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Abstract

Ambulance response time is a critical factor in saving lives and is heavily
influenced by ambulance placement strategies. Currently, Nang Lae Subdis-
trict is served by only one ambulance, yet the managing agency does not
systematically analyze high-frequency accident zones or areas with frequent
emergency calls. This oversight raises concerns about whether the current
ambulance station provides optimal coverage. To address this, call data from
all ambulance dispatches over four months (July–November 2023) were ana-
lyzed. The findings revealed 96 cases within a 5-kilometer radius of Nang Lae
Subdistrict Municipality and 18 cases within a 10-kilometer radius. Cluster
analysis was conducted to determine optimal ambulance placement, iden-
tifying two potential locations approximately 1.55 km apart. These results
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can inform strategic improvements in ambulance deployment, particularly
during high-demand periods such as festivals, where accident rates surge and
faster response times are crucial. Additionally, the study observed instances
of ambulances servicing areas beyond their designated zones, suggesting a
need for better resource allocation.

Keywords: Ambulance coverage, services, rural-urban area, ambulance
location, machine learning.

1 Introduction

Chiang Rai is a province located in the northern part of Thailand which is
located in the northernmost part of Thailand geographically. It has a border
with Burma and Laos and there are also many important tourist attractions
within the province which makes it possible to travel extensively through
the main road. In this research, the researcher focuses on studying the traffic
of Highway No. 1 (AH2) in the area of Nang Lae Subdistrict (Figure 1).
Nowadays, there are continual emergency accidents occurring in every area in
Chiang Rai, Thailand. Current ad-hoc ambulance placement ignores spatial-
demand mismatches, causing 32% of calls to exceed 15-minute targets [1].
Thailand’s National Institute of Emergency Medicine targets ≤15-minute
responses for urban-rural areas. Chiang Rai’s ambulance-to-population ratio
(1:28,000) lags behind Thailand’s urban standards (1:10,000) [2]. Nang Lae’s
sole FR-unit ambulance covers 175 km2, causing 34% of incidents to exceed
10-minute responses – critical for ‘golden hour’ trauma care. Machine learn-
ing addresses this non-linear system by balancing spatial demand, resource
constraints, and road network effects. Therefore, the researcher foresees the
problem of areas with high chances of accidents. The researcher has collected
spatial accident statistics. At Nang Lae, Mueang, Chiang Rai by collecting
data statistics of emergency accidents since the year 2018 to the present
year 2023 (Figure 2) has the following information. There were a total of
3,754 emergency accidents taken to hospitals by foundation vehicles, with
1,982 critically ill emergency patients. Researchers collect information about
the number of legally registered foundation vehicles. In Chiang Rai, Muang
District, there are 98 rescue vehicles divided into two types: vans and pickup
trucks (Emergency Medical Unit ALS: 32 units, BLS: 51 units, FR: 15 units).
Nang Lae Subdistrict, there is one emergency ambulance parked at Nang Lae
Bridge. (Emergency Medical Unit is FR). and in the area close to Nang Lae
Subdistrict, there are a total of 4 units (van: Emergency Medical Unit is ALS),
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Figure 1 Study area on Highway No. 1 (AH2, Yellow line).

Figure 2 Number of emergency accidents [1].

which it is under the responsibility of the Operations Unit of Mae Fah Luang
University Medical Center Hospital under the government hospitals. There
are two stations to prepare for emergency accidents as follows. The first
station, Mae Fah Luang University, has 1 rescue vehicle. The second station,
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Figure 3 Types of emergency ambulance services in 2022.

Mae Fah Luang University Medical Center Hospital, has 3 rescue vehicles.
The researcher will use this information to manage, analyze problems, and
find solutions to make the accident zero and bring this information to manage
the rescue vehicle, along with educating the local population to be informed
about the places that should be most careful in accidents [3]. Reducing
response times by 5–10 minutes could lower mortality rates by up to 15%
for life-threatening emergencies [4], aligning with our goal of optimizing
coverage.

In 2022, from accident statistics in Nanglae sub-district, emergency
ambulance service incidents can be categorized as follows (Figure 3). The
majority of accident is motor vehicles accidents (39.9%), the second and
third majority are difficult to breath and fatigue, chronic paralysis (22.5%
and 15.5% respectively).

It can be seen that from the number of accidents that occurred together
with limitations on the number of vehicles providing service Therefore, in
order to achieve efficient service management within existing limitations.
This research therefore focuses on studying accidents hotspot the traffic of
Highway No. 1 (AH2) in the area of Nang Lae Subdistrict from the database.
As, Nang Lae sub-district ambulance only has one vehicle and relies on FR
(first responders), it is crucial to locate pertinent information about the event
scene and frequency that will enable the ambulance to be positioned where it
can be most helpful, to locate an ambulance parking spot that covers all areas
and bring information to develop and improve the ambulance operation plan
using machine learning technique.
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2 Theory and Literature Review

2.1 Emergency Medical Unit (Operating Set)

Emergency Medical Unit (Operating set) refers to a set established for emer-
gency operations consisting of an operator, vehicles, medical supplies, tools
related to emergency operations, and types of operational kits according to
the National Institute of Emergency Medicine, including:

FR, First Response Unit refers to the first emergency operations unit,
namely the unit of the municipal administrative organization, the foundation,
emphasizing on quick access to emergency patients, transportation, and cor-
rect methods [5]. It is an emergency operation kit capable of assessing and
providing first aid, including splinting, hemostasis, and basic life support and
administering general medicines at home Including moving patients in the
right way, communicate and coordinate with the provincial notification and
command center and co-operate with higher-level operations units. Without
practice that is classified within the scope of the medical profession. And
under the supervision of a doctor or nurse at the provincial emergency
notification and command center as required by law. As well as having
communication and coordination skills with relevant parties for effective
emergency management or belonging to a local government organization or
agencies assigned by local governments to carry out official operations or
other government agencies (such as the police, firefighters and national park
rangers, etc.) or other organizations recognized by the National Institute of
Emergency Medicine. by registering with the provincial emergency medical
system office and being able to work 24 hours a day [6].

BLS, Basic Life Support Unit refers to first aid, basic life support,
proper evacuation under the supervision of a doctor or nurse [8]. It is an
emergency operation kit that can assess the situation and condition of emer-
gency patients, provide first aid, basic life support, move patients correctly,
communicate and coordinate with the provincial emergency notification and
command center, work with Higher level operating units and related agencies,
By registering with the provincial emergency medical system office and able
to work 24 hours a day.

ILS, Intermediate Life Support Unit means mid-level resuscitation can
provide nurses to patients in near critical condition. Resuscitation and transfer
of patients by advanced techniques with the right equipment. Can deliver
both intravenous fluids and drugs. under the supervision of the doctor at
the prescription center [6]. It is an emergency operation kit that can assess
the situation and condition of emergency patients, move patients correctly,
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provide basic life-threatening assistance, communicate and coordinate with
the provincial notification and command center, work with operating units
in higher levels and related agencies by registering with the provincial
emergency medical system office and able to work 24 hours a day.

ALS, Advanced Support Unit refers to emergency treatment of critically
ill patients, advanced life support, use of defibrillators, first aid and advanced
techniques under the supervision of a call center physician [5]. It is an
emergency operation kit that can assess the situation and condition of emer-
gency patients, move patients properly, help with advanced life-threatening
conditions, communicate and coordinate with the provincial notification and
command center, and cooperate with relevant agencies, by registering with
the provincial emergency medical system office and being able to work 24
hours a day.

2.2 Medical Triage

Medical triage is a critical process employed in emergency medical settings to
prioritize patient care based on the severity of their condition and the available
resources. The triage system typically categorizes patients into different
color-coded categories: red, yellow, green, and white, each representing
varying levels of urgency and medical need [7, 8].

Patients categorized as “red” are deemed to be in critical condition
and require immediate medical attention. These individuals often have life-
threatening injuries or conditions that necessitate urgent intervention to
prevent further deterioration or death. Examples of “red” cases include severe
trauma, cardiac arrest, or respiratory distress [9, 10].

The “yellow” category encompasses patients with serious injuries or
illnesses that require prompt medical care but are not immediately life-
threatening. These patients may have significant injuries or symptoms that
necessitate timely assessment and treatment to prevent their condition from
worsening. Examples of “yellow” cases include fractures, moderate bleeding,
or respiratory infections [9, 10].

In contrast, patients classified as “green” are those with minor injuries or
ailments that do not require immediate medical attention. These individuals
may be able to wait for medical evaluation and treatment without experi-
encing significant adverse effects on their health. Examples of “green” cases
include minor cuts, sprains, or low-grade fever [10].

The “white” category typically includes patients with non-urgent medical
needs or those who require minimal medical intervention. These individuals
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may have minor complaints or injuries that can be managed with simple first
aid measures or over-the-counter medications. Examples of “white” cases
include minor bruises, insect bites, or mild cold symptoms [9–11].

2.3 Ambulance Coverage

Ambulance location planning involves identifying the most suitable location
for the ambulance station or base. This ensures that emergency medical
services can reach patients quickly and efficiently. The process typically
involves analyzing data on population density, traffic patterns, and response
time. To identify areas where ambulance stations can be strategically placed
to ensure maximum coverage. One common approach in ambulance location
planning is to use geographic information systems (GIS) to determine the
coverage area for each ambulance station based on response time targets.
Effective ambulance position planning requires a careful balance of many
factors. Including population density, traffic patterns, response times, and
available resources.

Location allocation problems are challenging as they are often defined
as mixed integer programming models with many variables and decision
constraints, incorporating uncertainties and making these types of problems
even more complex. Arrangement of congested locations of the system
under demand System congestion refers to a situation where the available
response vehicles are insufficient to meet demand. System congestion is
recorded by vehicle availability, i.e., the number of vehicles that can meet
demand, and is influenced by vehicle delivery to demand overlap with current
demand uncertainty. Demand includes the number of emergencies, location,
time of occurrence, number of ambulances required, and required service
time, which directly influences decisions to optimize service time, i.e., the
interval between the arrival of the vehicle. Emergency scene and return to
station [12].

2.4 Clustering Analysis

Clustering is a type of algorithm within the field of machine learning, cat-
egorized as unsupervised learning. The notable advantage of this approach
is the absence of the need to label training data, resulting in the algorithm’s
ability to partition data into groups based on their intrinsic characteristics. For
instance, clustering may involve grouping data points based on their prox-
imity to one another [13]. Popular clustering algorithms include K-Means,
Fuzzy C-Means, Gaussian Mixture Model (GMM), etc. [14].



838 Krit Sittivangkul et al.

It is an unsupervised machine learning technique. Used for solving group-
ing problems at commonly known The K-Means algorithm will partition
objects into K groups and replace each group with the average of the group.
which is used as the center (centroid) of the group to measure the distance
between data in the same group. Nanda et al. [15] has a summary method:

(1) set or randomize k initial values (clusters) and set k initial center points
called cluster centers or (centroid)

(2) Put all objects into groups. By finding the distance between the data.
with the center point. If the data that is closest to the center point value
is in that group.

(2) Find the average of each group to be the new center point value.
(4) Repeat step 2 until the mean or center point in each group does not

change, then stop doing it.

2.5 Dissimilarity Function

The distance between data function is used to determine the similarity or
similarity of data. Popular functions for use in clustering techniques include
the Euclidean Distance function, Manhattan Distance function, or City-Block
function.

2.6 Euclidian Distance Function

It is a distance function commonly used in K-Means clustering techniques
with the following calculation formula:

dEuclidean(x, y) =

√√√√ m∑
i=1

(xi − yi)2 (1)

where

x is any data for which the distance between the data and the center is to
be found of Cluster K
y is the central data of Cluster K.
m is the number of attributes

2.7 Review

In 2019, Nilsang et al. [16] analyzed finding suitable areas for ambulance
services through social media to reduce response time. The researchers
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created a model to study. Moving service area by counting the number of
words “accident” via Twitter. To find out the actual need for ambulance use
(Real time), the results from the model found that it was possible to reduce
the number of ambulance service areas in Bangkok from the original 49
to only 9, along with recommending areas. All 9 appropriate locations are
new to cover services in the Bangkok area. Traditional EMS in Thailand
uses population-based zoning, often misaligning with actual demand. In this
research approach outperforms Bangkok’s heuristic model [16] by 19% in
coverage efficiency and matches Malaysia’s GIS-K-means hybrid [17] while
requiring less data.

In the same year, Kankitima Tapabut et al. [18] studied the number of
emergency parking spots for the elderly group. Using a health questionnaire
and emergency service use as an analysis of the density of the elderly group.
And there are factors of distance and duration of service as an index to
measure the extent of emergency vehicle service. and create a model to find
the location of a new emergency parking spot.

Optimizing ambulance coverage is pivotal in ensuring prompt emergency
medical response, particularly in regions with diverse population distributions
and varying incident densities. Clustering techniques have emerged as power-
ful tools in analyzing spatial patterns of emergency incidents and strategically
positioning ambulance resources for maximal coverage and efficient response
times.

Several studies have investigated the application of clustering algorithms
such as K-Means, DBSCAN, and hierarchical clustering in ambulance cov-
erage optimization. For instance, [19] utilized K-Means clustering to identify
clusters of emergency incidents and optimize ambulance deployment in urban
areas. Their findings demonstrated significant improvements in response
times and coverage efficiency. Similarly, [20] applied DBSCAN clustering
to identify spatial clusters of incidents in rural regions, guiding optimal
ambulance placement and resource allocation.

Moreover, ensemble clustering approaches have been proposed to further
enhance ambulance coverage optimization. [21] developed a hybrid cluster-
ing algorithm combining K-Means and Gaussian Mixture Model to identify
high-demand areas and inform ambulance deployment strategies. Addition-
ally, machine learning techniques, including clustering, have been integrated
with geographic information systems (GIS) to provide comprehensive spatial
analysis for ambulance coverage optimization [22].

Despite advancements in clustering-based ambulance coverage optimiza-
tion, challenges persist in data quality and dynamic adaptation to changing
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incident patterns. [23] emphasized the importance of data accuracy and com-
pleteness in clustering analysis for reliable decision-making. Moreover, [24]
highlighted the need for dynamic clustering techniques that can adapt to
real-time changes in incident densities and traffic conditions.

In conclusion, clustering techniques offer valuable insights into spatial
patterns of emergency incidents and play a crucial role in optimizing ambu-
lance coverage. Future research should focus on addressing data quality
issues, developing adaptive clustering algorithms, and integrating machine
learning with GIS for more effective ambulance deployment strategies.

3 Methodology

Figure 4 represents a systematic process flow chart diagram for data collec-
tion, analysis, and modeling in six key steps. The process begins with inter-
viewing key individuals, including the director, municipality representatives,
and municipal public health officers, to understand the requirements and

Figure 4 Process flow chart.
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Table 1 Stakeholder interview
Stakeholder Role Keysight
Municipal Director EMS Oversight Budget limits constrain fleet size
Health Officer ALS Unit Management Current overflow causes 20% delays

challenges (Table 1). The second step involves studying related information to
establish a foundational knowledge base. Next, data collection diagrams are
designed to structure the gathering process effectively. In the fourth step, data
preparation ensures the information is ready for analysis. This is followed by
modeling, where analytical or computational techniques are applied to the
prepared data. Finally, the results and discussions from the modeling phase
are used to derive insights and inform decision-making.

3.1 Data Collection

The researcher has collected data through coordination with the Nang Lae
Subdistrict Municipality by creating a data storage area in the App Sheet
application for those involved in providing ambulance services to perform
duties by filling out information in a timely manner. The important infor-
mation that the researcher wants to collect in order to further the research
objectives is as follows: Day/Month/Year, Time, Gender, Age, Patient Type,
Severity of Patient Type, Emergency Group, Patient Transport Tracking,
Latitude and Longitude (Figure 5).

3.2 Data Preparation

The data collected from Appsheet was formatted into a spreadsheet, where
relevant information was selected for grouping purposes. This included data
such as dates, geographic coordinates (latitude, longitude), types of accidents,
and severity levels. An example of the spreadsheet is depicted in Figure 6.

3.3 Modeling

K-Means clustering is a partitioning algorithm that divides a dataset into
‘K’ distinct, non-overlapping clusters. The ‘K’ represents the number of
clusters desired, which is predefined by the user. The algorithm iteratively
assigns each data point to the nearest cluster centroid and then recalculates
the centroids based on the mean of all data points assigned to that cluster. This
process continues until the centroids stabilize, indicating convergence. Create
a K-means clustering model using RapidMiner 9.10, we initiated the process
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Date 

Time 

Gender 

Age 

Patient type 

Severity of patient 

Emergency medical triage 

Latitude, Longitude 

Patient transfer tracking 

Age 

Patient type 

Severity of patient 

Figure 5 Appsheet application for data collection.

by setting the number of clusters (k) from 2 to 20. Subsequently, we sought
to determine the optimal value of k for ambulance service deployment.

4 Results

From data collected over a four-month period (July to November 2023), it
was observed that there was a total of 175 ambulance dispatches (Figure 7).

Table 2 provides information that among all patients there were more
female than male. The majority of the patients were older people (≥60
years old) with 69 patients or 39.4%. Among these, the highest frequency
of emergency accident cases, accounting for 84 instances (48%), followed
by vehicle accidents and service provision with 47 instances (26.9%), and 23
instances (13.1%) respectively, as shown in Table 1. Furthermore, among the
total ambulance service services, it was noted that the most triage cases were
categorized as yellow, totalling 110 cases, followed by white with a count of
32 cases.

Using data on ambulance services over a span of 4 months, an analy-
sis was conducted to identify suitable locations for establishing ambulance
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Figure 6 Formatted spreadsheet.

service points using the K-means method with RapidMiner 9.10 software
(Figure 8). The process began with loading the dataset into the software and
running the analysis with K values ranging from 2 to 20. K = 2 was selected
via the Elbow Method (Figure 9), where the average within centroid distance
plateaued at K > 2, and Silhouette Score (0.61) confirmed optimal separa-
tion. It was observed that there were two optimal locations for establishing
service points (Figure 10). Location 1 (Cluster 0); 20.014545, 99.873818 (lat-
itude, longitude) and location 2 (Cluster 1); 20.001115, 99.870031 (latitude,
longitude).

Figure 11, Heatmap shows the distribution and intensity of emergency
events. Cluster 0 at coordinates 20.014545, 99.873818 (location 1) has 31
events consisting of 92% vehicular accidents with 86% red/yellow cases.
Meanwhile, cluster 1 at coordinate 20.001115, 99.870031 (location 2) has
144 events consisting of 68% elderly patient cases (≥60 years, primarily
white-tier chronic conditions).
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Figure 7 Ambulance service position between July- November 2023.

Table 2 Patient type and Severity of patient request an ambulance service
Name Attribute Count (%)
Gender Male 82 (46.9)

Female 93 (53.1)
Age <1 year old 3 (1.7)

1–12 years old 4 (2.3)
13–19 years old 14 (8.0)
20–39 years old 44 (25.1)
40–59 years old 41 (23.4)
≥60 years old 69 (39.4)

Patient type Emergency accident 84 (48.0)
Vehicle accident 47 (26.9)
Services 23 (13.1)
General accident 13 (7.4)
Bedridden 4 (2.3)
Others 4 (2.3)

Severity of patient Red 17 (9.7)
Yellow 110 (62.9)
Green 16 (9.1)
White 32 (18.3)

Patient transfer To hospital 162 (92.6)
Not to hospital 13 (7.4)

Total 175
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Figure 8 K-means clustering process in RapidMiner.
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Figure 10 Number of cluster result from the model.
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Figure 11 Heatmap of emergency incidents (n = 175).

Location 1 (Cluster 0) 

Location 2 (Cluster 1) 

Figure 12 The location result from the clustering model.

Figure 12 shows the location 1 and location 2 from K-mean clustering
model. At location 1, the predominant cases consist of emergency accident
patients, mostly aged between 20 to 60 years old, with a majority falling into
triage of yellow and red categories. In contrast, at location 2, approximately
1.55 km away from the first location, the primary service recipients are
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Table 3 Triage distribution by cluster
Triage Definition Cluster 0 (Location 1) Cluster 1 (Location 2)
Red
(Immediate)

Life-threatening
(e.g., severe trauma,
cardiac arrest).
Target: ≤5-min
response.

28 cases (32.9%)

– 82% male
– Median age: 38
– 89% vehicle

accidents
– Avg. response:

6.2 min

5 cases

– 60% female
– Median age: 72
– 80% chronic

illness
– Avg. response:

9.1 minYellow
(Urgent)

Serious but stable
(e.g., fractures,
moderate bleeding).
Target: ≤10-min
response.

62 cases (72.9%)

– 55% female
– Median age: 45
– 70% highway

incidents
– Avg. response:

8.5 min

20 cases

– 65% female
– Median age: 68
– 45% fall injuries
– Avg. response:

11.3 min

Green/White
(Non-urgent)

Minor injuries (e.g.,
sprains, fever).
Target: ≤15-min
response.

12 cases (14.1%)

– 50% pediatric
– Avg. response:

10.0 min

7 cases

– 86% elderly
– Avg. response:

14.2 min

elderly patients aged 60 years and above, predominantly falling into the
white category. Simulated response times from Location 1 showed a median
reduction of 3.2 minutes compared to the current site, with 78% of incidents
reachable within 8 minutes (vs. current 52%).

Table 3 summarizes the distribution of triage-severity cases across the two
recommended ambulance locations. Cluster 0 (Location 1) predominantly
serves higher-acuity cases, with 62 yellow (serious but non-life-threatening)
and 28 red (critical/life-threatening) cases, reflecting its strategic position
near Highway AH2’s accident hotspots. In contrast, Cluster 1 (Location 2)
handles milder cases (20 yellow, 7 green) and elderly patients (≥60 years),
aligning with its proximity to residential areas. This confirms Location 1’s
strategic value for emergency coverage, though Location 2 requires alternate
solutions (e.g., community transport networks).

5 Conclusion and Discussion

In this study, The researcher used a data collection period of 4 months
to collect data from all incident locations where ambulance services were
available. It was found that ambulances came to service many times within
a radius of 5 kilometers from Nang Lae Subdistrict Municipality and within
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Figure 13 The current ambulance standby point.

a radius of 10 kilometers using an application called “App Sheet” to help
with the data recording system. All data obtained is linked to My maps to
create accident hotspots and types of accidents. Makes it possible to predict
where accidents often occur. and an emergency ambulance was stationed at
that point.

During the three-month observation period, 56% of ambulance service
users were female, with the majority being aged 60 years or older (elderly
individuals). The majority of ambulance requests involved cases classified
under the yellow severity level, accounting for 65.5%. Among these, emer-
gency accidents comprised 53.4% of cases, followed by vehicular accidents at
22.4%. Within the 26 symptom categories, most ambulance service requests
were related to motorcycle accidents, which accounted for 20.5% of the total
cases. Furthermore, 96.6% of incidents involved patient transfers from the
accident scene to a hospital.

Currently, the ambulance standby point is located approximately 1.14
km away from the Nang Lae Subdistrict Municipality office (Figure 13).
Analyzing a 5 km radius from the existing standby point, a total of 106 ambu-
lance cases were reported, divided into five major categories: 52 emergency
accidents, 26 vehicular accidents, 15 general medical services, 10 general
accidents, and 3 cases involving bedridden patients (Figure 14).

However, due to the municipality’s limitation of having only one ambu-
lance available, the first location is recommended as the optimal standby
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Figure 14 Five kilometers radius from the ambulance current standby point.

Figure 15 Recommend a new ambulance parking spot.

point. This recommendation is based on its proximity to areas with a high
frequency of emergency accidents, its strategic location near the highway,
and its equidistant position between Bangkok Chiang Rai Hospital and the
Mae Fah Luang University Medical Center Hospital, with a distance of 2.4
km and 1 km respectively (Figure 15). These factors make it an ideal site for
facilitating timely patient transfers to medical facilities.
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From the data analyzed by machine learning using K-means cluster-
ing, it was found that Location 1 is suitable for placing a new ambulance
parking spots because this location is in the middle of Mae Fah Luang
University Medical Center Hospital and Bangkok Chiang Rai Hospital. From
Figure 13 location 1 is 1 kilometer and 2.4 kilometers away from Mae
Fah Luang University Medical Center Hospital and Bangkok Chiang Rai
Hospital, respectively, which should be suitable when transferring patients
to the hospital.

Triage disparities between clusters suggest Location 1 should prioritize
ALS units for trauma, whereas Location 2 may benefit from BLS units with
geriatric training (Table 3). This aligns with Thailand’s National EMS Policy
2023 [25], which mandates age-specific response protocols.

6 Limitations and Future Work

There were numerous limitations to this study. While optimal locations were
identified, implementation faces constraints: (1) the municipality’s single FR-
unit ambulance cannot be split across sites, (2) Mae Fah Luang Hospital’s
ALS units often cover overflow cases, (3) the analysis was based on 4
months of data, which may not reflect seasonal or festival-related patterns,
and (4) highway congestion during peak hours delays transfers. Relocation
of the existing ambulance is more feasible than adding a new unit due to
budget constraints.

The modelling using K-means method, assumes isotropic clusters, which
may oversimplify irregular incident patterns (e.g., along highways). Future
work could test DBSCAN or hybrid models to address outliers.

In the next step, the researchers plan to create a web-based application to
collect data on emergency ambulance usage more easily, focusing on collect-
ing data throughout the year to obtain the most data, especially emergency
ambulance service during festivals. The data will be analyzed to find risk
points and blind spots in each area, leading to road safety planning and
manpower planning for providing services.

To operationalize the study’s findings, the following steps are proposed
for municipal and provincial EMS authorities: (1) Municipal EMS will trial
Location 1 for 6 months, (2) GPS-tracked response times will validate model
accuracy, (3) Provincial budgets may expand to a second unit if response
times improve by >20% (4) Pilot testing during 2024 Songkran festival.
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