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Introduction
The primary task of emergency services is to reach an 

incident scene in the shortest possible time. One of the indicators 
of emergency service effectiveness is the Ambulance Response 
Time (ART). This is defined as the time from the moment an 
ambulance is called until EMS arrival on scene (Castrén et al. 
2008; Brice et al., 2022). The time of providing medical assistance 
to a patient is a key factor determining their chances of survival 
or maintaining health (Alrawashdeh et al. 2021; Blanchard et al. 2012; 
Afzali et al. 2021). Approximately 10% of fatalities from incidents 
occur within 3–5 min, and 60% occur within 30 min (Terzi et al. 
2013). Therefore, identifying optimal EMS station locations has 
been a key research focus with the aim of maximizing coverage 
and minimizing response times. The Maximal Covering Location 
Model  has been instrumental in efforts to station EMS units 
strategically, covering as large an area as possible within a given 
response time (Azizan et al. 2012; Li et al. 2018; Zhou et al. 2021; Li et 
al. 2015). Geographic Information Systems (GIS) have further 
supported ART improvements by helping model and visualize 
EMS coverage zones. In this context, the service area is the 
minimum time in which an ambulance can reach the incident 
scene or the maximum legally regulated time in which EMS 
must reach the patient (Piórkowski 2018). Branas et al. (2000) laid the 
groundwork for systematic GIS use in EMS deployment, leading 
to more studies examining spatial distribution and response 
zones. Peleg and Pliskin (2004) assessed EMS coverage in Haifa, 
Israel, based on 8- and 15-min ART zones. Meanwhile, research 
on the Odunpazari District in Turkey developed coverage maps 
for 5-min response times (Swalehe & Aktas 2016). In another 
approach, Shuib and Zaharudin (2010) used historical data to create 
EMS service zones, showing that past incident trends can guide 
future dispatch decisions. Analyzing historical data on ambulance 

calls can support future dispatcher decision-making. This has 
been further highlighted Budge et al. (2010) and Ingolfsson (2013) who 
determined service area coverage based on the probability that 
the nearest available ambulance could respond to a call. A similar 
approach to availability maps was presented by Westgate (2016). 
Here, the probability of the nearest ambulance in Toronto arriving 
at the scene within 4 min was analyzed. Vanderschuren & McKune 
(2015) investigated ambulance availability in rural areas with a 
focus on the South Africa’s Western Cape province. EMS service 
areas need to adapt dynamically to changing conditions including 
road repairs, traffic jams and mass events. Dynamically deployed 
ambulances can reduce response times effectively. Lam et al. 
(2015) showed that real-time ambulance relocation throughout the 
day improved response times. Similarly, Hashtarkhani et al. (2023) 
used CPLEX optimization to increase EMS coverage within a 
5-minute response area, from 69% to 75%. Andersson and Värbrand 
(2007) and Schmid (2012) introduced dynamic relocation models, 
reducing travel times by nearly 13% using Approximate Dynamic 
Programming. Wajid et al. (2020) used the Double Standard Model 
with Google Maps to more accurately match ambulance locations 
with accident sites. The optimal deployment of EMS units is critical 
for ART. Data-driven approaches that analyse historical and real-
time data are particularly effective. Ji et al. (2020) demonstrated 
that ambulances redeployed in real time to high-demand areas 
further reduced ART. Lupa et al. (2021) found that analyzing travel 
times using actual EMS speeds provides dispatchers with a 
reliable decision-support tool, though complex urban routing can 
sometimes delay real-time calculations.

In this study, we aimed to address the limitations of 
traditional, static EMS coverage maps by developing a dynamic 
tool that adjusts in real-time to factors such as traffic incidents and 
road closures. By leveraging Big Data techniques and the Open 
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Source Routing Machine (OSRM) engine, this tool calculates 
response zones dynamically across an irregular computational 
grid, considering real-time road conditions and incident data. This 
approach offers EMS dispatchers an enhanced decision-support 
system, helping them optimize ART based on live conditions 
and potentially saving lives through faster, more efficient EMS 
deployment.

Methods and dataset
Design principles and system architecture

Based on research interviews conducted with medical 
dispatch centre employees, the current process of dispatching 
an ambulance to the incident site, from the moment the call is 
received, is as follows:

The call is received by the intake dispatcher → A Code 1 or 
2 is assigned, where 1 indicates a priority status → The system 
suggests the nearest ambulance based on estimated travel time. 
However, this estimate does not account for traffic, obstacles 
such as roadblocks or construction, or actual emergency 
speeds → The dispatcher chooses the ambulance, using 
system recommendations, situational awareness and personal 
experience → The type of call and ambulance availability in the 
area are considered. → If no ambulances are available, even 
priority calls are put on hold.

Current systems lack tools for real-time EMS coverage 
analysis, leading to gaps during major incidents. Ambulances 

transporting patients outside their zones must return to their 
base before responding to new calls, which limits availability. Key 
bottlenecks include reliance on inaccurate travel times, which 
do not consider rush hours, road capacities and emergency 
speeds. This can potentially delay care. Even slight delays can 
impact survival rates and reassigning ambulances requires 
tools for analyzing coverage impacts. Dynamic time-to-location 
maps displaying ambulance coverage for an entire region would 
minimize gaps, enabling more effective EMS access planning.

Dynamic time-to-location maps enhance usability for critical 
decision-making. Minimizing map generation time is essential. 
Figure 1 compares classic (static) GIS-generated maps with the 
proposed dynamic approach. Static maps must be regenerated 
using GIS tools whenever an ambulance’s position changes, 
limiting their use to base locations. They cannot dynamically 
define service areas ambulances can reach within a specific 
time (isochrone) and require full regeneration if barriers such 
as road closures arise. With the proposed solution, time-to-
location maps are generated in real-time with minimal overhead 
(<1 s). Dynamic isochrone determination is based on an 
irregular grid and a pre-calculated travel time matrix between 
nodes. When road closures occur, calculations focus only on 
affected nodes rather than the entire matrix. This approach 
produces isochrones that dynamically adjust to ambulance 
location changes, ensuring efficient and accurate service area 
representation.

Figure 1. A schematic comparison of traditional methods for generating static time-to-location maps. This shows isochrones of travel 
time within a given area, and the approach proposed by the authors, which enables dynamic real-time generation of such maps
Source: own elaboration
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To enable these, the solution leverages Big Data tools, 
including Apache Spark, GeoTools and distributed spatial data 
(SRDD – Spatial Resilient DistributedDataset) stored in the 
Hadoop Distributed File System. Using supercomputers such 
as Zeus and Prometheus, the PLGrid infrastructure facilitates 
parallel and distributed processing across multiple machines, 
enabling rapid, large-scale calculations. The system includes five 
Ubuntu instances with 8 GB RAM, four single-core processors 
and essential software (Apache Spark, Hadoop, OSRM) in a 
cluster with four worker nodes and one master. Using Secure 
Shell Protocol , the Spark cluster manager co-ordinates task 
distribution, with a driver process on the main node assigning 
tasks to executors on each worker node.

Algorithm for travel time calculation
The algorithm builds an accurate road network by snapping 

a 2D uniform grid at 250-m intervals to real road nodes from 
OpenStreetMap, with added ambulance station points (137 
in Małopolska) to create an irregular grid. Using OSRM’s 
contraction hierarchy algorithm, routes and travel times between 
grid points are calculated. This forms a travel time matrix stored 
in a distributed SRDD file. Ambulance-specific speed profiles 
adjusted from GPS data (2013–2023) using a Monte Carlo 
approach produce a custom velocity vector (147, 122, 80, 69, 38 
km/h), enabling realistic routing in emergencies.

Availability maps show coverage through the following 
process: requests with selected co-ordinates are sent to the 
controller, where the SRDD filters routes originating from 
those points. These routes are mapped to endpoint pairs and 
corresponding times. For each node, the shortest travel time is 
calculated, and the data is then transmitted to the view layer. The 
coverage map is colour-coded to indicate travel times, namely, 
pink for 0 min (ambulance station), green for 0–7 min, yellow for 
7–14 min, red for 14–20 min and black for over 20 min.

In dynamic scenarios with temporarily unusable roads such 
closures following accidents or repairs, the algorithm recalculates 
routes excluding blocked segments to avoid delays. Instead of 
recomputing all the travel times (n² HTTP requests), it only updates 
the affected routes, which reduces the recalculation time. Using 
GeoSpark, the algorithm computes the fastest estimated time of 
arrival (ETA – Estimated Time of Arrival) from a point of interest 
across all nodes. It then generates colour-coded isochrones that 
dynamically map accessibility for changing networks.

Performance considerations
In static cases, a single route calculation suffices for 

ambulance availability maps. However, static maps become 
outdated with infrastructure changes, risking delays that affect 
patient outcomes. To mitigate these delays, in this study, we have 
explored architectural optimizations to accelerate map updates. 
Using parallelization, we assessed how temporal coverage map 
updates can be expedited by analyzing hardware configurations 
and software characteristics. Sensitivity testing focused on several 
key factors, that is, the size of the route dataset in the distributed 
system, the number of modified roads due to infrastructure 
changes, the number of deployed vehicles and the route 
determination algorithm used for calculating the fastest routes.

Dataset
In this study, we used data from the Emergency Notification 

Centre, provided as csv files organized into two schemas. The 
first schema detailed EMS deployments, including dispatch 
number, dispatch/request/return times, call reason, departure 
location and basic dispatch report details. A key feature was the 
GPS ID number, linking to detailed GPS logs. GPS data included 
EMS routes, vehicle speeds and timestamps, covering from 

2020 to 2023. The dataset was used to create an irregular grid of 
approximately 5,000 points, resulting in 25 million possible routes 
(5000² = 25,000,000). Due to storage and RAM constraints, 
testing focused on subsets with 0.5 million routes to evaluate the 
number of worker nodes in the computer cluster and 2.5 million 
routes to assess the impact of cores and available RAM. These 
subsets correspond to routes from 100 (5000 choose 100 = 
0.5 million) and 500 (5000 choose 500 = 2.5 million) randomly 
selected points, respectively.

The tested operations
The tested operations for time measurement included route 

search finding routes intersecting user-specified roads, OSRM 
server restart updating exclusions for restricted roads, route 
retrieval (5,000 HTTP requests and storage in the distributed 
dataset), and temporal coverage map loading which calculated 
the shortest times from 150,000 routes across 30 vehicle 
locations.

Results
Number of routes in the dataset

The primary non-computational factor impacting programme 
performance is the number of routes in the distributed dataset. 
Conducted on four quad-core machines (each with 4 GB RAM 
and a single-core processor), the study encompassed a dataset 
with 0.5 million routes.

Searching the route dataset
Search time increases linearly with the number of routes 

and each additional 0.5 million routes adds approximately 0.4 s  
(Tab. 1).

Retrieving routes
The main time overhead in retrieving routes stems from 

HTTP requests, while data saving has minimal impact. Averaged 
measurements show that dataset volume does not significantly 
affect retrieval time.

Loading the temporal coverage map
Calculating shortest travel times adds only 0.02 s per 

additional 0.5 million routes, with an imperceptible impact on 
performance.

Number of modified roads
The application memory can store many modified roads that 

have previously been excluded. Following the exclusion of roads, 
the OSRM server restart must be conducted with consideration of 
all previously modified roads. Therefore, a study was conducted 
to determine whether the number of modified roads affects the 
time required to restart the routing engine.

Table 1. Average search time of the distributed dataset 
depending on the total number of routes stored

Route Count (mln)  Time (s) 

0.5  0.7 

1.0  1.1 

1.5  1.4 

2.0  1.8 

2.5  2.2 
 
Source: own elaboration
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Restarting the routing engine
Number of vehicles

The number of vehicles set by the user may only affect the 
speed of calculating and loading the temporal coverage map. 
Therefore, only this one functionality was subjected to testing.

Loading the temporal coverage map
 The map below (Figure 2) shows an example of a dynamic 

time-to-location map for a single ambulance, where the grid 
of points used for calculations has been snapped to the road 
network. The colours of each segment represent the time ranges 
the ambulance can reach within 5, 10 and 15 min.

Fastest route determination algorithm
The OSRM engine provides two methods for calculating the 

fastest routes, namely, Contraction Hierarchies and Multi-Level 
Dijkstra. Each of these impact restart speed and data retrieval 
differently due to specific preprocessing requirements. Tests on 
machines with 8 GB RAM and single-core processors showed 
that the Dijkstra algorithm significantly reduces restart time, 
performing more than twice as fast as contraction hierarchies. 
According to OSRM developers, Dijkstra is ideal for scenarios 
with frequent data updates, though it may slow down on long 
routes (Running OSRM 2024).

Restarting the routing engine
After applying the Dijkstra algorithm, restarting the engine 

proves to be more than twice as fast with a shortener restart time 
compared to contraction hierarchies. This is especially valuable 
in environments with frequent updates.

Retrieving routes
Testing also assessed how switching from contraction 

hierarchies to Dijkstra affects retrieval speed. The Dijkstra 
algorithm proved faster, as shown in Figure 3, likely due to the 
shorter (under 30 km) routes in Krakow. This makes Dijkstra 
optimal for generating dynamic temporal coverage maps.

Discussion and conclusions
When updating the distributed dataset after excluding 

certain road network segments, spatial data processing methods 
were used to minimize the volume of newly retrieved information. 
The method for identifying routes requiring modification is 
detailed in a previous paper (Anonymous 2023). By analyzing the 
execution time of various operations, the benefits of applying 
geometric route processing can be assessed. The dataset 
used in the conducted studies comprised 2.5 million elements. 
The average time to download and save 5,000 routes was just 
under 11 s. Consequently, re-downloading the entire dataset of 

Figure 2. Temporal coverage map for an  ambulance in the centre of the blue area. Blue 5 min, green: 10 min, red 15 min
Source: own elaboration
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2.5 million elements would take approximately 5,500 s (or 1.5 h).  
When comparing this result with the time required to update 
only a portion of the data, it is essential to consider the time for 
information retrieval and dataset searching. The anticipated time 
to locate specific routes is estimated at 2.2 s. In this dataset, 
the modified roads intersect with an average of 63,000 other 
roads. Therefore, the entire map updating process should take 
approximately 139 s (slightly over 2 min).

This outcome signifies an almost 40-fold acceleration in 
application performance. The most significant factor influencing 
the efficiency of the programme’s operation is not hardware 
parameters but rather the structure of the algorithm and its 
implementation method. An algorithm designed to re-download 
the entire dataset from scratch does not need to retrieve and 
store the co-ordinates of routes between points. Retrieving 

information only about travel time, without considering its route, 
would be somewhat faster. Comparing these two algorithmic 
approaches would require further research. However, employing 
spatial dataset searching will likely still be faster than sending 
queries for the Cartesian product of all grid points.

Developing applications for generating dynamic temporal 
coverage maps for emergency vehicles primarily focuses on 
the challenge of maximizing the acceleration of programme 
operations. This objective is achievable by implementing 
an irregular grid of points, selecting an appropriate route 
determination algorithm and applying parallel and distributed 
processing techniques.

Using tools such as the GeoSpark programming platform, the 
Open Source Routing Machine engine and PLGrid infrastructure 
has facilitated the creation of an application that provides 
dynamic temporal coverage maps and efficient parallelization. 
The most significant acceleration was achieved by operating on 
the geometries of routes previously downloaded from an external 
source, namely, the routing engine. Applying spatial dataset 
searching substantially accelerates the process of updating the 
temporal coverage map. An increase in the number of cluster 
nodes and an enhancement of their hardware parameters, such 
as the number of processor cores and RAM capacity, were found 
to impact the programme’s performance. Therefore, constructing 
applications performing parallel computations can contribute 
to enhancing the efficiency of actions undertaken by various 
emergency services. This approach highlights the importance of 
leveraging advanced computational strategies and technologies 
to support critical operations, potentially saving lives and 
optimizing response times in emergency situations.
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