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Abstract 

Urban transportation is a crucial aspect of modern societal development, with bus route optimization 
playing a central role in urban transit planning. Well-designed bus routes can enhance the efficiency 
and attractiveness of public transportation, alleviate traffic congestion and pollution, and ultimately 
contribute to the overall growth of a city. This study investigates the selection of bus stop locations 
and route optimization from three perspectives: population density, facility distribution, and route 
length. Firstly, a scheme for optimizing bus stop locations is proposed based on population grid data, 
Points of Interest (POI), and road network data. Next, candidate points are generated using the road 
network, and a new heuristic algorithm is introduced to initially establish optimized routes. A non-
dominated sorting algorithm is then employed to identify the optimal solution set, balancing 
population coverage, facility accessibility, and route distance. The proposed method for bus stop 
location and route optimization is universally applicable to urban bus routes and can be validated 
through case studies in different cities. Finally, an empirical analysis is conducted using Route 119 in 
Kunming City, Yunnan Province, as a case study. Compared with the original bus route, the 
optimized route demonstrates improvements of 18.26% in route distance, 15.79% in Points of Interest 
(POI) accessibility, and 10.53% in population coverage. 

Keywords: bus route optimization; heuristic algorithm; multi-objective; non-dominated sorting; 
Kunming City 

1. Introduction

Public transportation systems are widely promoted as a solution to mitigate road congestion,
reduce travel times, decrease air pollution, and lower energy consumption, owing to their cost-
effectiveness, extensive coverage, large capacity, and minimal environmental impac[1]. When 
integrated into comprehensive economic and land-use planning frameworks, these systems can 
stimulate commercial development, alleviate urban sprawl, and foster community cohesion through 
transit-oriented development strategies. Modern transportation infrastructure faces multifaceted 
challenges stemming from rapid urbanization, population growth, and increasing demands for 
human mobility. The concept of intelligent transportation, which integrates advanced technologies 
into transportation applications as envisioned by urban planners, aims to optimize transportation 
networks and enhance service quality[2]. In the context of Chinese cities, bus systems remain the 
dominant mode of public transport and serve as essential infrastructure for accessing employment 
opportunities, educational institutions, retail outlets, healthcare facilities, and social services. 
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However, without regular updates, public transportation services struggle to meet contemporary 
mobility needs. Empirical evidence indicates that private vehicles and ride-hailing services are 
increasingly favored over buses due to their greater convenience, comfort, and practicality[3]. To 
encourage a shift in transportation modes, reduce reliance on private vehicles, and thereby alleviate 
air and noise pollution, traffic congestion, accident rates, and inefficient road space utilization, 
strategic improvements to bus route configurations are essential. 

The operational efficiency of public transportation systems is influenced by several factors, 
including minimizing travel time, ensuring safety, enhancing route directness, and adhering to 
vehicle cleanliness standards[4,5]. Analytical frameworks indicate that travel time, routing efficiency, 
and service accessibility can be significantly enhanced through optimized network design. 
Population grid datasets quantify service coverage density, while Points of Interest (POI) data assess 
facility accessibility, with route distance being the primary determinant of operational duration. 
Yuanyuan et al. [6] proposed an improved ant colony optimization algorithm, which optimizes the 
public transport network in Zhengzhou High-Tech Zone using Origin-Destination (OD) data. 
Similarly,[7]  developed a multi-objective approximation model for the simultaneous optimization 
of bus routes and service frequencies, but their approach mainly focuses on route length, passenger 
costs, and operator expenses, overlooking the critical interdependence between optimal stop 
placement and route configuration.. However, their methodology did not address other important 
optimization objectives. To overcome these limitations, we developed a tri-objective optimization 
framework that simultaneously maximizes population coverage and POI accessibility while 
minimizing route distance, which was then validated through empirical implementation. 

This study focuses on Route 119 within Kunmingʹs urban transit network, proposing an 
innovative multi-objective heuristic optimization methodology that integrates multi-source spatial 
big data for the simultaneous selection of bus stop locations and route planning. Our research 
approach incorporates road network topology, population grid distributions, and POI datasets to 
generate candidate stop sets, and then formulates an integer linear programming model with three 
objective functions: (1) maximization of population coverage, (2) maximization of POI accessibility, 
and (3) minimization of route distance. 

The implementation of an improved heuristic algorithm generated candidate solutions, with 
non-dominated sorting techniques identifying 19 Pareto-optimal configurations. A comparative 
analysis demonstrates that the optimized routes lead to significant improvements in population 
coverage, facility accessibility, and operational efficiency compared to the existing route 
configuration. The results validate the effectiveness of the proposed methodology in addressing the 
multi-objective conflicts inherent in urban transit network design, showcasing both theoretical 
robustness and practical applicability. 

2. Related Work 

Stop location constitutes a vital component in the design of public transportation networks. 
Contemporary research typically integrates population grid data, points of interest (POIs), and road 
network data to address this challenge. Both the placement of candidate stops and the optimization 
of routes are fundamental aspects of modern urban transport planning, necessitating a careful 
balance of multiple objectives to improve system efficiency and passenger experience. Traditional 
single-objective models, constrained by their limited scope, have gradually been replaced by multi-
objective optimization, which has become the prevailing approach for enhancing transit systems. 
Moreover, the widespread availability of big data has empowered various algorithms to deliver 
innovative solutions for the optimization of bus routes and networks. This paper reviews three 
categories of relevant studies, supplemented by empirical case studies, and provides a detailed 
analysis as follows. 
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2.1. Optimization Methods for Bus Stop Location 

Stop location is a critical component of public transport network design. Existing studies often 
integrate population grid data, points of interest (POIs), and road network data to model location 
problems. For example,[8] proposed an improved multi-objective method for selecting autonomous 
taxi stop locations, employing clustering and genetic algorithms to optimize demand-point coverage 
and construction costs, while enhancing POI data analysis. However, this approach overlooks 
dynamic passenger flow allocation and user choice behavior. [9] examined pedestrian accessibility 
around metro stations and developed an audit tool-based indicator system encompassing safety and 
comfort, though their study focused on micro-level factors without incorporating multi-source 
geographic data. [10] introduced a transport system selection model based on multi-attribute utility 
theory (MAUT), proposing a multi-actor, multi-criteria decision-making framework, which they 
applied to a case study of Bangkok’s feeder system. Our research advances stop location flexibility 
and real-time adaptability by integrating population grids, POIs, and road network data with 
dynamic heuristic algorithms. 

2.2. Heuristic Algorithm Frameworks for Bus Route Optimization  

Bus route optimization often involves NP-hard problems, prompting researchers to adopt 
heuristic algorithms to obtain near-optimal solutions. Classic heuristics are widely applied: [11] 
developed a hybrid Route Generation Algorithm (RGA), guided by demand matrices and planner 
expertise, to reduce the search space; however, their model assumes static demand. [12]proposed a 
novel alternating objective genetic algorithm to identify the Pareto optimality between user and 
operator costs. Furthermore, they introduced a novel benchmarking and reporting framework to 
facilitate consistent cross-method comparisons and establish a taxonomy for heuristic approaches. 
However, their work primarily focuses on travel time optimization and does not adequately account 
for residents’ accessibility and convenience in transit planning.[13] enhanced urban bus routing using 
a heuristic that combines POI-based initial solutions with a metaheuristic search, validated in real-
world environments, although it remains decoupled from stop location considerations. 

Existing literature often treats stop location and route optimization as separate problems. while 
[14] focused on network design to minimize total costs. Genetic algorithms are widely employed 
[15,16]developed a reinforcement learning framework for metro network expansion, incorporating 
considerations of equity and accessibility. [17] dynamically adjusted customized bus routes within 
0.38 seconds, balancing service rates and profitability. [18] optimized metro-bus network topology 
using big data, while [19] addressed flexible bus routing through a gravity model. [20] predicted 
passenger destinations using smart card and GPS data in Shenzhen. 

2.3. Multi-Objective Algorithms in Transit Optimization  

Multi-objective optimization necessitates balancing competing goals, with non-dominated 
sorting algorithms (e.g., NSGA-II) serving as key tools.[21] integrated a two-stage multi-objective 
heuristic method based on the Non-dominated Sorting Genetic Algorithm II (NSGA-II) to optimize 
the total in-vehicle time, waiting time for all passengers, and the overall transfer distance. However, 
this approach did not incorporate Points of Interest (POI) as a factor in the optimization. [22]reduced 
metro energy consumption by 24.4% and improved travel time using NSGA-II, though their 
approach overlooked demand dynamics.[23] optimized rail service routing using cross-entropy 
methods to minimize waiting times, but did not account for stop location.[24] proposed MOEA-OSD 
to address congestion-prone passenger behavior, though scalability issues persisted. [25] focused on 
population coverage in frequency optimization. [26] prioritized public transport lane networks, and 
[27] developed MO-AVNS for handling disruption scenarios. 
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2.4. Empirical Case Studies 

Case studies validate algorithms: [28] integrated a stop-skipping strategy with local route 
optimization and proposed a GA-SA hybrid algorithm to reduce both passenger and operational 
costs. The approach was validated using the case of Route 115 in Ganzhou, Jiangxi Province, 
demonstrating an 11% improvement in travel speed. In multi-objective optimization studies, [21] and 
[12] utilized NSGA-II and an alternating objective genetic algorithm, respectively, to optimize the 
design of airport shuttle bus networks, with the latter achieving a 5–6% improvement in Pareto 
solutions. Meanwhile, the team led by [29] introduced an innovative H-RL-VaNSAS algorithm, which 
enhanced the resilience index of tourist bus services by 12.24–17.02%. [30] proposed a demand-
elasticity framework without integrating algorithmic methods.[31] introduced a system-level 
approach based on genetic algorithms to optimize bus transfer times, validating the method using 
scheduling data from Broward County Transit in Florida, which demonstrated significant reductions 
in transfer times. 

To summarize the related work, bus route optimization involves three core interrelated 
components: stop location selection, heuristic algorithm-driven route generation, and multi-objective 
trade-off balancing. Existing stop location studies have integrated multi-source spatial data but often 
overlook dynamic demand allocation and real-time adaptability; heuristic algorithms for route 
optimization have achieved near-optimal solutions for NP-hard problems but frequently decouple 
stop location from route design or lack multi-objective frameworks; multi-objective optimization 
methods represented by non-dominated sorting algorithms have been applied to transit network 
design, yet many ignore the interdependence between stop placement and route configuration or fail 
to address demand dynamics. Additionally, most existing studies treat stop location and route 
optimization as separate tasks, and few have established a tri-objective framework that 
simultaneously maximizes population coverage, POI accessibility, and minimizes route distance. To 
fill these gaps, this study integrates population grid data, POI information, and road network 
topology, develops a constrained heuristic algorithm that unifies stop selection and route generation, 
and employs non-dominated sorting to identify Pareto-optimal solutions, thereby addressing the 
multi-objective conflicts in urban bus route planning. 

3. Study area and Datasets 

3.1. Study Area 

The coverage along bus route 119 in Kunming, Yunnan Province, was selected as the study area, 
focusing on a key north-south corridor that connects the North City Depot with Kunming Railway 
Station. This route passes through major urban roads, including Beijing Road and Huancheng North 
Road, and serves as a vital north-south bus corridor in the city’s central urban area. 

Bus Route 119 serves residential areas, transportation hubs, and commercial districts. However, 
due to Kunmingʹs ʺsingle-center, ring-shapedʺ expansion and the growing scale of newly developed 
areas, certain communities within the routeʹs coverage, such as those along the Beijing Road 
Extension, are left without adequate bus service. Since the route’s establishment, a noticeable 
imbalance in passenger flow has emerged within its service radius, highlighting the need for route 
optimization and an improved feeder system. The rapid urban expansion along the Beijing Road 
Extension has led to newer residential zones being underserved, despite being within the nominal 
service radius of the route. Furthermore, the location of some candidate stops fails to consider nearby 
public facilities, such as parks, subway stations, and shopping malls. As a result, some passengers 
must walk long distances after alighting to reach their destinations, causing inconvenience to their 
daily commutes. Additionally, certain candidate stops are located too close to intersections, making 
it difficult for drivers to enter and exit the stops. Therefore, the operational efficiency of this route 
requires improvement, and adjustments to the layout of its stops are necessary. 
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Figure 1. Location map of the study area. 

3.2. Dataset 

The data preparation for this study involved road network data, public transit data, population 
density data, and point-of-interest (POI) data for the study area in Kunming City, Yunnan Province. 
These datasets were sourced from OpenStreetMap (OSM), Amap (Gaode Map), and the World Pop 
Global Project, respectively. 

The road network data primarily includes road nodes, edges, road classifications, and related 
attributes, while the public transit data encompasses route lines and stops. The population density 
data is provided in a gridded format, with population counts for each grid cell (e.g., 100m×100m). 
The population data from each grid cell serves as the primary basis for determining population 
coverage at candidate stops. 

The POI data mainly includes facility names, categories, geographic coordinates 
(latitude/longitude), addresses, and other relevant information. The geographic coordinates and 
location details enable the evaluation of the rationality of candidate stops and assessments. 

4. Methodology 

The above is the research framework of this study, multi-source big data such as population data, 
road networks, and points of interest (POIs) were acquired. The candidate set of generated routes 
was then obtained, and the final set of routes, was selected based on POI data, population density, 
and route distance. A mathematical model was developed using integer linear programming to 
achieve the three objectives. Subsequently, a heuristic algorithm was employed to filter the candidate 
points and generate the candidate paths. Finally, non-dominated sorting was applied to determine 
the optimal path based on the three objectives. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 6 February 2026 doi:10.20944/preprints202602.0492.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202602.0492.v1
http://creativecommons.org/licenses/by/4.0/


 6 of 24 

 

 

Figure 2. The flowchart of the research process. 

4.1. Candidate Selection 

The main bus candidate stops were generated along road lines. To prevent candidate stops from 
deviating from the optimal route or causing excessive detouring between the origin-destination (O-
D) pair, we filtered the road networks within the circle, retaining only the urban arterial roads 
(secondary roads) and removing side roads and walking paths. Candidate stopswere systematically 
deployed at 100-meter intervals along the identified roadway corridors to optimize service coverage 
and operational flexibility. Additionally, to ensure passenger safety when boarding and alighting, 
intersections and any points within a 200-meter radius of intersections were excluded. The resulting 
distribution of candidate points is shown in the figure. 
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Figure 3. Schematic Illustration of Candidate Points. 

4.2. Indicator Aggregation 

To select the final stops from the candidate stops and generate optimal routes, a systematic 
evaluation of the candidate points is required. Research has demonstrated that population density is 
a critical optimization objective in bus route planning [32,33] . Maximizing population coverage 
ensures that candidate stops serve high-demand areas, thereby enhancing the accessibility of public 
transport [30,34]. 

The density of Points of Interest (POIs) serves as a quantifiable proxy for land use intensity and 
regional development levels [20]. Consequently, maximizing POI coverage within stop service areas 
ensures that transit routes pass through the most urbanized and economically vibrant districts. 
Additionally, in route planning, route distance is also an important metric, as it affects construction 
costs, operational costs, passenger travel costs, and route efficiency [15,26]. The specific methodology 
involves quantifying the population count and POI count within a 500-meter buffer zone of each 
candidate stop, and calculating the total route length after route generation. 

The population data obtained from World Pop is based on 100m×100m raster grids. To calculate 
the population count within a 500-meter radius of candidate stops, a spatial link must be established 
between the candidate points and the population grids, followed by the aggregation of the total 
population covered by each stop. The formula is as follows: 
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𝑃௜ = ෍𝑃𝑜𝑝௞௡
௞∈௄  

𝑖, 𝑗 ∈ 𝐼: Set of candidate stops in the study area 𝑘 ∈ 𝐾: Set of all population grid sets in the study area 𝑃௜: Total population at candidate location i 𝑃𝑜𝑝௞: Population grid cells within a 500-meter radius of candidate location i 
The method for calculating the number of Points of Interest (POIs) within the buffer area of 

candidate stops is identical to that used for population estimation. The formula is as follows: 𝐿௜ = ෍𝐿𝑂௣௡
௣∈௉  

𝑝 ∈ 𝑃: Point of Interest (POI) set in the study area 𝐿௜: Point of Interest (POI) count at candidate location i  𝐿𝑂௣: Point of Interest (POI) count within 500-meter radius of candidate location i 
Notably, the distance must be calculated after the route has been generated. The formula is as 

follows: 𝐷 = ෍𝑑ሺ𝑆௜ , 𝑆௜ାଵሻ௡
௜  

𝐷 : Euclidean distance between stop i and stop j(Total length of candidate paths) 
n: Total number of stops along the route 𝑆௜: i-th stop location 𝑑൫𝑆௜ , 𝑆௝൯: Distance between stop i and stop j 

4.3. Network Generation 

Generate Bus Routes 

In order to select the optimal path from multiple options, heuristic algorithms are required. 
These paths are generated based on the set of candidate points. During the path generation phase of 
the study, the creation of a directed graph is a fundamental step. In the generated directed graph, the 
nodes represent the selected points, and the edges connect the paths between every two selected 
points. The primary objective of the directed graph creation algorithm is to establish spatial geometric 
constraints and construct a candidate route directed graph from the input candidate stops. This graph 
includes potential candidate stops and their sequencing, serving as the foundation for route 
generation. The constraints of the heuristic algorithm primarily involve stop spacing, directionality, 
and the total number of route stops, with the specific constraints outlined as follows: 

1. Moderate Distance Between Consecutive Stops: Adjacent candidate stops should maintain an 
optimal spacing interval. According to the Chinese National Standard GB 55011-2021 ʺCode for 
Urban Road Engineering Construction Projectsʺ, the recommended spacing between candidate 
stops in urban areas typically ranges from 300 to 800 meters. This range strikes a balance between 
pedestrian accessibility and operational efficiency. Excessively short spacing increases stop 
density, which in turn reduces traffic flow speeds and raises accident risks. Conversely, 
excessively large gaps reduce service coverage, inconvenience residents, and lower ridership. 
Specifically, the inter-stop distances must satisfy the following conditions: 300𝑚 < 𝑑𝑖𝑠𝑡ሺ𝐺௠,𝐺௠ାଵሻ < 800𝑚 𝑚 ∈ 𝑀：The set of nodes to be selected for path generation 𝐺௠：The selected point m 
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𝐺௠ାଵ：The next point of the selected point m 𝑑𝑖𝑠𝑡ሺ𝐺௠,𝐺௠ାଵሻ：Distance between stop m and stop m+1 

2. Progression Toward the Destination: To ensure logical and efficient route planning, the bus 
route must maintain consistent forward progression towards the final destination. To prevent 
the final path from significantly deviating from the target direction, the route should not include 
unnecessary detours, sharp turns, or looping segments. To enforce this, the forward direction of 
the bus route should not deviate excessively. As illustrated in the following diagram, assume a 
route is planned from O to D. The current stop is O, and the bus routeʹs forward direction should 
align with the positive direction of the Xₙ axis. The next selected stop, A, must satisfy two 
conditions: (1) it must lie on the same side of the Yₙ axis as O, and (2) the straight-line distance 
from intermediate stop A to stop D must be shorter than the straight-line distance from stop O 
to stop D. This restriction prevents the bus from making sudden directional changes or 
backtracking, which would otherwise increase travel time, reduce operational efficiency, and 
negatively impact passenger experience. Therefore, the schematic diagram is shown below: 

 

Figure 4. Schematic Illustration of Constraint 2. 

As shown in the schematic diagram, the constrained objective function is: |𝐴𝐷തതതത| < |𝑂𝐷തതതത| |𝐴𝐷തതതത|: The length of segment AD, which in this paper refers to the Euclidean distance between station A 
and station D. |𝑂𝐷തതതത|: The length of segment OD, which in this paper refers to the Euclidean distance between station O 
and station D. 

3. Increasing Distance from the Origin: To maintain logical and efficient route progression, the 
position of each new bus stop must be farther from the starting point (Stop 1) than the previous 
one along the actual route path. This ensures steady forward movement from the origin, 
preventing inefficient routing patterns such as circular paths, backtracking, or zigzag segments 
that would create unnecessary travel distance and time. 
By enforcing this condition, the route guarantees cumulative progress in one primary direction 
while still allowing necessary turns within reasonable limits. This principle helps avoid 
redundant path segments, ensures a better passenger experience by providing clearer trip 
progression, and aids in preventing unnecessary congestion by minimizing route deviations. 
Therefore, the distance between stations should satisfy the following conditions:  
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Figure 5. Schematic Illustration of Constraint 3. 

𝑑𝑖𝑠𝑡ሺ𝐺௠ାଵ,𝐺଴ሻ > 𝑑𝑖𝑠𝑡ሺ𝐺௠,𝐺ைሻ 𝐺ை: First stop (starting stop) on the bus route 𝑑𝑖𝑠𝑡ሺ𝐺௠,𝐺ைሻ：Distance between stop m and the first stop (stop O) 

4. Decreasing Distance to the Destination: To ensure efficient and passenger-friendly route 
planning, the location of each new bus stop must be closer to the final destination (D) than the 
previous stop when measured in straight-line distance. This requirement works in tandem with 
the forward progression rule (moving away from the origin). This condition ensures steady 
progress towards the destination while allowing necessary turns and adjustments to serve key 
locations. The combination of moving away from the origin while progressing towards the 
destination creates optimal route geometry that meets both operational requirements and 
passenger needs. Therefore, the distance between stations should satisfy the following 
conditions: 

 
Figure 6. Schematic Illustration of Constraint 4. 

𝑑𝑖𝑠𝑡ሺ𝐺௠,𝐺஽ሻ > 𝑑𝑖𝑠𝑡ሺ𝐺௠ାଵ,𝐺஽ሻ 𝐺௡: Last stop (destination stop) on the bus route 𝑑𝑖𝑠𝑡ሺ𝐺௠,𝐺஽ሻ: Distance between stop m and the last stop (stop D) 

5. Smooth Route with Minimal Detours: The bus route should maintain smooth transitions 
between stops, avoiding sharp turns or unnecessary detours. This is achieved by selecting each 
subsequent stop (𝐺௡) as the nearest feasible location to the current stop (𝐺௠)，while still adhering 
to directional progression requirements. By minimizing the distance between consecutive stops 
and prioritizing the closest valid candidate point, the route naturally forms gentler curves. This 
approach not only improves passenger comfort but also reduces fuel consumption and travel 
time. The smooth geometry enhances operational efficiency, as drivers can maintain more 
consistent speeds without frequent braking or acceleration caused by sudden directional 
changes. Therefore, the route must satisfy the following geometric conditions to maintain 
optimal smoothness: 

6.  𝑎𝑟𝑔𝑚𝑖𝑛൫𝑑𝑖𝑠𝑡ሺ𝐺௠,𝐺௡ሻ൯ = 𝐺௠ሺ𝑛 = 1,2,3⋯𝑚ሻ 𝑎𝑟𝑔𝑚𝑖𝑛൫𝑑𝑖𝑠𝑡ሺ𝐺௠,𝐺௡ሻ൯：Among all possible (Gₘ, Gₙ) pairs, the pair with the minimal distance from Gₘ 
to Gₙ） 

7. As shown in the figure below, the Z-shaped path will be pruned by this constraint. For the path 
from point O to E, since G is more distant than C, the path segments O-G and G-E are pruned. 
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Figure 7. Schematic Illustration of Constraint 5. 

By incorporating these constraints and objectives, the generated bus routes will be optimised for 
efficiency, accessibility, and smoothness, ultimately enhancing the overall performance of the urban 
bus system. 

4.4. Problem Modeling 

To address the bus stop location optimization problem identified in the aforementioned 
research, this study formulates the practical problem as an integer linear programming (ILP) model. 
The specific mathematical formulations are presented below: 𝑀𝑎𝑥𝑓ଵ =  ෍𝑃௜ ∙ 𝑥௜௜∈ூ  

𝑀𝑎𝑥𝑓ଶ =  ෍𝐿௜௜∈ூ ∙ 𝑥௜ 
𝑀𝑖𝑛𝑓ଷ = ෍𝐷௜௝௜,௝∈ூ ∙ 𝑥௜𝑥௝ 

Subjected to  ෍𝑋௜௜∈ூ = 𝑁 

𝑋௜ ∈ ሼ0,1ሽ,∀𝑖 ∈ 𝐼 𝑝௜: Total Population within the threshold area of the candidate i 𝐿௜: Total POI count within the threshold area of candidate i 𝐽: Set of candidate points  𝑁: the number of stations must be selected 𝑥௜ :decision variable: The binary decision variable𝑥௜ associated with selection decisions, where 𝑥௜ = 1 if 
stop i is selected, and 𝑥௜ = 0 otherwise. 

The proposed multi-objective bus stop location and route generation model considers three 
objective functions, integrating three optimization goals, with the aim of selecting the best 
combination of stop locations. The objective function f_1 (x_i ) maximizes the population coverage 
within the service area to ensure that the public transportation system serves a larger number of 
residents. The objective function f_2 (x_i ) eeks to maximize the number of public facilities covered, 
thereby enhancing the comprehensive utility of the stop services. The objective function f_3 (x_i ) 
aims to minimize the distance between stops, thus generating the route with the shortest total 
distance. A constraint is added to specify the predetermined number of stops. In summary, this 
model selects the optimal combination of candidate stops to maximize the three objective functions. 
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In the road network generation phase of the study, a directed graph is first constructed to 
represent connectivity and potential routes within the urban area. The subsequent step involves 
generating multiple candidate paths based on three key metrics: points of interest (POI) coverage, 
population coverage, and route distance. These metrics are critical for assessing the effectiveness and 
efficiency of the generated bus routes. POI coverage measures the potential travel demand reflected 
by key locations such as commercial centers, schools, and hospitals; population coverage evaluates 
the number of residents served by the route; and route distance quantifies the total length of the path, 
which directly impacts operational costs and travel time. 

Non-dominated sorting classifies solutions based on their performance across three objectives, 
ensuring that no solution in the resulting Pareto front can be improved in any objective without 
deteriorating at least one other objective. A solution is considered Pareto-optimal if it is not 
dominated by any other solution in terms of POI coverage, population coverage, and route distance. 
This process yields a set of optimal trade-off solutions, known as the Pareto front, where each solution 
represents a unique equilibrium among the three objectives. By employing this methodology, the 
optimization process ensures that the final bus routes maximise service quality and efficiency while 
adhering to the predefined constraints and objectives. 

4.5. Algorithm Analysis 

The aforementioned multi-objective integer linear programming model belongs to the class of 
NP-hard problems, and solving large-scale integer linear programming models incurs extremely high 
computational costs. Therefore, this study designs a heuristic algorithm to efficiently obtain high-
quality approximate optimal solutions. The research employs a multi-objective optimization 
approach to evaluate and select bus routes, utilizing the non-dominated sorting method to extract 
candidate paths from the Pareto optimal solution set. 

The algorithm first calculates three key metrics for each route: population coverage (Pop), point-
of-interest (POI) coverage, and total distance (Dist.). It then filters solutions by determining 
dominance relationships to identify Pareto front solutions that are not dominated by any other 
solution across all objectives. Finally, the spatial distribution of the optimal routes is visualized. 
Below is a simplified algorithm flowchart and a section of the algorithm code. 

 
Figure 8. Flowchart of the Algorithm. 

The heuristic algorithm implementation is presented in the following code segment: 

Algorithm 1：Pathfinding with DFS and Constraints  

Input：Excel file with stations, MinDistance, MaxDistance, max_paths   

Output：Found paths from ʹOʹ to ʹDʹ (up to max_paths) 

1: function read_stations_from_excel(xlsx_file_path)   

2:     df ← read Excel file   

3:     stations ← {row[ʹIDʹ]: (row[ʹXʹ], row[ʹYʹ]) for each row in df}   

4:     return stations   

5: end function   
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6: function dist(p1, p2)   

7:     return sqrt((p1[0] − p2[0])² + (p1[1] − p2[1])²)   

8: end function   

9: function can_move(curr_id, next_id, stations, MinDist, MaxDist)   

10:     d ← dist(stations[curr_id], stations[next_id])   

11:     if d < MinDist or d > MaxDist then return false   

12:     if dist(stations[ʹOʹ], stations[next_id]) ≤ dist(stations[ʹOʹ], stations[curr_id]) then 

return false   

13:     if dist(stations[ʹDʹ], stations[next_id]) ≥ dist(stations[ʹDʹ], stations[curr_id]) then 

return false   

14:     return true   

15: end function   

16: function smooth_constraint(next_id, path, stations)   

17:     distances ← [(dist(stations[next_id], stations[pid]), pid) for pid in path]   

18:     closest_id ← min(distances)[1]   

19:     return closest_id == path[-1]   

20: end function   

21: function valid_next_station(path, candidate, stations, MinDist, MaxDist)   

22:     if candidate in path or not can_move(path[-1], candidate, stations, MinDist, 

MaxDist) then return false   

23:     if not smooth_constraint(candidate, path, stations) then return false   

24:     return true   

25: end function   

26: function dfs_all_paths(current_path, stations, MinDist, MaxDist, max_paths)   

27:     if current_path[-1] == ʹDʹ then   

28:         add current_path to found_paths   

29:         if length(found_paths) ≥ max_paths then return true   

30:         return false   

31:     end if   

32:     for each next_id in stations do   

33:         if next_id ≠ ʹOʹ and valid_next_station(current_path, next_id, stations, MinDist, 

MaxDist) then   

34:             append next_id to current_path   

35:             if dfs_all_paths(current_path, stations, MinDist, MaxDist, max_paths) then 

return true   

36:             pop from current_path   

37:         end if   

38:     end for   

39:     return false   

40: end function   

41: function write_routes_to_csv(routes, csv_file_path)   

42:     open csv_file_path for writing   
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43:     write header to CSV   

44:     for each route in routes do   

45:         write route index and path to CSV   

46:     end for   

47: end function   

48: if __name__ == ʺ__main__ʺ then   

49:     stations ← read_stations_from_excel(ʹpath_to_excel_fileʹ)   

50:     MinDist ← 300, MaxDist ← 800, max_paths ← 30   

51:     start_path ← [ʹOʹ]   

52:     dfs_all_paths(start_path, stations, MinDist, MaxDist, max_paths)   

53:     write_routes_to_csv(found_paths, ʹoutput_file_pathʹ)   

54:     print ʺFound ʺ, len(found_paths), ʺ pathsʺ   

55: end if   

The non-dominated sorting implementation is shown in the following code block: 

Algorithm 2：ParetoPathOptimization   

Input：Excel file with station data, CSV file with found paths    

Output：Pareto Front solutions (non-dominated paths) 

1: function read_station_info(xlsx_file)   

2:     df ← read Excel file   

3:     coord_map, pop_map, poi_map ← {}, {}, {}   

4:     for each row in df do   

5:         coord_map[row[ʹIDʹ]] ← (row[ʹXʹ], row[ʹYʹ])   

6:         pop_map[row[ʹIDʹ]] ← row[ʹpopʹ]   

7:         poi_map[row[ʹIDʹ]] ← row[ʹpoiʹ]   

8:     end for   

9:     return coord_map, pop_map, poi_map   

10: end function 

11: function dist(p1, p2)   

12:     return sqrt((p1[0] − p2[0])² + (p1[1] − p2[1])²)   

13: end function   

14: function compute_route_metrics(route_str, coord_map, pop_map, poi_map)   

15:     stations_in_route ← split(route_str, ʹ->ʹ)   

16:     total_pop ← sum(pop_map[st] for st in stations_in_route)   

17:     total_poi ← sum(poi_map[st] for st in stations_in_route)   

18:     total_dist ← 0   

19:     for i ← 0 to len(stations_in_route) - 2 do   

20:         total_dist += dist(coord_map[stations_in_route[i]], 

coord_map[stations_in_route[i+1]])   

21:     end for   

22:     return total_pop, total_poi, total_dist   

23: end function 
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24: function dominates(sol_a, sol_b)   

25:     f1a, f2a, f3a ← -sol_a[ʹPopʹ], -sol_a[ʹPOIʹ], sol_a[ʹDistʹ]   

26:     f1b, f2b, f3b ← -sol_b[ʹPopʹ], -sol_b[ʹPOIʹ], sol_b[ʹDistʹ]   

27:     return (f1a ≤ f1b) and (f2a ≤ f2b) and (f3a ≤ f3b) and (f1a < f1b or f2a < f2b or f3a < f3b)   

28: end function   

29: function non_dominated_sort(solutions)   

30:     pareto_front ← []   

31:     for each sol in solutions do   

32:         dominated ← false   

33:         for each other in solutions do   

34:             if dominates(other, sol) then   

35:                 dominated ← true   

36:                 break   

37:             end if   

38:         end for   

39:         if not dominated then   

40:             pareto_front.append(sol)   

41:         end if   

42:     end for   

43:     return pareto_front   

44: end function   

45: function write_routes_to_csv(routes, csv_file_path)   

46:     open csv_file_path for writing   

47:     write header to CSV   

48:     for each route in routes do   

49:         write route index and path to CSV   

50:     end for   

51: end function   

52:     dfs_all_paths(start_path, stations, MinDist, MaxDist, max_paths)   

53:     write_routes_to_csv(found_paths, ʹoutput_file_pathʹ)   

54:     print ʺFound ʺ, len(found_paths), ʺ pathsʺ   

55: end if   

56:     for each row in df_paths do   

57:         total_pop, total_poi, total_dist ← compute_route_metrics(row[ʹRouteʹ], 

coord_map, pop_map, poi_map)   

58:         solutions.append({ʹPathIndexʹ: row[ʹPathIndexʹ], ʹRouteʹ: row[ʹRouteʹ], ʹPopʹ: 

total_pop, ʹPOIʹ: total_poi, ʹDistʹ: total_dist})   

59:     end for   

60:     pareto_front ← non_dominated_sort(solutions)   

61:     print ʺPareto Front:ʺ, pareto_front   

62:     write_routes_to_csv(pareto_front, ʹoutput_csv_pathʹ)   

63: end if   
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5. Result 

5.1. Spatial Distribution Characteristics of Candidate Stop Locations 

The generation of candidate points focuses on two primary objectives: Points of Interest (POI) 
and population density. Therefore, data processing and analysis were conducted for both target 
datasets. Based on the processing of POI data and population raster data, hotspot maps and spatial 
autocorrelation analysis diagrams were generated. The following presents the processing results and 
analysis: 

5.1.1. Spatial Distribution 

The left and right images present choropleth maps depicting the distribution of POI density and 
population grid data within 500-meter buffer zones of candidate points, respectively. The spatial 
gradient of POI distribution reveals distinct core-periphery characteristics, with pronounced 
concentration along central urban corridors such as Dongfeng East Road and Renmin West Road. In 
these areas, the choropleth values for POI density within 500-meter buffers reach the highest range 
(53,832-96,544). A typical example is the intersection of Beijing Road and Dongfeng East Road, which 
forms a distinct POI aggregation core characterized by dense concentrations of various commercial 
formats, including shopping malls, Class A office towers, and mixed-use developments that integrate 
residential, workplace, and leisure functions. 

 
Figure 9. Choropleth Map of Classified Candidate Points. 

In contrast, the northern study area (e.g., surrounding the Botanical Garden and Golden Temple 
Park) exhibits significantly lower POI density, with choropleth values falling into the lowest range 
(448-8,304). These zones are characterized by ecological conservation functions and low-density 
residential development, resulting in limited POI variety and quantity. This core-to-periphery spatial 
gradient of POI distribution demonstrates the imbalanced urban functional development in Kunming 
and the directional diffusion pattern of urban vitality. 

The population grid data within the study area exhibits strong spatial correlation with POI 
distribution in urban core zones. The highest population density areas (with choropleth values of 
53,832–96,544 within 500-meter buffers) overlap with POI aggregation cores (e.g., Dongfeng East 
Road and Renmin West Road corridors), forming high-density population clusters. In these core 
areas, high-density residential communities coexist with large commercial centers, generating 
substantial commuting, shopping, and social trips that constitute the demand base for public 
transportation systems. 
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In contrast, the northern peripheral areas demonstrate different spatial relationships between 
POIs and population grids. These zones are characterized by ecologically dominated POI 
distributions and low-density residential development patterns in population grids, collectively 
shaping the ʹbasic accessibility demandʹ of transportation systems. 

5.1.2. Spatial Autocorrelation 

The left and right figures respectively display Local Moranʹs I analysis maps of POI data and 
population grid data within the study area. In the POI grid LISA analysis, High-High clusters (red 
indicators) are predominantly concentrated along Dongfeng East Road and Renmin West Road (e.g., 
the intersection of Beijing Road and Dongfeng East Road). These areas demonstrate both high POI 
concentration and significant spatial autocorrelation with surrounding areas, representing core urban 
zones for commercial, office, and entertainment functions (exemplified by areas around Plaza 66 and 
Shuncheng Shopping Mall, which aggregate numerous POIs including shopping centers, office 
buildings, and restaurants). Low-Low clusters (light blue indicators) are primarily distributed in the 
northern botanical garden sector (e.g., surrounding Golden Temple Park and Kunming Botanical 
Garden, geographic coordinates corresponding to urban ecological function zones). These areas 
exhibit low POI density with homogeneous spatial association characteristics, dominated by 
ecological conservation and low-density recreational functions. 

 

Figure 10. Local Moranʹs I Map of Candidate Points. 

The population grid LISA analysis reveals distinct spatial association patterns (as shown in the 
population grid LISA map). High-High clusters exhibit similar spatial concentration patterns to 
Points of Interest (POIs), being predominantly located along Dongfeng East Road and Renmin West 
Road. These areas demonstrate both high population density and significant positive spatial 
autocorrelation with adjacent zones, representing urban commercial-office and high-density 
residential mixed-use districts. A typical example is the area surrounding Plaza 66, which integrates 
office buildings, shopping malls, and residential complexes within a compact urban form. Low-Low 
clusters (light blue indicators) are distributed in the northern botanical garden sector (e.g., 
surrounding Golden Temple Park), characterized by low population density and homogeneous 
spatial association with neighboring areas. These zones are primarily designated for ecological 
conservation and low-density residential functions. 

5.1.3. Distribution Characteristics Summary 
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The urban core corridor (Dongfeng East Road-Renmin Road-Beijing Road segment) exhibits a 
strong spatial similarity between POI and population grid distributions. This area is predominantly 
characterized by high concentrations of shopping malls, office buildings, and residential 
communities, supporting dense human activity and generating significant daily travel demand for 
commuting, shopping, and other purposes. 

In contrast, the northern study area demonstrates different spatial relationships between POIs 
and population distribution. This sector is mainly composed of ecological zones (such as parks and 
botanical gardens) and low-density residential neighborhoods, where both POIs and population 
exhibit sparse distribution patterns. Although local residentsʹ travel demand is less intense compared 
to the urban core, basic transportation services remain crucial for their mobility needs. 

5.2. Algorithm Effectiveness and Comparative Analysis 

5.2.1. Data-Driven Analysis of Algorithm Outputs 

This study selected Bus Route 119 in Kunming City for experimental validation and analysis. 
Based on the actual conditions of the route, we determined the locations of the origin and terminal 
candidate stops and established constraint conditions to screen candidate bus stop locations using an 
improved heuristic algorithm. Through in-depth spatial analysis of these 100 feasible solutions for 
Kunmingʹs Bus Route 119, we observed that while all route alternatives maintained fundamental 
consistency with the north-south arterial corridor orientation, the algorithm produced variations in 
segment selections within northern urban areas, particularly along Hongyun Road, Xiaokang 
Avenue, and Hongxing Road. Using POI (Point of Interest) density and population grid distribution 
as dual constraint criteria, we performed non-dominated sorting on the 100 feasible solutions, 
ultimately generating 19 Pareto-optimal solutions. The three-dimensional scatter plot below 
visualizes the POI coverage, population service, and route distance metrics for these 19 optimal 
routes.  

 

Figure 11. 3D Scatter Plot of Results. 
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For a systematic summary and analysis, we performed cluster analysis on the experimental 
results and identified four distinct categories of route alignments based on their cluster centroids. 
The subsequent visualization of these route alignment patterns is presented in the following four 
figures. 

 

Figure 12. Optimized Path Results Diagram. 

Visualization of the four routes reveals a complete alignment with the original trajectory of 
Route 119 along Huashan West Road and Yuantong Street. However, the optimized routes 
implement directional adjustments at the Beijing Road intersection. The key findings of the analysis 
are as follows: 

The population-optimal route solution results in a longer total distance with moderate 
curvature, but it significantly enhances population coverage by adding stops at key high-density 
areas, including the Hong Yun Cigarette Factory and the Tian jiao Beilu residential area, both of 
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which are among Kunming’s most densely populated zones. This routing strategy makes use of the 
eastern section of Hongxing Road before returning to the northern portion of Xiaokang Avenue, 
passing by Yunnan Agricultural University. In comparison to other alternatives that divert onto 
Longquan Road, the northern section of Xiaokang Avenue serves denser residential communities and 
covers a larger population, while also accommodating student populations effectively. As a result, 
this configuration stands out as the demographic optimal solution. 

The POI-optimal route solution results in a moderate increase in total distance, incorporating a 
turn onto Hongxing Road before proceeding along Hongyuan Road and then redirecting onto 
Longquan Road. This route passes through Tian jiao Beilu and covers important facilities along 
Longquan Road, including Shizhuan Affiliated Primary School and Changchang Mountain Park, one 
of northern Kunmingʹs most popular parks. The chosen path not only improves accessibility for 
student populations using public transportation but also better serves park visitors. Thus, this 
configuration is established as the facility-optimal solution. 

The distance-optimal route incorporates a detour via Hongxing Road before merging onto 
Longquan Road. Compared to the previous solutions, it has minimal path curvature, reducing total 
distance while still covering key areas like Hong Yun Cigarette Factory, Tian jiao Beilu residential 
area, and Changchang Mountain Park. However, this route sacrifices coverage of the high-density 
communities along the northern segment of Xiaokang Avenue. 

Following a thorough evaluation, we propose an integrated optimal solution that reduces 
detours while maintaining coverage of high-density residential areas, food streets, and commercial 
hubs, including services to Yunnan Agricultural University. This configuration sacrifices coverage of 
residential areas along Hongxing Road and Hongyuan Road in favor of a more compact route, 
thereby improving operational efficiency. 

5.2.2. Validation of Algorithm Effectiveness 

To further analyses the algorithm’s outcomes, we compared the three objective values of the 19 
optimized non-dominated solutions with the original data from Kunming City’s Bus Route 119 and 
summarized the results in the table below. 

Table 1. Percentage Comparison of Algorithm Results Before and After Optimization. 

Number POP Percentage 
Change of POP POI Percentage 

Change of POI DIST Percentage 
Change of DIST 

Origin 1.9 0% 7.6 0% 15145.6 0% 
51 1.8 -5.26% 7.4 -2.63% 12380.9 18.26% 
62 1.8 -5.26% 7.8 2.63% 12932.1 14.61% 
73 2.0 5.26% 8.5 11.84% 13555.2 10.50% 
74 2.0 5.26% 8.3 9.21% 13388.2 11.59% 
75 2.0 5.26% 8.3 9.21% 13485.3 11.09% 
76 2.0 5.26% 8.5 11.84% 13745.7 9.24% 
78 2.0 5.26% 8.2 7.89% 13157.1 13.12% 
79 1.9 0.00% 8.1 6.58% 12990.1 14.10% 
80 2.0 5.26% 8.3 9.21% 13336.1 11.94% 
83 2.0 5.26% 8.3 9.21% 13526.6 10.68% 
85 1.9 0.00% 7.7 1.32% 12425.1 17.96% 
90 2.1 10.53% 8.7 14.47% 14047.6 7.25% 
91 2.0 5.26% 8.6 13.16% 13880.6 8.35% 
92 2.0 5.26% 8.6 13.16% 13977.7 7.70% 
93 2.1 10.53% 8.8 15.79% 14238.1 5.99% 
95 2.0 5.26% 8.5 11.84% 13649.5 9.87% 
96 2.0 5.26% 8.3 9.21% 13482.4 11.11% 
97 2.0 5.26% 8.6 13.16% 13828.4 8.69% 
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100 2.0 5.26% 8.6 13.16% 14018.9 7.44% 

A comparative analysis of the route maps and operational data reveals clear differences between 
the proposed solutions and the existing Route 119 configuration. The original route primarily follows 
Chuanjin Road, while our optimized solutions exhibit a nearly identical alignment along the main 
corridor between the northern transit hub and southern commercial district, diverging only at the 
Beijing Road-Chuanjin Road junction. This deviation arises from the optimization logic of the 
heuristic algorithm, which favors the more direct route along Beijing Road to reduce commute 
distances, achieving a 10% shorter inter-station linear distance compared to the Chuanjin Road 
alternative. In contrast, the original layout took a more circuitous route to maintain coverage of 
secondary residential clusters and educational facilities along Chuanjin Road. The population-
optimal solution (Sol#90) demonstrates a 10.53% greater population coverage compared to the 
original route. The facility-optimal solution (Sol#93) improves POI accessibility by 15.79%. 
Meanwhile, the distance-optimal solution (Sol#51) reduces the total route length by 18.26%. Tabular 
data comparisons decisively confirm the effectiveness of the algorithm in addressing these distinct 
optimization objectives. 

A comparative analysis with the original route reveals significant improvements across multiple 
dimensions. In terms of route alignment, the original configuration along Chuanjin Road-Huancheng 
North Road-Golden Avenue exhibited circuitous routing issues. In contrast, the optimized solutions 
implement directional adjustments at the Beijing Road intersection, effectively eliminating redundant 
path segments and reducing the total route length through algorithmic optimization. Regarding 
demographic and facility coverage, the optimized routes provide superior service to high-density 
residential areas (e.g., Jinxing Community and Jinshi Community) while incorporating additional 
commercial facilities (such as Tongde Kunming Plaza and Xindu Longcheng) and public amenities 
(including Shizhuan Affiliated Primary School and Changchongshan Ecological Park). These 
improvements collectively enhance both population coverage and public facility accessibility. 

Tabular comparisons conclusively show that all 19 non-dominated solution sets outperform the 
original route across three key metrics: population coverage, POI service accessibility, and 
operational efficiency. These results provide empirical validation of the algorithmʹs effectiveness in 
multi-objective route optimization. 

6. Conclusion and Discussion 

This study proposes a novel bus network design methodology and validates its implementation 
in real-world networks. The primary contribution lies in the development of a heuristic algorithm 
capable of screening feasible solutions for route optimization, effectively addressing issues related to 
unreasonable route length and stop spacing post-optimization. Compared to existing approaches, the 
proposed algorithm demonstrates enhanced implement ability while maintaining low data 
requirements and computational complexity. Through the optimization case of Kunmingʹs Bus Route 
119, the multi-objective optimization framework developed in this study has been successfully 
validated, with the improved heuristic algorithm and non-dominated sorting technology achieving 
significant theoretical breakthroughs and practical advancements in public transport network 
optimization. The main conclusions are as follows: 

Firstly, the improved heuristic algorithm based on candidate point weighting significantly 
enhances computational efficiency. By comprehensively considering constraints, including road 
tortuosity and stop spacing, the initial algorithm generates feasible solutions. The tri-objective 
constraints (population coverage, POI coverage, and route length) in the non-dominated sorting 
process ensure that the optimized results do not excessively deviate in any dimension. Through non-
dominated sorting of 100 feasible solutions, 19 Pareto-optimal routes were ultimately identified. 
These solution sets exhibit two notable characteristics: (1) The 100 solutions show a high level of 
consistency in overall alignment, confirming strong correlations between Kunmingʹs road network 
layout and population density/POI distribution, with the network structure being both concise and 
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efficient; (2) The optimal solutions demonstrate objective synergy in specific areas along Route 119, 
indicating spatial similarity between population density and POI distribution in these regions, with 
no significant divergence among the three optimization objectives along identical alignments. 

The bus stop location selection and route optimization created by this algorithm provide a 
preliminary solution that can serve as a foundation for route deployment. Future bus network 
adjustments and developments could consider: optimizing stop layouts to enhance service efficiency; 
adjusting route alignments to reduce redundant paths; strengthening POI coverage to improve 
service diversity; adopting data-driven decision-making to promote intelligent optimization methods; 
and establishing dynamic evaluation mechanisms for regular route optimization to adapt to urban 
development and changes in passenger flow. 

Study limitations include: the current model does not incorporate real-time traffic congestion or 
traffic signal delays, which could be addressed in future work through traffic simulation for further 
route runtime optimization; the research primarily relies on static demand distribution without 
considering passenger travel preferences (e.g., transfer habits, peak-hour demand variations), which 
could be improved by introducing passenger flow prediction models. For future research, 
optimization strategies could be explored by integrating bus networks with other transportation 
modes, such as metro and bike-sharing, in multi-modal systems. Additionally, Intelligent 
Transportation System (ITS) data could be incorporated to enable dynamic route adjustments based 
on real-time traffic conditions and changes in passenger flow. 
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