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Abstract

Emergency medical services must decide where to put ambulances how many of each type to keep, which ambulance to
send to which call and which road to choose in just a few minutes. Emergency medical services can benefit from
operations research tools taught at university level and this paper shows how these tools can help Emergency medical
services make all of these decisions in a single linked system. Using a sample data set for a made-up city district with
eight demand zones and five possible stations a linear programming problem fixes the mix of Advanced and Basic Life
Support ambulances; a set-covering integer program chooses stations that can reach every zone in eight minutes; a
transportation model solved by Vogel’s Approximation Method and verified with the MODI method assigns trips from
stations to demand clusters; the Hungarian method matches free ambulances to calls that happen at the same time;
Dijkstra’s algorithm finds the quickest road path; and a nearest-neighbour heuristic, a 2-opt improvement and simulated
annealing design a multi-stop patient transport route. The linear programming solution gives 3 ALS and 8 BLS units
that serve 82 trips each day; three of the five stations provide eight-minute coverage; VAM achieves an optimal
transportation cost of 377 minutes, which is 6.7 percent lower than the North-West Corner starting point; the Hungarian
assignment reduces total response time from 35 to 30 minutes, a 14.3 percent improvement compared with dispatching
the nearest available ambulance; and both 2-opt and simulated annealing cut the route time from 77.4 to 60.0 minutes,
a 22.5 percent reduction that matches the exact optimum. The results show that simple spreadsheet-ready operations
research tools give measurable benefits, for Emergency medical services planning.

Keywords: ambulance routing; emergency medical services; Hungarian method; transportation problem; set
covering; simulated annealing

1. Introduction

In an emergency every single minute between the call and the arrival of the ambulance matters a lot for the patient’s
chance of survival. For out-of-hospital arrest the chance of survival drops by about 5.5% for each minute that CPR,
defibrillation and advanced care are delayed (Larsen et al., 1993). That is why response time is the important
performance measure for any emergency medical service or EMS.
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Response time is not about how fast a driver can go. It depends on a series of planning decisions. Where are the
ambulances based? How many of each type are available? Which free ambulance is sent to which call?. Which route
does it take? Each of these is a resource-allocation problem.. Each one has a standard model in operations research or
OR.

The challenge becomes even greater in cities. Traffic is dense. Roads are uneven.. There is a mix of public services (like
108) and private ambulance operators. Simple dispatch rules—Ilike sending the available vehicle—are easy to use.. They
do not always give the best result. Especially when multiple calls come in at once or when the station locations are
poorly chosen.

Most research on ambulance planning uses stochastic models and simulations (Aringhieri et al. 2017; Bélanger et al.,
2019). These models work well. They are hard for students or small operators to use. This paper takes an approach. It
shows that the basic OR techniques taught in a course can already lead to clear measurable improvements—when applied
step by step to one EMS system.

The objectives of this study are:

1.To model the EMS planning decisions—fleet mix, station siting, trip allocation, dispatch and routing—using standard
operations research methods.

2.To solve each model in a case study using linear programming, integer programming, the transportation method (VAM
and MODI) the Hungarian assignment method, Dijkstra’s shortest-path algorithm, a nearest-neighbour heuristic with 2-
opt improvement and simulated annealing.

3.To compare optimized decisions with rules of thumb and measure the improvement in response time.The rest of the
paper is organized as follows. Section 2 reviews the literature. Section 3 describes the case setting and the six models.
Section 4. Discusses the results. Section 5 concludes with limitations and directions, for work.

2. Literature Review

OR research on ambulances falls into three streams: where to place them, how to dispatch them, and how to route them.
Each stream builds on a classical model that this paper reuses.

2.1 Location and coverage

The location set covering problem (LSCP) was put forward by Toregas et al. (1971) to determine the minimum number
of stations required to service all demand points within a given time frame. Church and ReVelle (1974) took a more
lenient approach with the maximal covering location problem, using a set number of vehicles to cover the greatest
amount of demand. Later work has seen Daskin (1983) factor in the possibility of the closest ambulance being occupied,
and Gendreau et al. (1997) employ tabu search on a double-coverage variant. For an account of how such models have
developed into those for relocation and dynamic deployment, one can refer to the reviews by Brotcorne et al. (2003) and
Bélanger et al. (2019).

2.2 Allocation and assignment

Hitchcock (1941) was the first to present the transportation problem as a means of moving units from source to
destination at the lowest cost. The North-West Comner rule, Vogel’s Approximation Method and the MODI test are still
the way the subject is taught (Taha, 2017; Hillier & Lieberman, 2015). In the case of the assignment problem, Kuhn’s
(1955) Hungarian method provides an efficient solution. Within EMS these are well suited to the task of assigning
ambulances to calls or stations to areas of need.

2.3 Routing

For finding the quickest route on a road network there is Dijkstra’s (1959) standard algorithm. But if a single vehicle
has to make multiple stops the matter is one of travelling salesman or vehicle routing (Dantzig & Ramser, 1959), and
exact solutions become difficult with scale. Heuristics like the savings method (Clarke & Wright, 1964) or nearest-
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neighbour construction will produce a route in short order. Where better results are called for, metaheuristics are applied,

be it simulated annealing (Kirkpatrick et al., 1983), tabu search (Glover, 1986), genetic algorithms (Holland, 1975) or
ant colony optimisation (Dorigo & Gambardella, 1997).

2.4 Research gap. Reviews by Brotcorne et al. (2003), Aringhieri et al. (2017) and Bélanger et al. (2019) show that
most EMS studies use one advanced model at a time. Few papers show, at an introductory level, how the basic toolkit
works together across all planning stages on one system. This paper fills that gap.

Study Technique Main contribution

Toregas et al. (1971) Set covering (ILP) Minimum stations for full
coverage

Church & ReVelle (1974) Maximal covering Most demand covered with fixed
fleet

Daskin (1983) Expected covering Accounts for busy ambulances

Kuhn (1955) Hungarian method Optimal one-to-one assignment

Dijkstra (1959) Shortest path Fastest route on a network

Kirkpatrick et al. (1983) Simulated annealing Escapes local optima in routing

Gendreau et al. (1997) Tabu search Double coverage ambulance
location

Bélanger et al. (2019) Review Location, relocation and dispatch
trends

3. Methodology

The study uses a case study approach. Six OR models are used one after another in a single example EMS district. Each
model answers one planning question (see Figure 1). The data is not real. It was made up by the authors to show how
each method works. The values used are, in ranges that make sense for a city setting. These data are not matched to any
EMS system. They are kept simple so each step can be checked by hand. All models were also solved in Python using
PuLP with the CBC solver (Mitchell et al., 2011) SciPy (Virtanen et al. 2020) and NetworkX (Hagberg et al., 2008) to
verify the results. Figures were drawn with Matplotlib (Hunter, 2007).

Planning decisions {weekly to yearly

1. Fleet mix 2, Station siting 3. Trip allocation
How muny ALS und BLS unils? Which stutions to open? ’ Dadly tnips station W cluster
i mung 1L
CUparatior .‘i ll‘ s0on (i miinuts )
4. Dispatch 5. Fastest path 6. Multi-stop route

Which ambulance to which call? » Which roads to the hospital? »| Order of patient pickups?

Figure 1. Research framework. The output of each planning model feeds the next; the operational models then guide
each trip.

3.1 Case setting. The district has eight demand zones (Z1 to Z8) and five candidate ambulance stations (S1 to S5). The
response-time standard is 8 minutes, following the 480-second travel-time benchmark for advanced life support units in
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NFPA 1710 (National Fire Protection Association [NFPA], 2020). Table 1 gives the estimated travel time from each
candidate station to each zone.

Table 1. Travel time from candidate station to demand zone (minutes)

Station Z1 Z2 73 74 Z5 76 z7 VA
S1 4 7 12 15 9 14 18 11
S2 9 5 6 8 13 9 14 16
S3 14 11 7 5 16 8 9 18
S4 6 12 15 17 5 13 16 7

S5 12 9 11 9 10 6 7 13

3.2 Model 1: Fleet mix (LPP). Let x: be the number of Advanced Life Support (ALS) ambulances and x the number
of Basic Life Support (BLS) ambulances. An ALS unit completes 6 trips a day and a BLS unit 8 (ALS units spend longer
on scene with critical patients). Daily operating cost is 34,000 per ALS and 33,000 per BLS, against a budget of <36,000.
An ALS unit needs 3 crew and a BLS unit 2, from a pool of 26 staff. At least 3 ALS units are required for critical cases.

Maximise Z = 6x: + 8x2
subject to 4x1 + 3x2<36; 3x1+2X2<26; x1>3; X1,X2>0

The model is solved by the graphical method, checking each corner point of the feasible region.

3.3 Model 2: Station siting (set covering ILP). Let y; = 1 if station i is opened and 0 otherwise, and let a;; = 1 if
station i reaches zone j within 8 minutes (from Table 1).

Minimise Xiyi (i=1,...,5)
subjectto Xiajyi>1 foreveryzonej=1,...,8; y; € {0, 1}

3.4 Model 3: Trip allocation (transportation problem). The opened stations supply daily trip capacity to four demand
clusters (D1 to D4). The cost ¢;j is the average response time in minutes. Supply and demand are balanced at 60 trips per
day (Table 2). The initial solution is found by the North-West Corner (NWC) rule and by VAM, and the MODI method
tests optimality using u; + vj = ¢;; for occupied cells and the opportunity cost dij = ¢ij — (ui + v;j) for empty cells. The
solution is optimal when every d;; > 0.

Table 2. Transportation data: response time (minutes), supply and demand (trips per day)

Station Dl D2 D3 D4 Supply
S4 6 9 11 7 20
S2 8 5 10 12 15
S5 12 10 6 8 25
Demand 18 12 16 14 60

3.5 Model 4: Dispatch (assignment problem). At peak time, four calls (C1 to C4) arrive together and four ambulances
(Al to A4) are free. Table 3 gives the time each ambulance needs to reach each call. The Hungarian method (row
reduction, column reduction, covering zeros with the fewest lines, and adjusting by the smallest uncovered value) gives
the one-to-one assignment with least total time. It is compared with the common rule of sending the nearest free
ambulance to each call in order of arrival.
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Table 3. Time for ambulance to reach call (minutes)

OPEMN

Ambulance Cl C2 C3 C4
Al 12 12 16 5
A2 11 10 13 14
A3 9 13 6 6
A4 17 8 6 6

ACCESS

3.6 Model 5: Fastest path (Dijkstra's algorithm). Once dispatched, an ambulance at station S must reach hospital H
through the road network in Figure 2. Each edge carries a travel time in minutes. Dijkstra's algorithm labels nodes in
order of their shortest known time from S until H is fixed.

FastestpathS=B—-A-=C—=E-H =15 min (edge = minutes; [ ] = Dijkstra label)
(F

(101

Figure 2. Road network from station S to hospital H, with travel times in minutes. The highlighted path is the result of
Model 5 (Section 4.5).

3.7 Model 6: Multi-stop route (heuristic and metaheuristic). A BLS unit based at depot D must collect nine non-
emergency patients (P1 to P9, for example dialysis or discharge transfers) and return. Point coordinates are in kilometres
and travel time is taken as 1.5 minutes per kilometre of straight-line distance. Three methods are compared: (a) the
nearest-neighbour heuristic, which always visits the closest unvisited point (Rosenkrantz et al., 1977); (b) 2-opt
improvement, which reverses route segments while this shortens the tour (Croes, 1958); and (c) simulated annealing,
which also accepts some worse moves early on with probability e"(—A/T), starting at T = 50 and cooling by a factor of
0.9995 over 20,000 iterations. Because the instance is small, all 362,880 possible routes were also enumerated to find
the exact optimum as a benchmark.

Table 4. Pickup point coordinates (km)

Point | D P1 P2 P3 P4 PS5 P6 P7 P8 P9
X 0 2 5 8 9 6 3 11 1 7
y 0 6 9 7 3 1 3 9 10 5
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4. Results and Discussion

Every optimised decision matched or beat the rule of thumb it replaced, with gains of 6.7% to 22.5% in response time
(Table 11).

4.1 Fleet mix. The optimum is 3 ALS and 8 BLS ambulances, serving 82 trips per day (Table 5 and Figure 3). The
budget constraint is binding (312,000 + %24,000 = %36,000), and one crew member is left spare (25 of 26). The shadow
price of the budget is 2.67 trips per extra 1,000 per day. The ALS minimum costs 4.67 trips for each additional ALS
unit required, which shows the trade-off between serving critical patients and serving more patients in total.

Table 5. Corner points of the feasible region (LPP)

Corner point (X1, X2) Trips per day, Z
(3,98) 82 (optimal)
(6,4) 68

(8.67, 0) 52

(3,0) 18

Optimum at (3, 8): 82 trips per day
14
-~ Budget: 4x: + 3x: = 36
Crew: 3x1 + 2x2 = 26
Minimum ALS: xs = 3
Feasible region

x2z = BLS ambulances

(3, 0) ‘ (8.67, 0)

Z=18 ‘ Z =52

0 I - T T Ll = 1
0 2 4 6 8 10

x1 = ALS ambulances

Figure 3. Graphical solution of the fleet-mix LPP. The shaded area is the feasible region; the optimum is at (3, 8) with
Z = 82 trips per day.

4.2 Station siting. The set-covering model opens three of the five stations, S2, S4 and S5, and this solution is unique.
Every zone is reached within the 8-minute standard; the average time to the nearest open station is 6.25 minutes (Table
6). Stations S1 and S3 can be closed or used as standby posts.
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Table 6. Coverage achieved by the optimal stations

Zone Covering station Time (min)
Z1 S4 6
Z2 S2 5
Z3 S2 6
Z4 S2 8
Z5 S4 5
Z6 S5 6
Z7 S5 7
78 S4 7

Each zone is covered by exactly one open station. If that ambulance is busy, the zone has no backup within 8 minutes.
This is the weakness that expected-covering models address (Daskin, 1983).

4.3 Trip allocation. The NWC rule gives a total of 404 response-minutes per day. VAM gives 377 (Table 7), 27 minutes
or 6.7% less. The MODI test (11 =0, u2=2,us = 1; vi=6, v2 =3, v3 =5, va = 7) gives positive opportunity costs for all
six empty cells (5, 6, 6, 3, 3 and 6), so the VAM solution is optimal and unique. The average response time per trip falls
from 6.73 to 6.28 minutes.

Table 7. VAM allocation steps

Step Highest penalty Line Cell allocated Trips
1 4 Column D2 S2 — D2 12

2 4 Column D3 S5 — D3 16

3 4 Row S2 S2 — DI 3

4 6 Column D1 S4 — DI 15

5 8 Row S5 S5 — D4 9

6 7 Row S4 S4 — D4 5

Ties in the highest penalty were broken by taking the first line; the MODI test confirms that this choice did not affect
the optimum. Total = 15x6 + 5x7 4+ 3x8 + 12x5 + 16Xx6 + 9x8 = 377 minutes.

4.4 Dispatch. Row reduction subtracts each row's minimum (5, 10, 6, 6), and column reduction subtracts 1 from column
C1. The zeros can then be covered by only three lines (row A2, columns C3 and C4), fewer than four, so the smallest
uncovered value, 2, is subtracted from uncovered cells and added at line intersections (Table 8).

Table 8. Final reduced matrix (Hungarian method)

Ambulance Cl C2 C3 C4
Al 4 5 11 0
A2 0 0 5 6
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Ambulance Cl C2 C3 C4
A3 0 5 0 0
A4 8 0 0 0

Two optimal assignments exist, each totalling 30 minutes. The one chosen (A1—C4, A2—C2, A3—C1, A4—C3) has
a longest wait of 10 minutes, against 11 for the alternative, so it is fairer to the worst-served patient. The nearest-free-
ambulance rule sends A3 to C1, A4 to C2, A2 to C3 and Al to C4, totalling 35 minutes with a longest wait of 13 (Table
9).

Table 9. Dispatch rule compared with Hungarian assignment

Method Total time (min) Longest wait (min)
Nearest free ambulance 35 13
Hungarian method 30 10

The greedy rule fails because it commits A3 to the first call, though A3 is also one of only two ambulances close to C3.
Looking at all calls together saves 5 minutes (14.3%).

4.5 Fastest path. Dijkstra's algorithm gives the path S — B — A — C — E — H, taking 15 minutes (Table 10). Going
through B to reach A (2 + 1 = 3 minutes) beats the direct road S — A (4 minutes). The next best paths, the direct road S
— A (16 minutes) and the detour through F (16 minutes), are close, which gives the driver ready alternatives if a road
is blocked.

Table 10. Final Dijkstra labels from station S

Node S B A C D E F H

Shortest | 0 2 3 8 10 12 14 15
time

(min)

Previous | — S B A C C C E

node

4.6 Multi-stop route. The nearest-neighbour heuristic builds a 77.4-minute route. It works well early but ends with a
long detour from P5 to P7 and back to the depot. Six 2-opt moves remove the crossings and shorten it to 60.0 minutes
(Figure 4). Simulated annealing reaches the same 60.0-minute route within about 6,000 iterations (Figure 5): D — P6
— Pl - P§ - P2 - P7 — P3 — P9 — P4 — P5 — D. Full enumeration confirms it is the exact optimum.
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Route improvement: 77.4 = 60.0 min (22.5% shorter)

Nearest neighbour: 77.4 min 2-opt [ annealing (optimal): 60.0 min
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Figure 4. Nearest-neighbour route (left) and the improved optimal route (right).

Simulated annealing convergence (seed 42, To = 50, a = 0.9995)

110 |
‘ \ Current route
‘ == Best route found
~ 100 A
w
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y— | nNe |1 | ‘,"‘
= 901 'R
5 | | B | .
= | |
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60 - — Exact opiimum 60.0
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0 2500 5000 7500 10000 12500 15000 17500 20000
Iteration

Figure 5. Convergence of simulated annealing. The current route often gets worse early on, which lets the search leave
poor routes; the best route reaches the optimum and stays there.

In this example with nine stops 2-opt was sufficient. The metaheuristic did not provide any extra improvement. Its
benefit increases with size: for paths with 30 or more stops it is not possible to check all options and 2-opt often gets
stuck in a local best, which annealing is meant to avoid (Kirkpatrick et al., 1983).
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4.7 Summary.

Table 11. Gains from OR methods over simple rules

Decision Simple rule OR method Result Gain
Fleet mix - LPP (graphical) 3 ALS+8BLS, 82 | Budget fully used
trips/day
Station siting Open all 5 Set covering ILP | 3 stations, 100% | 2 stations saved
coverage
Trip allocation NWC: 404 min VAM + MODI 377 min 6.7%
Dispatch Nearest free: 35 | Hungarian 30 min 14.3%
min
Routing Nearest 2-opt/ SA 60.0 min 22.5%
neighbour:  77.4
min

4.8 Discussion. The models fit together as one planning chain. The LPP sets fleet size, the set-covering model places it,
the transportation model plans daily workload, and the assignment, shortest-path and routing models guide real-time and
scheduled trips. Every model in this paper can be built in Microsoft Excel Solver, so a small operator or a hospital can
apply them without special software.

The largest gains came where simple rules ignore interactions: the greedy dispatch rule looks at one call at a time, and
the nearest-neighbour route looks one stop ahead. Optimisation helps most exactly where decisions affect each other.

5. Conclusion

This paper showed that the standard undergraduate OR toolkit can support every stage of EMS planning, from fleet size
to the final route, on one connected case. On the illustrative district, the optimised decisions cut response time by 6.7%
in trip allocation, 14.3% in dispatch and 22.5% in multi-stop routing, while full 8-minute coverage was reached with
three stations instead of five. The methods are simple enough to run in a spreadsheet, which makes them practical for
smaller operators and hospitals.

Limitations. The data are hypothetical, and travel times are treated as fixed, though real times change with traffic and
time of day. The models assume ambulances are always available, while in practice some are busy. Each zone is covered
by only one station, so there is no backup coverage.

Future scope. Further work can apply the framework to real call and GPS data from an Indian city, use time-dependent
travel times, add backup coverage through the maximal expected covering model, and test simulated annealing, tabu
search or genetic algorithms on larger routing instances where they offer more benefit.
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