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Introduction

Route optimization is one of the main challenges in various industrial sectors, including the
energy sector. In the context of electricity service providers, optimizing meter reading routes
is crucial to increasing operational efficiency, reducing costs and improving the quality of
customer service. Traditionally, meter reading route planning is often done manually or using
conventional algorithms such as the Nearest Neighbor algorithm or the Savings algorithm.

However, with the increasingly complex electricity distribution network and the increasing
number of customers, this conventional approach is starting to show its limitations in
producing optimal and flexible solutions. One of the classic problems in route optimization is
the Traveling Salesman Problem (TSP) (Pop et al., 2024; Aranski, 2022; Mzili et al., 2022;
Zhang & Yang, 2022). TSP is a combinatorial optimization problem that aims to find the
shortest route that allows a traveling salesman to visit each city in the list once and return to
the home city (Nemani et al., 2021; Hlaing & Khine, 2011; Rondano, 2025). According to
Kovacs & J1idi (2024) the application of neural networks in the context of the Vehicle Routing
Problem shows significant potential in improving the efficiency of route planning, which is
also relevant in the context of TSP.

An electricity distribution network can be modeled as a graph, where each customer is a node
and the relationships between customers (E.g., geographic distance) are represented as edges
(Beinert et al., 2023; Vassallo et al., 2024; Das & Soylu, 2023; Peng et al., 2024). By utilizing
this graphical structure, TSP can be used to find more optimal route solutions compared to
conventional algorithms. Lischka et al. (2024) also emphasize the importance of efficient
architectures for graph-based problems, such as TSP, which can improve algorithm
performance in solving route optimization problems. Apart from that, TSP also has
advantages in handling dynamic and incomplete data. In the context of meter reading, the
condition of the electricity distribution network can change dynamically due to disruptions,
changes in demand, or the addition of new customers (Zafeiropoulou et al., 2022; Gallegos et
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al., 2024; Chen et al., 2023). The algorithm that solves TSP is able to adapt to these changes
and produce a route solution that remains optimal. Previous research has demonstrated the
potential of TSP in areas such as logistics, travel planning, and freight forwarding. Brody et
al. (2021) also showed that attention in Graph Attention Networks can improve accuracy in
solving graph-based problems, including TSP.

However, the application of TSP in meter reading route optimization is still relatively limited.
Therefore, this research aims to fill this gap by comparing the performance of TSP with
conventional algorithms in the context of meter reading route optimization. As a case study,
this research will focus on electricity customers in the Balata Region as a research object
based on unique customer characteristics and routes with not many customers, but the
working area is quite large and dominated by hills, as well as the availability of data that can
be retrieved at any time.

Thus, it is hoped that the results of this research can make a significant contribution to
increasing the operational efficiency of electricity companies and provide inspiration for
further research in the same field. This research will also consider various machine learning
algorithms that have been proven effective in data processing, such as Random Forest
(Breiman, 2001), Support Vector Networks (Cortes, 1995), dan Ensemble Machine Learning
(Natras et al., 2022). In addition, the deep learning approach proposed by Lecun et al. (2015)
and previous research on predictions using machine learning algorithms (Punnoose & Xlri -
Xavier, 2016; Sahinbas, 2022) will be an important reference in the development of this
model.

Methods

The methodology in this code involves Geographical Information Systems (GIS) which is
used for geospatial data processing and Graph Analysis. Road networks are modeled as
graphs, road network analysis to determine optimal routes in operational applications. The
initial step is collecting customer data which is stored in an Excel file, which contains
information such as customer ID, latitude and longitude. This data is validated to ensure the
relevant columns meet program requirements. Next, the geospatial space is modeled by
calculating the maximum and minimum coordinates from customer data to determine the
operating area on the map. Using OSMnx, the road network in this area is downloaded from
OpenStreetMap in drive mode, so that it only includes roads that can be passed by vehicles.

Data Geospatial Mapping to
Collection Space Road
Modeling Network
Visualization Route
of Results Planning

Figure I. Processing and analysis of road networks based on geospatial data

After that, each customer is mapped to the nearest node on the road network using the
ox.distance.nearest nodes() function. Route planning is carried out by selecting the initial
node from customer data and determining the order of visits using the greedy nearest neighbor
approach, which prioritizes the shortest distance to the next node based on the shortest path
algorithm. In this process, the nearest neighbor algorithm is used to select the next node by
considering the closest distance along the road network. The final result is visualized using
Folium in the form of an interactive map, where customer points are marked with markers
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and paths between customers are drawn using red lines. This map is saved as an HTML file

for further analysis and is also displayed in the program and can be downloaded as an excel
file.

The first stage is collecting customer data which is stored in an Excel file. This file contains
information such as customer ID (IDPEL), latitude coordinates (LATITUDE), and longitude
(LONGITUDE). The uploaded data is then validated to ensure the relevant columns meet
program requirements. This validation is important so that the subsequent processing process
can run without errors. To model the operating space, the maximum and minimum coordinates
of the customer data are calculated to determine the relevant map areas. This area is used as
a bounding box to retrieve the road network from OpenStreetMap using OSMnx. By selecting
drive mode, the road network taken only includes roads that can be passed by vehicles, making
it more relevant for operational needs. At this stage, each customer point is mapped to the
nearest node in the road network. This process is carried out with the
ox.distance.nearest nodes() function which matches the customer's latitude and longitude
coordinates with the nearest node in the road network graph. Thus, customer locations are
linked directly to road routes in the network model.

Route determination is done by selecting the initial node from customer data, then using the
greedy nearest neighbor approach. This algorithm works by selecting the next node based on
the shortest distance from the node being visited, which is calculated using the shortest path
algorithm. With this algorithm, optimal routes are generated based on the closest connections
between nodes, thereby minimizing travel distance. The processing results are visualized
using Folium in the form of an interactive map. Each customer point is displayed as a marker
with customer ID information, while the routes between customers are drawn as red lines.
This visualization helps verify and analyze the planned route results. The interactive map is
then saved as an HTML file for further use

Results and Discussion

The results of research carried out to optimize customer visit routes using the clustering
method and the Traveling Salesman Problem (TSP) algorithm. This research aims to group
customers based on their geographic location and determine an efficient visit sequence for
each group. By using geographic data, this research is expected to provide better solutions in
planning visit routes, which in turn can increase operational efficiency and reduce travel costs.
The data used in this research was taken from an Excel file uploaded by the user. The data
consists of the following columns:

LATITUDE : Latitude of the customer's location.
LONGITUDE : Longitude of the customer location.
IDPEL : Customer identification.

Once the file is uploaded, the data is read using the Pandas library and prepared for further
analysis. This process involves data quality checks, including checking for missing values
and data format validation. Programming was carried out on Google Colabs using the Python
programming language and using several libraries with the following results: The following
is an explanation of the Python code in Figure 2 which is used to solve the Traveling Salesman
Problem (TSP) problem using the nearest neighbor algorithm and clustering using KMeans.
The code also manages geographic data from Excel files and generates optimal routes for
multiple people based on customer location.

Import Library

Pandas and numpy: Used for data manipulation and numeric operations. KMeans from
sklearn.cluster: Used to perform clustering on data. Files from google.colab: Used to upload
and download files in Google Colab.
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math for trigonometric functions needed in distance calculations.
Function haversine_distance

Calculate the distance between two points on the earth's surface based on latitude and
longitude coordinates using the Haversine formula. Returns the distance in kilometers.

Fungsi tsp_nearest_neighbor

Implementing the nearest neighbor algorithm to solve TSP. Start from a starting point and
iteratively search for the nearest unvisited point until all points have been visited. Returns the
index sequence of visited points.

Upload Excel File
Use files.upload() to upload an Excel file containing customer data.
Read Data from Excel File

Use pd.read_excel() to read data from the uploaded file. Ensure that the columns used for
latitude, longitude, and customer ID match the column names in the file.

Input number of people and reading days

Takes input from the user for the number of people who will visit and the number of reading
days.

Customer Clustering

Using KMeans to group customers based on latitude and longitude coordinates. Added a
'cluster' column to the DataFrame to indicate the group of each customer.

Running TSP for Each Cluster

For each cluster, the tsp nearest neighbor function is called to obtain the visit sequence.
Create a result DataFrame for each cluster and populate the 'Order of Visits' column based on
the order visited.

Calculating Distance and Working Time

Calculates distance and working time for each visit based on the resulting sequence. Uses
average speed (e.g. 40 km/h) to calculate travel time.

Calculating the Number of Reading Days

Calculates the number of visits per day based on the total visits and the specified number of
reading days. Fill in the "Number of Reading Days' column with information on reading days
for each visit.

Combining Results
Combines all the resulting DataFrames from each cluster into one final DataFrame.
Saving Results to Excel File

Save the  final  DataFrame to an  Excel file with the name
'optimal_route with clusters and read days.xlsx'. Use files.download() to download a
saved Excel file.

The overall aim of this code is to optimize customer visit routes based on their geographic
location, taking into account the number of people making visits and the number of days
available for making visits. By using clustering and the TSP algorithm, this code produces
efficient and organized routes for everyone involved.
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Figure 2. Clustering and TSP coding

The following is an explanation of the Python code provided, which aims to visualize
customer visit routes based on location data uploaded from an Excel file:

Uploading and Reading Excel Files

Use files.upload() to upload Excel files to Google Colab. Read the Excel file into a DataFrame
using pd.read _excel().

Setting Up Columns

Defines the column names to be used, such as LATITUDE, LONGITUDE, IDPEL, Day
Code, Visit Order, and Person Code. Ensure that the required columns are present in the
DataFrame. If any column is missing, a warning message will be printed.

Defining a Bounding Box
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Calculates the north, south, east, and west boundaries of location data by adding a 0.1 degree
buffer for each direction. This is used to define the area to be downloaded from
OpenStreetMap.

Downloading Road Network

Using osmnx to download the road network within the area specified by the bounding box.
This road network will be used to calculate the shortest route between visiting points.

Adding Nearby Nodes

Adds the nearest_node column to the DataFrame, which contains the nearest node in the road
network for each customer location.

Sorting Data

Sorts data by Person Code and Visit Order if these columns exist. This ensures that the visiting
routes are sequenced correctly.

Creating Maps with Folium

Initialize a map using folium.Map with a center location based on the average latitude and
longitude of the data. Define a different color for each Person Code to differentiate routes.

Drawing Routes and Adding Markers

For each Person Code, draw a route based on the order of visits using the shortest path
calculated with networkx. Add route lines to the map with folium.PolyLine. Add markers for
each customer location with detailed information such as IDPEL, Person Code, Day Code,
and Order of Visits.

Saving and Downloading Maps

Save the map that has been created into an HTML file. Download the HTML file so it can be
viewed in a browser. This code as a whole aims to visualize customer visit routes based on
uploaded location data, using the road network from OpenStreetMap to calculate the shortest
route.

Figure 3. Map Image Coding
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Data Quality Check

Data quality checks are carried out to ensure that the data used is valid and reliable. Some of
the steps taken include: 1) Checks for missing values in the LATITUDE, LONGITUDE, and
IDPEL columns; 2) Ensure that all latitude and longitude values are within valid ranges
(latitude: -90 to 90, longitude: -180 to 180). Analysis is carried out using the KMeans
algorithm to group customers based on their geographic coordinates. The number of clusters
is determined by the user by inputting the number of people who will visit. After clustering,
each customer is assigned a cluster label and person code.

Customer Clustering

Grouping is done using KMeans, which divides the data into a number of clusters according
to the specified number of people. The clustering results are shown in the following table:

Table 1. Clustering Results

IDPEL LATITUDE | LONGITUDE | People Code
121130047950 | 2.833141111 | 99.02620111 1
121130043040 | 2.833631111 | 99.02646111
121130043163 | 2.833681111 | 99.02642111
121130043784 | 2.833861111 | 99.02634111
121130043187 | 2.833971111 | 99.02628111
121130043112 | 2.834051111 | 99.02622111
121130135613 | 2.834151111 | 99.02636111

—_— [ | [ — [ —

Clustering results show that customers are grouped based on their geographic proximity. Each
cluster represents a group of customers that can be visited by one person in one route, in the
table.

TSP solution

After clustering, the TSP algorithm is applied to each cluster to determine the optimal visit
sequence. The algorithm used is the nearest neighbor method, which is a heuristic approach
to solving the TSP problem. The results of the sequence of visits for each cluster are presented
in Figure 5 below:

Table 2. Results of Visit Sequence

IDPEL Order of Visits | Distance (km) | Working Hours (hours)
121130047950 0 0 0
121130043040 1 0.061664061 0.001541602
121130043163 2 0.007116553 0.000177914
121130043784 3 0.021898445 0.000547248
121130043187 4 0.013928779 0.000348219
121130043112 5 0.011114599 0.000277865
121130135613 6 0.019115208 0.000477881
121130043148 7 0.024047496 0.000601187
121130043148 8 0.008094366 0.000202359
121130043077 9 0.009839436 0.000245986
121130047935 10 0.02468873 0.000617218
121130043065 11 0.01480418 0.00037062
121130043151 12 0.019163434 0.000479086
121130043136 13 0.01143752 0.000285938
121130043772 14 0.063342638 0.001583566
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Calculation of Distance and Working Time

After determining the order of visits, distance and working time calculations are carried out.
Distances are calculated using the Haversine formula, which takes into account the curvature
of the earth. Working time is calculated based on the specified average speed (here used, 40
km/h). Figure 6 below shows the total distance and working time for each cluster:

Table 3. Distance and total time results

People Code

Total Distance (km)

Total Working Time (hours)

1

125.5296061

3.138240152

125.5296061

3.138240152

125.5296061

3.138240152

125.5296061

3.138240152

125.5296061

3.138240152

125.5296061

3.138240152

125.5296061

3.138240152

125.5296061

3.138240152

125.5296061

3.138240152

125.5296061

3.138240152

125.5296061

3.138240152

125.5296061

3.138240152

125.5296061

3.138240152

125.5296061

3.138240152

[UNY (VRN (NI JUNINS (U NI U\ JUS U U, U U, JUN U

125.5296061

3.138240152

From Table 3 Total distance and time, it can be seen that the total distance and time are based
on the average division of working time per clustering, for officers one day works at a distance
of 125.52 km with a working time of 3.14 hours, but this is using average travel data. , for the
entire excel download results can be seen in Figure 4.

Table 4. Excel download results

. . Ppl Drdr of| Distance Working Total Wo.r king Number of
IDPEL Latitude | Longitude Code | Visits (km) Hours Distance Time Days Read
(hours) (km) (hours)
121130090106 | 2.678061 | 98.927181 1 1 0.0194 0.00097 36.89 1.8448 | Reading Day 1
121130080217 | 2.678221 | 98.927251 1 2 0.0141 0.00079 36.89 1.8448 | Reading Day 1
121130091069 | 2.680176 | 98.926909 1 14 0.0706 0.0035 36.89 1.8448 | Reading Day 2
121130080160 | 2.680211 | 98.926709 1 15 0.0226 0.0011 36.89 1.8448 | Reading Day 3
121130108164 | 2.692951 | 98.927231 1 157 0.5302 0.0270 36.89 1.8448 | Reading Day 4
121130108078 | 2.702961 | 98.920751 1 158 1.5244 0.0663 36.89 1.8448 | Reading Day 5
121130081984 | 2.721701 | 98.933911 1 216 0.0244 0.0012 36.89 1.8448 | Reading Day 6
121130131717 | 2.731911 | 98.935811 1 217 2.4739 0.1237 36.89 1.8448 | Reading Day 7
121130047950 | 2.833141 | 99.026201 2 1 0.0 0.0 125.39 6.2695 | Reading Day 1
121130043040 | 2.833631 | 99.026411 2 2 0.0616 0.0031 125.39 6.2695 | Reading Day 1
121130005966 | 2.895411 | 99.038011 2 405 0.0156 0.00078 125.39 6.2635 | Reading Day 2
121130126438 | 2.849861 | 99.038195 2 406 0.0375 0.00188 125.39 6.2695 | Reading Day 3
121130000203 | 2.859885 | 99.025908 2 61 0.0083 0.00042 125.39 6.2695 | Reading Day 4
121130015340 | 2.855201 | 99.023161 2 958 0.0081 0.0004 125.39 6.2695 | Reading Day 5
121130005760 | 2.865231 | 99.023151 2 959 0.0035 0.00018 125.39 6.2695 | Reading Day 6
121130045252 | 2.878251 | 99.104711 2 1000 0.0151 0.00076 125.39 6.2695 | Reading Day 7
121130135394 | 2.573729 | 98.978586 3 1 62.36 3.118 62.36 3.118 Reading Day 1
121130113085 | 2.574929 | 98.978418 3 2 0.1341 0.0067 62.36 3.118 Reading Day 1
121130104056 | 2.610891 | 98.956841 3 161 0.1131 0.0056 62.36 3.118 Reading Day 2
121130104378 | 2.612041 | 98.956731 3 162 0.1394 0.0070 62.36 3.118 Reading Day 3
121130115318 | 2.618591 | 98.974621 3 217 1.1263 0.0563 62.36 3.118 Reading Day 4
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121130131211 | 2.619521 | 98.975471 3 218 0.1400 0.0070 62.36 3.118 Reading Day 5
121130104936 | 2.635038 | 99.061693 3 627 0.0843 0.0047 62.36 3.118 Reading Day 6
121130135706 | 2.635448 | 99.071284 3 628 0.0644 0.0032 62.36 3.118 Reading Day 7
121130133007 | 2.747813 | 98.970636 4 1 65.84 3.2921 65.84 3.2921 | Reading Day 1
121130120292 | 2.747963 | 98.970911 4 2 0.0348 0.0017 65.84 3.2921 | Reading Day 1
121130038327 | 2.785031 | 98.936101 4 167 | 0.0122169 | 0.0006109 | 65.841747 | 3.292087 | Reading Day 2
121130044766 | 2.785261 | 98.936131 4 168 | 0.0257909 | 0.0012895 65.841747 | 3.292087 | Reading Day 3
121130062407 | 2.804161 | 98.936861 4 410 | 0.1637857 | 0.0811892 | 65.841747 | 3.292087 | Reading Day 4
121130131676 | 2.810281 | 98.938011 4 411 1.1592338 | 0.0573617 | 65.841747 | 3.292087 | Reading Day 5
121130021714 | 2.818711 | 98.960201 4 658 | 0.0153747 | 0.0007687 | 65.841747 | 3.292087 | Reading Day 6
121130040411 | 2.818821 | 98.961311 4 659 | 0.0144973 | 0.0007246 | 65.841747 | 3.292087 | Reading Day 7
121130064086 | 2.784661 | 99.020741 5 2 0.0120282 | 0.0006012 | 121.549063 | 6.077453 | Reading Day 1
121130049608 | 2.784751 | 99.020801 5 2 0.0120282 | 0.0006012 | 121.549063 | 6.077453 | Reading Day 1
121130035737 | 2.809321 | 99.030251 5 204 | 0.0159649 | 0.0007848 | 121.549063 | 6.077453 | Happy Back 2
121130017199 | 2.809611 | 99.030311 5 205 | 0.0392278 | 0.0016470 | 121.549063 | 6.077453 | Happy Back 3
121130068240 | 2.822191 | 99.072171 5 571 0.0113265 | 0.0005663 | 121.549063 | 6.077453 Hari Baca 4

121130068434 | 2.822211 | 99.072171 5 572 | 0.0070249 | 0.0003512 | 121.549063 | 6.077453 Hari Baca 5

121130132404 | 2.838231 | 99.052981 5 2145 | 0.0100568 | 0.0005028 | 121.549063 | 6.077453 Hari Baca 6

121130055087 | 2.850365 | 99.052985 5 2146 | 1.3493260 | 0.0674683 | 121.549063 | 6.077453 Hari Baca 7

121130111861 | 2.622811 | 98.938681 6 648 | 0.0136290 | 0.0006841 | 106.748703 | 5.337435 | Reading Day 1
121130116877 | 2.622931 | 98.938911 6 2 0.0328256 | 0.0164128 | 106.748703 | 5.337435 | Reading Day 1
121130112455 | 2.658191 | 98.937211 6 648 | 0.0136290 | 0.0006841 | 106.748703 | 5.337435 | Reading Day 2
121130075255 | 2.658851 | 98.939351 6 649 | 0.0739066 | 0.0036953 | 106.748703 | 5.337435 | Reading Day 3
121130081492 | 2.663601 | 98.938401 6 820 | 0.0233568 | 0.0011678 | 106.748703 | 5.337435 | Reading Day 4
12113008254 | 2.663651 | 98.938441 6 821 0.0078584 | 0.0003929 | 106.748703 | 5.337435 | Reading Day 5
121130109384 | 2.656523 | 98.935009 6 988 | 0.0999884 | 0.0049984 | 106.748703 | 5.337435 | Reading Day 6
121130085337 | 2.667791 | 98.937401 6 989 | 0.2092729 | 0.0140636 | 106.748703 | 5.337435 | Reading Day 7

Table 4, the downloaded Excel results present data related to customer visits, including
several important columns that support operational analysis. The "IDPEL" column uniquely
identifies the customer, while "LATITUDE" and "LONGITUDE" indicate their geographic
location. “Person Code” and “Visiting Sequence” help in organizing and tracking the route of
visits made by officers. Additionally, the table also includes information regarding “Distance
(km)” and “Working Time (hours)” for each visit, which is useful in measuring operational
efficiency. The columns "Total Distance (km)" and "Total Working Time (hours)" provide a
cumulative overview of the activity, while "Number of Reading Days" records the frequency
of visits in a certain period. This data is invaluable for route planning, time optimization, and
effective resource management.

Latitude
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Figure 4. Customer Graph for Balata Region
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The research results show that customer grouping using KMeans and TSP completion can
optimize visit routes. The total distance and working time for each cluster are calculated and
presented in Table 4. Clusters with a larger number of customers tend to have higher total
distance, but working time does not always increase proportionally. The use of the TSP
algorithm helps in reducing the total distance that must be traveled, which has implications
for saving costs and time.

Visualization of results can be done using graphs or maps to show the route taken by each
person. The map can show customer locations and the order of visits, providing a clear picture
of the efficiency of the resulting route, the graph makes it easier to validate compliance with
faster running times, the following graphic image can be seen in figure 5. Parapet ulp customer
graph, for the map in use osmnx as ox and falium so that it can show the fastest route that can
be taken with a display like in figure 6 Balata Regional Officer Route Map.

Figure 4 is a graph that depicts a visualization of Balata Region customers based on their
geographic coordinates, with the horizontal axis showing longitude and the vertical axis
showing latitude. Each point on the graph represents a customer location, and different colors
indicate customer groupings (clusters) based on their geographic proximity.

Figure 5. Route Map of Balata District Officers

Figure 5, Route Map of Balata Regional Officers shows the route taken by Balata Regional
officers in carrying out their duties visiting customers. Each blue dot on the map represents
the location a customer visited, while the line connecting the dots shows the path taken by the
officer. Different line colors can indicate each officer's route. This visualization is very useful
for analyzing route efficiency

Conclusion

The analysis results show that the method used is effective in grouping customers and
determining the optimal order of visits. The use of the Haversine algorithm to calculate the
distance between location points provides good accuracy in distance calculations. In addition,
dividing the number of reading days based on the order of visits allows for more efficient
scheduling. Integrating real-time data to improve the accuracy of distance and time
calculations that will be carried out in Traveling Salesman Problem (TSP) programming.
Develop web or mobile based applications that can help users plan visit routes automatically
by adding TSP to get more optimal accuracy. Conduct further studies by considering other
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factors such as time of visit and type of customer in creating the TSP model. With the addition
of these details,. Can adjust tables and data according to the results obtained from the code
being run, as well as adding relevant visualizations to enrich the presentation of research
results.
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