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Abstract 
 
This paper analyzes the optimization of ambulance base locations in the city of Sorocaba, São Paulo, Brazil, through 
clustering methods and synthetic data generation. Sorocaba currently operates with a single SAMU ambulance base, 
located near the city center, which results in long travel distances and potentially delayed emergency responses. To 
address this issue, synthetic datasets of emergency calls were created to simulate incidents across the city, maintaining 
confidentiality while ensuring realistic data. Four clustering techniques—K-means, Gaussian Mixture Model (GMM), 
Agglomerative Clustering, and Spectral Clustering—were applied to identify alternative base configurations and 
compare them to the existing single-base system. The evaluation considered maximum and total distances traveled to 
respond to calls. Results showed that implementing multiple bases significantly improved system performance, 
reducing both total and maximum distances by more than 50% compared to the current setup. For instance, with four 
or more clusters, the total distance decreased from 11,084.75 km to less than 7,000 km, and the maximum distance 
dropped from 26.422 km to below 11 km, depending on the method used. Among the clustering approaches, K-means 
and GMM provided the most consistent balance between total and maximum distance reduction. These findings 
demonstrate the potential of clustering-based approaches to redesign emergency medical service systems and highlight 
the advantages of using synthetic data to overcome limitations in obtaining sensitive real-world datasets. The publicly 
available synthetic data generator developed in this study enables replication and adaptation to other urban contexts, 
providing a valuable tool for researchers and decision-makers. In addition, the paper recommends advancing the 
analysis by applying multi-criteria decision-making methods to define the optimal number of bases and discrete-event 
simulation to determine the appropriate number of ambulances required. The contributions of this research provide 
practical evidence that relocating ambulance bases using clustering methods can enhance emergency response 
efficiency, reduce travel distances, and potentially increase survival rates in urban populations. 
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1. Introduction 
With the constant population growth in large cities, it is necessary to correctly size emergency and urgent care services, 
select the correct types of vehicles for assistance, and allocate resources at geographically distributed bases throughout 
the cities. In Brazil, there are two main public emergency and urgent care services: SAMU (Mobile Emergency Care 
Service) 192 and the Fire Department (Fire Department) 193. In many cities, these services have separate, unintegrated 
call centers. If an accident occurs on a public road with several witnesses, two witnesses may call different services 
and request two emergency vehicles. Furthermore, these services have different ambulance configurations, which can 
be of different types depending on the specific needs of each region, making call handling and classification crucial 
to the proper functioning of the system, and increasing the citizen's chance of survival. Public ambulances are used to 
treat people in urgent and emergency cases and are also used in hospitals, emergency rooms, and health departments 
to meet the demands of the municipal health system for internal patient transportation needs. Thus, an ambulance can 
be used to transport patients to other cities for appointments or exams, or to transfer them from one hospital to another. 
(Andrade, 2012) 
 
Ambulance positioning is a critical factor in the emergency system, with the various types of ambulances and their 
configurations. Examples include: (i) the motorcycle ambulance, staffed by a licensed motorcyclist with the necessary 
equipment for initial care in cases where the individual's transportation is not necessary; (ii) the Basic Support Unit 
(USB), staffed by nurses and/or nursing technicians; (iii) the Advanced Support Unit (USA), staffed by a doctor and 
a nurse/nursing technician; and (iv) Mobile ICUs, which are vehicles with more technology and equipment for the 
most serious cases. Calls to advanced support units and Mobile ICUs are generally fewer (Figure 1). 
 
This paper presents a study on the approximate distance between the vehicle locations and incidents in the city of 
Sorocaba, São Paulo, Brazil. Data were generated for this study using a synthetic data generator. The data generator 
is available for use at: 
https://colab.research.google.com/drive/1aYC2A8aaD-0Ze6NXxZtU4238QS9UepvY?usp=sharing, 
and the generated data can be found on Drive:  
https://drive.google.com/file/d/1p7L_xVoSPbdlMX2fG4YuehSjkKI9teA0/view?usp=sharing 
 

 
 

Figure 1. 30 artificially generated calls 
 

https://colab.research.google.com/drive/1aYC2A8aaD-0Ze6NXxZtU4238QS9UepvY?usp=sharing
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The SAMU base in Sorocaba is located near the city center, slightly offset to the northern region, which is the most 
populated area. The coordinates of the base are latitude -23.4784923353165 and longitude -47.4760365108656. The 
city currently has a single base for locating vehicles, from which they are dispatched according to calls. Figure 2 below 
shows the route calculations for 50 random calls. 
 

 
 

Figure 2. Routes from the base to the calls 
 

1.1 Objectives 
This study aims to compare the base location of ambulances in SAMU Sorocaba with the use of more bases through 
clustering methods. The maximum distance will be used to compare the number of bases and methods. 
 
2. Literature Review 
To analyze the state-of-the-art in vehicle location problems using clustering, multicriteria decision-making, and 
discrete-event simulation, the Springer, ScienceDirect, Web of Science, and Scopus databases were consulted. A total 
of 177 papers were used in this work, of which five articles serve as the basis for the study. The Figure 3 describes the 
prism methodology process used in the systematic literature review. 
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Figure 3.  Prisma diagram 
 
The paper presented by Stummer, Doerner, Focke, & Heidenberger (2004), entitled "Determining Location and Size 
of Medical Departments in a Hospital Network: A Multiobjective Decision Support Approach," uses a two-phase 
solution method. First, they developed a mathematical model to represent the problem, then applied a multiobjective 
tabu search to determine the best location for medical departments. This was followed by clustering to determine the 
best size and location for departments in a hospital network. 
 
To validate the proposal, the authors solved a numerical problem using data from hospitals in a large German city. 
Four objectives were analyzed for the problem: distance: represents the distance the patient must travel to the hospital; 
beds: represents the number of beds available for the patient; rejection: provides the probability that the patient cannot 
be treated due to exceeding the hospital's capacity; and finally, rejection: represents the number of beds that will be 
reduced after system restructuring. The authors considered only five hospitals, three major types of departments 
(internal medicine, surgery, and gynecology), a constant number of beds for each planning unit (10), a maximum of 
50 planning units (500 beds) for each department, and a constant 10% slack needed to meet peak demand. 
 
The work results in a modeling proposal that contributes to the analysis of multi-objective scenarios for decision-
making using metaheuristics and clustering methods. However, for larger problems, this method may not be efficient. 
Yang, Su, Zhou, and Qin (2020), in the article "Ambulance allocation considering the spatial randomness of demand," 
performed a descriptive analysis of data from the Songjiang district to verify the annual geographic distribution of the 
data. The authors then developed a variation of the Gaussian Mixed Model to resize the specially distributed demand 
partitions. To validate the result, demand was generated randomly, without loss of generality, considering data from 
previous years. Then, a deterministic model was used to determine the best location for ambulances. 
 
Two years of data from the Songjiang district were used to validate the proposal. Five different scenarios for the 
system were analyzed. Finally, the authors present some challenges to be overcome: 1) spatial randomness is a 
challenge and needs to be better addressed in practice; 2) the Gaussian Mixed Model method can be considered for 
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cluster determination; 3) a better description of special randomness reduces unexpected delays in the system; 4) the 
occupancy fraction of each cluster and ambulance may not be equal due to the special randomness of the problem. 
 
The authors Zhukovskaya, Beggicheva, and Zhukovski (2022) in Computer Simulation of Spatial Placement of 
Emergency Medical Stations in Urban Agglomerations applied a clustering method to determine the best geographic 
location for bases and emergency vehicles. The study used data from the Russian city of Yekaterinburg, with 
approximately 450,000 records. The authors then used the K-medoid method to determine the number of clusters 
required, considering the following constraints: 1) a target response time of 20 minutes; 2) the service area of the 
vehicles must be a maximum of 50 km2. Thus, 9, 10, and 11 clusters were studied for the city. To determine the 
optimal number of clusters, the authors decided to choose the one with the shortest total travel time possible. Thus, 
the model resulted in 9 clusters with an estimated total travel time of 48 minutes. 
 
Bharsakade, More, Nandeshwar, Narnaware, & Patil (2023), in the article "Emergency Facility Location of 
Ambulances Using K-Means Clustering and Minimax," the authors used the k-means method along with the minimax 
method to determine the optimal number and location of ambulances and thus reduce the number of deaths in the city. 
M. Soufyane, L. Chakir, and B. Jaouad (2023) in "New approach to solve the Uncapacitated Facility Location Problem 
using Continuous Hopfield Network and modified K-means clustering" use the Maximum Stable Set Problem (MSSP) 
and the Continuous Hopfield Network (CHN) to determine the initial number of clusters. They then used K-means to 
create the clusters to generate the shortest possible response time. The results were compared to the exact 
uncapacitated solution of the problem, with satisfactory results. 
 
3. Clustering Methods 
Clustering is an unsupervised learning technique whose objective is to categorize a data set into groups (clusters). 
Each cluster is composed of elements that are like each other and, at the same time, sufficiently distinct from the 
objects in other clusters. The clustering process involves several fundamental steps: 

1. Feature extraction and selection – from the original data set, the most representative variables are selected. 
2. Clustering algorithm design – the algorithm is chosen or adapted considering the specific characteristics of 

the problem. 
3. Result evaluation – the validity and quality of the obtained clusters are verified. 
4. Result explanation – the clustering is interpreted pragmatically, highlighting its practical application. 

 
In clustering evaluation, two main metrics are used: 

• Distance, more suitable for quantitative data, measures how "far" two points are in a feature space. 
• Similarity, more suitable for qualitative data, measures the degree of similarity between elements. 

 
The methods used to compare the current location of the vehicles are: k-means, agglomerative clustering, spectral 
clustering, and Gaussian mixed model. Details of each method are presented below: 
 
3.1 K-means 
The K-means method is one of the most widely used in clustering problems. Its objective is to minimize variability 
within clusters (intra-cluster sum of squares) and ensure that the groups have similar variance. 
The procedure follows three main steps: 

1. Initialization – the initial centroids are randomly defined (the number of clusters is predetermined). 
2. Assignment – each point is associated with the closest centroid, according to the distance metric. 
3. Update – the centroids are recalculated, and the process is repeated until the clusters stabilize. 

This method is efficient and highly interpretable, but it depends on the prior selection of the number of clusters.  
 
3.2 Agglomerative Clustering 
Hierarchical agglomerative clustering is a method that uses the opposite principle to K-means: initially, each element 
is treated as an individual cluster, and progressively, the closest groups are merged to form larger clusters. The most 
common distance metrics include: 

• Manhattan (or city-block) distance – evaluates displacements considering all dimensions, such as walking 
block by block in a city. 

• Euclidean distance – measures the straight-line distance between two points. 
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The main aggregation methods are: 
• Single-linkage – merges clusters with the closest points to each other. 
• Complete-linkage – merges clusters considering the most distant points. 

 
This method is useful when a hierarchical representation of the data is desired, often visualized in dendrograms. 
 
3.3 Spectral Clustering 
Spectral clustering transforms the problem into a graph theory context. In it, the data is represented by a similarity 
graph, and a Laplacian matrix is constructed to capture the connections between the points. 
 
Based on the eigenvalues and eigenvectors of this matrix, the data is projected into a lower-dimensional space, where 
the separation into clusters becomes clearer. This method is especially advantageous in scenarios involving non-linear 
or complex-shaped clusters, where algorithms such as K-means can have limitations. 
 
3.4 Gaussian Mixture Model (GMM) 
The Gaussian Mixture Model (GMM) considers that the data are generated by a combination of several Gaussian 
distributions, each representing a cluster. Unlike K-means, GMM does not rigidly assign each point to a single cluster, 
but rather estimates the probability of belonging to each group. The algorithm uses the Expectation-Maximization 
(EM) method: 

• Step E (Expectation) – the probability of each point belonging to each distribution is calculated. 
• M-Step (Maximization) – The parameters of the Gaussian distributions are updated to maximize the 

likelihood of the observed data. 
 
This method is quite flexible, as it allows clusters to have different elliptical shapes, sizes, and orientations, better 
capturing the complexity of the data. 
 
The Elbow method was used to determine the initial number of clusters in the system. This method calculates the 
"gain" for each cluster added to the k-means function. Thus, as the function becomes more asymptotic, the gain from 
adding a cluster decreases. As shown in Figure 4 below. 
 

 
Figure 3. The Elbow Method 

 
As a result of the Elbow method, 4 clusters were initially used, for more detailed analysis the number of clusters was 
increased to 6. In this way, the 4 classification methods, K-means, Gaussian Mixed Model, Agglomerative Clustering 
and Spectral Clustering were executed. Figure 5 below shows an example of the application of the K-means method 
with 5 clusters. 
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Figure 5. K-means with 5 clusters 
 
After clustering, the routes for responding to each call were calculated, and the maximum distance and total distance 
traveled were entered into a table. Figure 6 below shows an example of route calculation for a k-means model with 
four clusters. 

 
 

Figure 6. Routes of k-means with 4 clusters 
 
4. Data Collection 
Due to the difficulty in obtaining data from city halls in large cities without exposing citizens and, at the same time, 
maintaining the reliability of the information, synthetic data generation was used as a tool in this article. The data was 
collected through the generator available at: https://colab.research.google.com/drive/1aYC2A8aaD-
0Ze6NXxZtU4238QS9UepvY?usp=sharing, and the generated data can be found on Drive: 

https://colab.research.google.com/drive/1aYC2A8aaD-0Ze6NXxZtU4238QS9UepvY?usp=sharing
https://colab.research.google.com/drive/1aYC2A8aaD-0Ze6NXxZtU4238QS9UepvY?usp=sharing
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https://drive.google.com/file/d/1p7L_xVoSPbdlMX2fG4YuehSjkKI9teA0/view?usp=sharing this data was published 
in Zenodo with the title: A database for determining the location and quantity of ambulances that must be available in 
a emergency medical care.  
 
The data are available to any researcher and can be regenerated for any city in greater or lesser quantities and at 
different call intervals. 
 
5. Results and Discussion 
The results of applying the clustering methods, with the calculated distances between the suggested base, which is the 
center of the clusters, and the calls, are presented in Table 1 below. The table shows the total distance traveled for all 
calls and the maximum distance within the cluster. For all methods, the number of clusters found the smallest 
maximum distance. 
 

Table 1. Results of clustering methods 
 

Method Number of Clusters Total 
Distance 

Maximal Distance 

K-means 4 8221.416 18.314 
  5 7438.079 12.205 
  6 6905.452 10.213 
Gaussian 4 7344.023 15.445 
  5 7704.144 10.811 
  6 6739.056 10.331 
Spectral 4 7549.886 20.036 
  5 9277.677 14.988 
  6 6582.574 18.002 
Agglomerative 4 7949.257 12.525 
  5 6951.584 14.331 
  6 6597.876 11.542 

 
In the city's current situation with a single base, the total distance is 11,084.75 km, and the maximum distance is 
26,422 km. The results in Table 1 demonstrate that the use of any additional base will result in a reduction in the 
distance to service by more than 50%. 
 
As a recommendation for progress in this study, multi-criteria decision-making methods will be applied to define the 
optimal number of bases, as well as discrete event simulation to determine the number of vehicles that should be 
present in the system. 
 
6. Conclusion 
This study successfully compared the current single ambulance base location in SAMU Sorocaba with the use of 
multiple bases determined through various clustering methods, fulfilling its primary objective. The comparison 
utilized the maximum distance as a key metric to evaluate the efficacy of different base configurations. 
 
The results conclusively demonstrate that implementing additional bases, as suggested by clustering methods, leads 
to a substantial reduction in both total travel distance and maximum distance to service incidents. Specifically, using 
even a minimum of four clusters (additional bases) resulted in a reduction of over 50% in service distance compared 

https://drive.google.com/file/d/1p7L_xVoSPbdlMX2fG4YuehSjkKI9teA0/view?usp=sharing
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to the city's current single-base configuration, where the total distance is 11,084.75 km and the maximum distance is 
26,422 km. 
 
All four evaluated clustering methods—K-means, Gaussian Mixture Model, Spectral Clustering, and Agglomerative 
Clustering—showed a decrease in maximum distance with an increased number of clusters. The methods generally 
yielded favorable results in identifying optimal base locations that minimize response distances. 
 
A unique aspect of this research is the use of a synthetic data generator to simulate ambulance calls and incidents, 
overcoming the difficulty of obtaining real-world data while maintaining reliability and avoiding citizen exposure. 
This data generator and the generated data are publicly available for use by other researchers, making it a valuable 
resource for similar studies. 
 
As a recommendation for future progress, the study suggests applying multi-criteria decision-making methods to 
precisely define the optimal number of bases and utilizing discrete event simulation to determine the ideal number of 
vehicles required within the system. This indicates that while the location problem has been addressed, further 
optimization of resources is envisioned. 
 
The findings provide a concrete recommendation for the city of Sorocaba to reconsider its single SAMU base location, 
which is currently near the city center and slightly offset to the northern, most populated region. Adopting a multi-
base system based on clustering could significantly improve emergency response times and potentially increase 
citizens' chances of survival. 
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