the TSP algorithm is applied to optimize routes within each cluster. The TSP seeks to 
discover minimum total distance through the path of the shortest length that will visit each delivery site in a cluster only once and 
returns to the starting point. By developing a custom code that applies TSP in every cluster and hence get even better route 
efficiency, such that the delivery trucks can travel the minimum distance in each assigned cluster as shown in Fig. 9. 
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Cluster # 1 Cluster # 2 Cluster # 3 

Cluster # 4 Cluster # 5 

 

 

Fig. 9. TSP result for each cluster  

5.5 Truck assignment  
After that, an assignment of trucks for each cluster are performed based on the orders and truck availability and priority for highest 
utilization. This step ensures optimum usage of trucks because the delivery loads match truck capacity without overloading or 
leaving too much free space as shown in Table 1 and Fig. 10 which presented a comparison between different numbers of clusters 
and selection of the optimum cluster equal 5 to minimize the number of runs to keep operational costs and fuel consumption as 
low as possible. 

 

Fig. 10. A comparison between total distances in Km 
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Table 1  
A comparison between different numbers of clusters and total distances in Km 

No. of Cluster Route (Customer IDs for each cluster) Cluster's  
Distance (km) 

Assigned 
Trucks 

No. of 
trips 

Total  
Distance 

(k ) 

One Cluster 

0→25→10→52→6→54→27→46→20→3→45→19→12→51→50
→38→48→42→55→9→56→53→44→47→4→17→2→40→32→
24→1→11→22→13→28→39→30→5→31→21→29→16→18→3
7→41→35→14→26→7→23→57→43→34→36→15→49→33→8
→0 

276.59 8 1 2212.735 

Two Cluster 

0→33→29→14→30→26→35→32→2→17→15→3→10→27→37
→12→21→38→34→36→19→13→5→43→24→18→31→39→20
→6→25→41→7→40→42→11→22→23→4→28→1→9→8→16
→0 

179.09 5 1 
1239.967 

0→3→15→8→13→12→10→6→5→4→14→11→9→7→2→1→0 114.82 3 1 

Three Cluster 

0→4→2→3→1→0 37.16 1 1 

857.87 
0→4→14→3→15→11→8→13→5→6→10→12→9→7→2→1→0 119.12 3 1 

0→40→14→2→21→15→20→19→4→9→25→1→28→37→39→
7→38→36→17→6→22→13→31→35→33→18→10→27→12→2
6→30→24→34→3→8→16→11→5→29→23→32→0 

115.83 4 1 

Four Cluster 

0→1→3→2→4→0 37.16 1 1 

559.4601 

0→1→8→15→13→5→10→18→16→3→6→9→4→2→17→11→
14→12→7→0 79.38 2 1 

0→19→16→15→3→10→11→8→12→17→2→7→23→18→14→
1→9→4→13→21→5→22→20→6→0 49.39 3 1 

0→1→2→7→9→11→15→3→14→4→8→13→12→5→6→10→0 107.67 2 1 

Five Cluster 

0→1→3→2→4→0 37.16 1 1 

504.266 

0→10→5→9→11→8→14→2→3→6→13→4→7→15→12→1→0 59.06 2 1 

0→16→12→15→10→6→9→8→2→5→18→20→4→19→11→3
→7→17→14→13→1→0 32.941 2 1 

0→4→14→3→15→11→9→8→13→5→6→10→12→7→2→1→0 120.18 2 1 

0→1→5→2→6→4→3→7→0 42.73 1 1 

Six Cluster 

0→1→3→2→4→0 37.16 1 1 

562.3982 

0→9→11→4→7→13→6→3→2→14→8→5→10→15→12→1→0 70.59 2 1 
0→15→10→6→9→8→2→20→18→4→19→11→3→7→17→14
→5→13→1→12→16→0 38.51 2 2 

0→6→5→2→3→4→1→0 88.48 1 1 

0→7→3→4→6→2→5→1→0 42.73 1 1 

0→1→2→5→7→8→10→3→9→6→4→0 98.77 1 1 

Seven Cluster 

0→4→2→3→1→0 37.16 1 1 

610.9888 

0→10→5→9→11→8→14→2→3→6→13→4→7→15→12→1→0 59.05 1 2 
0→9→8→2→5→13→14→19→4→18→20→11→3→7→17→1→
6→10→15→12→16→0 36.81 2 2 

0→6→5→2→3→4→1→0 88.48 1 1 

0→7→3→4→6→2→5→1→0 42.73 1 1 

0→1→2→0 92.8 1 1 

0→5→8→3→9→7→6→4→2→1→0 84.42 1 1 

 

In conclusion, the Clustering with Real-Time Route Optimization Platform is an important tool in the logistic framework of 
KINZA Company, which transforms a formerly reactive methodology into a proactive and data-driven one. Real-time distance 
assessment coupled with dynamic clustering empowers the KINZA Company to make fast and agile routing decisions. Such a 
platform not only increases delivery efficiency in a wider circle while reducing fuel costs, accommodating more places as the 
business progresses, but is also scalable to the logistic needs of the KINZA Company. 
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6. Conclusion 

The basic aim of this research is to optimize the logistics of KINZA Company to make an easy routing plan, save fuel, and deliver 
products in time. In the context of this research, an actually flexible and appropriate solution to problems in logistics that KINZA 
Company faces will be introduced, modernly driven by data approaches which are going to be based on the use of the Google 
Maps API Distance Matrix in conjunction with the K-means clustering algorithm. Integrating real-time traffic information into 
the route-optimization mechanism allowed it to react dynamically to prevailing roadway conditions, hence ensuring routes that 
get progressively better and increasingly fine-tuned along the course of delivery. Secondly, an implementation of the K-means 
algorithm was created in order to classify customers according to geographic proximity to a point and thus reduce the TSP to as 
many smaller, hence more manageable, sub-problems as one wants. The sum of distance traveled by the fleet of trucks would 
decrease while there would be the assurance that none of the trucks is travelling under or over its full capacity. The incorporation 
of clustering helps fairly distribute the delivery destinations across trucks, hence the further optimization regarding truck capacity 
and fuel efficiency. Moreover, the mathematical framework developed in this work enhances the minimization of fuel consump-
tion concerning cargo that each vehicle carries and the distance to be covered. To that end, the distance information obtained from 
the API gave this model a full-fledged structure, considering both operational costs and the environmental impact of the delivery 
process in great detail. In other words, it is expected that the methodologies and algorithms that will be put into consideration 
within this paper will increase efficiency by reducing costs while maintaining customer satisfaction with timely delivery concern-
ing the last-mile operations of KINZA Company. Moreover, it should be underlined that further testing and refining will be carried 
out in the future for better performance. 
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