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Abstract

Ant Colony Optimization (ACO) is a widely adopted metaheuristic for solving complex
combinatorial problems; however, performance is often deteriorated by premature conver-
gence and limited exploration in later iterations. Eclipse Randomness–Ant Colony Opti-
mization (ER-ACO) is introduced as a lightweight ACO variant in which an exponentially
fading randomness factor is integrated into the state-transition mechanism. Strong early-
stage exploration is enabled, and a smooth transition to exploitation is induced, improving
convergence behavior and solution quality. Low computational overhead is maintained
while exploration and exploitation are dynamically balanced. ER-ACO is positioned within
real-time healthcare logistics, with a focus on Emergency Medical Services (EMS) routing
and hospital resource scheduling, where rapid and adaptive decision-making is critical
for patient outcomes. These systems face dynamic constraints such as fluctuating traffic
conditions, urgent patient arrivals, and limited medical resources. Experimental evaluation
on benchmark instances indicates that solution cost is reduced by up to 14.3% relative to
the slow-fade configuration (γ = 1) in the 20-city TSP sweep, and faster stabilization is
indicated under the same iteration budget. Additional comparisons against Standard ACO
on TSP/QAP benchmarks indicate consistent improvements, with unchanged asymptotic
complexity and negligible measured overhead at the tested scales. TSP/QAP benchmarks
are used as controlled proxies to isolate algorithmic behavior; EMS deployment is treated
as a motivating application pending validation on EMS-specific datasets and formulations.
These results highlight ER-ACO’s potential as a lightweight optimization engine for smart
healthcare systems, enabling real-time deployment on edge devices for ambulance dispatch,
patient transfer, and operating room scheduling.

Keywords: Ant Colony Optimization; healthcare logistics; emergency medical services;
hospital scheduling; metaheuristics; real-time optimization; swarm intelligence

1. Introduction
Swarm intelligence, inspired by the collective behavior of social insects, has emerged as

a powerful paradigm for solving complex optimization problems in dynamic environments.
Among swarm-based metaheuristics, Ant Colony Optimization (ACO) is a well-established
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metaheuristic inspired by the foraging behavior of real ant colonies [1]. Considerable
success has been demonstrated in solving combinatorial optimization problems such as
the Traveling Salesman Problem (TSP), job scheduling, and network routing [2–8]. Its
decentralized nature and adaptability have made it suitable for real-time decision-making
in critical domains [9–15]. Real-time decision support under tight latency and resource
budgets has been enabled by lightweight learning pipelines in industrial IoT/predictive
maintenance [16,17] and communication-link modeling [18–21], motivating fast-converging,
data-driven metaheuristics for time-critical routing and scheduling.

These characteristics make ACO relevant for Emergency Medical Services (EMS) rout-
ing, where rapid and adaptive decision-making is critical for patient outcomes. In EMS
scenarios, ambulances must be dynamically dispatched and routed under uncertain con-
ditions such as fluctuating traffic, varying patient priorities, and resource constraints [22].
The classical ACO framework relies on indirect communication between agents (ants) via
pheromone trails, guiding the collective search process toward optimal or near-optimal
solutions. However, a well-known limitation of traditional ACO variants is a tendency
to stagnate in local optima due to excessive exploitation and limited exploration in later
iterations [23]. To mitigate this issue, various improvements have been proposed, including
modifications to pheromone update rules, hybridization with local search, and adaptive
parameter tuning [1,10]. Nonetheless, complex tuning strategies may be required, or ad-
ditional computational overhead may be introduced, which can hinder applicability in
time-critical healthcare environments.

Healthcare systems increasingly face operational challenges driven by unpredictable
patient arrivals, emergency cases, and resource constraints. Applications such as EMS
routing, patient transfer scheduling, and operating room allocation demand rapid opti-
mization under uncertainty. Delays in ambulance dispatch or surgical scheduling can
significantly impact patient outcomes, making efficient algorithms essential for modern
healthcare logistics [24].

Traditional ACO variants, while effective in static settings, often suffer from premature
convergence and stagnation in local optima, limiting applicability in dynamic healthcare
scenarios. To address these limitations, Eclipse Randomness-Ant Colony Optimization
(ER-ACO) is proposed, in which an exponentially fading randomness factor is introduced
during solution construction. A single time-scheduled term is inserted into the transition
decision so that exploration pressure is strong early and is smoothly extinguished later,
while the standard ACO loop (construct–update–repeat) is preserved. This mechanism
promotes strong exploration in early iterations and gradually shifts toward exploitation,
enabling fast convergence without sacrificing solution diversity [25,26].

Related Work

Since its inception, ACO has undergone several refinements aimed at balancing explo-
ration and exploitation. The Ant Colony System (ACS) [1] improved convergence speed
by introducing local pheromone updates and a more greedy decision policy. Similarly,
the Max–Min Ant System (MMAS) [23] imposed bounds on pheromone values to prevent
early convergence and promote diversity. Other works have investigated randomness
injection techniques to prevent premature convergence. For instance, Dorigo and Blum [27]
discussed the importance of stochastic behavior in enhancing robustness. Approaches
based on Gaussian or Lévy noise [28] have also been used to perturb decision variables
during solution construction. However, these methods typically rely on fixed or linearly de-
caying randomness, which may not sufficiently adjust to the dynamics of the optimization
process. Exponential-based randomness, although widely used in simulated annealing [29],
has seen limited application in ACO. This gap is addressed here by embedding an expo-
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nential decay mechanism that adapts the level of randomness based on iteration count,
allowing for stronger exploration initially and tighter convergence control in later stages.

To clarify novelty, ER-ACO is not formulated as an adaptive re-tuning of classical ACO
control parameters (e.g., evaporation or deposition schedules), and it is not formulated
as a separate exploration operator (e.g., Lévy-flight jumps or external perturbation steps).
Instead, a single exponentially fading term is injected directly inside the state-transition
computation at each construction step, so that only the decision stochasticity schedule is
altered while the core ACO workflow is retained. Accordingly, ER-ACO is intended to
act as an orthogonal plug-in to the transition rule and can be combined with improved
families (e.g., ACS/MMAS) as a scheduling component, whereas the present experiments
are framed as controlled baseline-level validation against standard ACO. A summary of
representative ACO variants that inject additional randomness is provided in Table 1.

Table 1. Key ACO variants that inject additional randomness.

Approach Randomness Mechanism Adaptive? Year Ref.

ε-Greedy + Lévy ACO
(GL-ACO)

Combines ε-greedy node
choice with Lévy-flight

steps on MMAS
linear ε decay 2021 [30]

Lévy-Flight ACO
(LF-ACO)

Lévy-distributed
perturbation during

transition rule
fixed scale 2023 [31]

APRT-ACO
Self-adjusting switch

between deterministic
and random rules

adaptive
threshold 2022 [32]

G-ACO Injects Gaussian noise
into heuristic term fixed σ 2021 [33]

DE-ACO Dynamically varies
evaporation rate yes 2024 [34]

PACO
Rank-based update +

dynamic evaporation in
parallel SPMD

yes 2024 [35]

IE-ACO
Non-uniform trails,

ε-greedy policy,
multi-objective heuristic

multiple knobs 2025 [36]

SSA–ACO
Sparrow-Search hybrid

with dynamic
evaporation

yes 2024 [37]

DA-ACO
Learns

evaporation/deposition
online

RL-based 2024 [38]

ER-ACO (this work)

Uniform-noise injection
scaled by λ(t) = e−γt/T

inside the transition
probability (annealed
decision stochasticity)

time-scheduled 2025 –

ACO algorithms generally use the algorithmic framework outlined in Equation (1).
After initializing the control parameters and pheromone traits, the main loop is executed
until the stopping conditions are met. These conditions may include a fixed number of
iterations or CPU-time restrictions [39]. In the main loop, ants create feasible solutions,
after which the pheromone trails are updated.
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In parallel with algorithmic developments, ACO has been widely applied to routing
and logistics problems such as the Traveling Salesman Problem (TSP), Vehicle Routing Prob-
lem (VRP), and their dynamic and time-constrained variants (e.g., VRPTW [40]). Recently,
ACO has gained attention in healthcare logistics, particularly for EMS routing and patient
transfer scheduling, where rapid and adaptive route planning is critical for minimizing
response times and improving patient outcomes. Several ACO-based approaches have been
proposed for delivery systems [41], especially those involving food or parcel dispatching
under timed windows, capacity constraints, and live traffic updates [42]. Similar principles
apply to EMS, where ambulances must be dynamically rerouted based on real-time traffic
conditions, hospital capacity, and patient severity levels. These systems require route
recomputation in real time, which poses a challenge for standard ACO variants due to
slower convergence and sensitivity to local optima. While metaheuristics like genetic algo-
rithms and tabu search have also been applied in this context [43], ACO remains attractive
for its decentralized agent-based search and natural fit with routing graphs [44]. This
work proposed ER-ACO within this healthcare application domain, specifically targeting
embedded, real-time route planning for EMS and hospital resource scheduling through its
fast and tunable convergence mechanism. However, the experimental scope is restricted to
controlled benchmarks to isolate algorithmic behavior under time-limited budgets, while
full EMS modeling is treated as a next validation step.

ACO algorithms generally follow a probabilistic solution construction process, where
each ant incrementally builds a feasible path. In the context of EMS routing, this corre-
sponds to constructing ambulance routes by selecting successive patient or hospital nodes
based on heuristic and pheromone information. Partial solutions are more accurately
understood as follows: Each ant transitions from state i to state j of the partial solution.
At each construction step, ant k evaluates a set of possible extensions to its current state
and selects the next state based on a defined probability distribution:

pk
ij =

⎧⎪⎪⎪⎨⎪⎪⎪⎩
[τij]

α[ηij]
β

∑
l∈allowedk

[τil ]α[ηil ]
β

if j ∈ allowedk

0 otherwise

(1)

Here, τij represents the pheromone intensity on edge (i,j), and ηij denotes the heuristic
desirability (e.g., inverse of travel time in EMS routing). The combination of these two
factors determines the probability pk

ij for ant k to transition from node i to node j.
Recent developments in swarm intelligence and metaheuristic optimization have laid

the groundwork for advanced frameworks in emergency medical services routing and
hospital resource scheduling. Comprehensive reviews of multi-objective Ant Colony Opti-
mization highlight its adaptability for complex decision-making under uncertainty [45–47].
Studies on equilibrium-based optimizers and grey wolf variants provide insights into
parameter control and convergence acceleration, which are critical for real-time applica-
tions [48–50]. Applications in healthcare, such as non-invasive glucose prediction and EEG
channel selection for stroke rehabilitation, demonstrate the potential of metaheuristics to
enhance predictive accuracy and resource allocation in clinical settings [51,52]. These con-
tributions collectively inform the design of ER-ACO systems capable of balancing response
times, resource utilization, and patient outcomes in dynamic environments.

Parallel progress in intelligent systems and edge-cloud architectures supports the
deployment of such optimization frameworks at scale. Research on intrusion detection
for software-defined IoT networks addresses security challenges in distributed healthcare
systems [53]. Advances in multimodal neural machine translation and natural language
inference datasets illustrate the integration of AI-driven analytics for multilingual medical
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data processing [54–57]. Large-scale datasets for machine reading comprehension and
speech recognition further enable robust interaction with healthcare platforms [58–60].
These innovations, combined with edge computing paradigms, provide the computa-
tional backbone for real-time ER-ACO optimization, ensuring resilience and scalability in
emergency response systems.

The contributions of this research could be summarized as follows:

• Adaptation of ER-ACO for real-time healthcare logistics, focusing on EMS routing and
hospital resource scheduling.

• Demonstration of ER-ACO performance on benchmark problems, showing a reduction
in solution cost and variance while preserving unchanged asymptotic complexity and
exhibiting negligible measured overhead at the tested scales.

• Discussion of the potential of the proposed algorithm for edge deployment in smart
healthcare systems, enabling localized decision-making in ambulances, operating
rooms, and hospital IoT networks while emphasizing that EMS-specific validation is
left for future work.

By integrating swarm intelligence with healthcare optimization, a lightweight, scalable
solution is provided for improving patient safety, operational efficiency, and resource
utilization in critical medical workflows.

2. Methodology
This section is divided into two subsections. The first Section 2.1 is the proposed algo-

rithm. Another Section 2.2 is provided for application integration with the proposed algorithm.

2.1. ACO Workflow

Figure 1 presents the complete workflow of the proposed Eclipse ACO (ER-ACO)
algorithm, now enriched with the key mathematical definitions used at each step.

2.1.1. Initialization

All pheromone levels are initialized uniformly:

τij(0) = τ0 =
1

n d̄
, d̄ =

1
n(n− 1) ∑

i ̸=j
dij, (2)

where n is the number of nodes and dij is the distance (or cost) between i and j. Heuristic
information is defined as follows:

ηij =
1

dij + ϵ
, (3)

with a small ϵ to avoid division by zero. Algorithmic parameters (α, β, ρ, γ, T, m) are set
according to the problem budget.

2.1.2. Main Iteration Loop

At iteration t, the exponential exploration factor is computed as follows:

λ(t) = exp
(︃
−γt

T

)︃
, (4)

where γ is the decay rate and T is the total number of iterations. This formulation ensures
that early iterations (t ≪ T) are more stochastic, encouraging exploration, while later
iterations increasingly exploit pheromone memory as λ(t) decays toward zero.
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Figure 1. Enhanced ACO algorithm workflow.
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A stronger justification for exponential fading is provided as follows: a nonlinear
annealing schedule is induced, in which randomness is reduced rapidly early (supporting
fast stabilization under time budgets) while a long tail is retained (avoiding an abrupt loss of
exploration that may occur under aggressive linear schedules). Fixed and linear schedules
are treated as valid design baselines; comparative evaluation against such schedules is
planned as future work rather than being claimed as universally dominated here. This
principle is supported by convergence traces in Figures 2–6, which show rapid descent
followed by stable plateaus. Related work on stochastic control in metaheuristics reinforces
this theoretical basis [27–29].

(a) (b)

(c)

Figure 2. Representative convergence traces for the 20-city TSP with 50 ants under three decay con-
stants. (a) γ = 1; (b) γ = 5; (c) γ = 10.

2.1.3. Solution Construction

Each of the m ants builds a tour by repeating the following until a complete path
is found:

1. For ant k currently at node i, the modified transition probability for any unvisited
node j ∈ Ak is defined as follows:

pk
ij(t) =

[τij(t)]α[ηij]
β + λ(t)U (0, 1)

∑l∈Ak

(︁
[τil(t)]α[ηil ]

β + λ(t)U (0, 1)
)︁ , (5)

where U (0, 1) is a uniform random variable, injecting noise scaled by λ(t).
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(a) (b)

(c)

Figure 3. Convergence behaviour on the same instance using 50/100 ants. (a) γ = 1; (b) γ = 5;
(c) γ = 10.

Figure 4. ER-ACO vs. standard ACO on TSP50.

Boundary cases and numerical stability are clarified as follows: Early iterations are
intentionally made more stochastic, so temporary dominance of the stochastic term is
expected when pheromone/heuristic values are still weak, while late-stage dominance
is prevented as λ(t) decays exponentially toward zero. Numerical stability is supported
by the use of ϵ in the heuristic definition (avoiding division by zero), by nonnegative
pheromone values under evaporation-plus-deposition updates, and by a strictly positive
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denominator in Equation (5) as a sum of nonnegative terms over allowed moves. As
a robustness option, a multiplicative perturbation can also be formulated to preserve
proportionality, e.g., as follows:

[τij(t)]α[ηij]
β(1 + λ(t)U (0, 1)),

but the additive form is retained here to guarantee nonzero exploration probability even
when the baseline score becomes extremely small early in the search. An ablation compari-
son between additive and multiplicative injection is treated as future work.

Figure 5. ER-ACO vs. standard ACO on QAP NUG10.

Figure 6. ER-ACO vs. standard ACO on QAP NUG20.
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2. The next node j is selected via roulette-wheel sampling on pk
ij(t) and appended to

the tour.
3. Once all nodes are visited, the tour length is computed as follows:

Lk(t) =
n−1

∑
r=1

dvr ,vr+1 + dvn ,v1 . (6)

Pheromone Update

After all ants have finished, the following are calculated:
1. Evaporation on every edge:

τij(t)← (1− ρ) τij(t) (7)

2. Deposition by each ant proportional to its solution quality:

∆τij =
m

∑
k=1

Q
Lk(t)

δk
ij, δk

ij =

⎧⎨⎩1 if (i, j) ∈ tourk,

0 otherwise.
(8)

and then
τij(t + 1)← τij(t) + ∆τij (9)

2.1.4. Termination and Output

The process repeats until t = T. The best-found tour argmink Lk(t) is returned.
Parameter guidance for selecting the decay constant is added as a configuration

heuristic (not as a guaranteed optimum). An “exploration horizon” t∗ can be selected such
that a target residual randomness level λ∗ is desired at t∗ (e.g., λ∗ ∈ [0.05, 0.2]), yielding
the following:

γ = − T
t∗

ln(λ∗).

As colony size increases, exploration capacity is increased via parallel sampling, so a
slower fade (smaller γ) can remain beneficial; for smaller colonies, a faster fade (larger γ)
can stabilize exploitation sooner once a promising region is reached.

This enhanced workflow, anchored by Equations (4) and (5), explicates precisely how
exponential randomness is injected and phased out, thereby balancing exploration and
exploitation for accelerated convergence.

2.2. Application Context: Real-Time Routing in Emergency Medical Services

Emergency Medical Services (EMS) play a critical role in healthcare systems by pro-
viding rapid response and patient care during emergencies. Routing decisions in EMS are
complex due to dynamic factors such as unpredictable traffic conditions, varying patient
priorities, and hospital resource availability. Unlike static routing problems, EMS requires
real-time optimization to minimize response times and improve patient outcomes. Tradi-
tional ACO has been widely applied to routing problems such as TSP and VRP. However,
a tendency to stagnate in local optima and slower convergence can reduce suitability for
time-critical healthcare environments. These limitations are particularly evident in EMS sce-
narios, where ambulances must be rerouted frequently based on live traffic updates, patient
severity, and hospital capacity constraints. The proposed ER-ACO algorithm addresses
these challenges by incorporating an exponentially fading randomness factor into the
state-transition mechanism. Strong exploration is enabled during early iterations, while a
gradual shift toward exploitation is induced for stable convergence. ER-ACO’s lightweight
design and low computational overhead make it suitable for edge devices (e.g., Raspberry
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Pi (Raspberry Pi Ltd., Cambridge, UK) and Jetson Nano (NVIDIA Corporation, Santa Clara,
CA, USA)) in ambulances and hospital IoT systems, enabling real-time decision-making
without cloud dependency. As a result, high-quality ambulance routes can be generated
quickly and can be adapted to real-time changes, such as sudden road closures or new
emergency calls.

To strengthen credibility without overstating validation, the EMS linkage is clarified as
a mapping discussion: routing-style path construction on a graph is reflected by a TSP-like
decision structure, while assignment-style scheduling cost structure is reflected by QAP-
like instances. Full EMS realism typically requires VRP/VRPTW extensions, multi-vehicle
dispatch, time windows, priorities, dynamic arrivals, and rolling re-optimization; ER-ACO
is intended as a lightweight optimization core that can be embedded into such formulations,
while the present study focuses on controlled benchmark behavior.

Overall, ER-ACO is positioned as a promising optimization engine for real-time
EMS routing and hospital resource scheduling, combining fast response, adaptability,
and computational efficiency to support critical healthcare operations.

3. Results
The proposed algorithm (ER-ACO) was evaluated on a 20-city TSP benchmark with

200 iterations, varying the number of ants (50, 100) and the decay constant γ ∈ {1, 5, 10}.
Each configuration was repeated five times. Table 2 summarizes the mean and standard
deviation of the best tour lengths and runtimes.

Table 2. ER-ACO performance on 20-city TSP instances (200 iterations, five runs).

Ants γ Mean Length Std. Dev. Mean Time (s)

50 1 4412.6 488.97 5.91
50 5 4066.9 224.81 6.05
50 10 3782.6 154.09 5.88
100 1 4268.9 466.24 11.95
100 5 3689.7 344.12 11.94
100 10 3858.2 167.60 11.84

The curves in Figure 2 reveal that, with only fifty agents, the colony guided by a more
aggressive decay rate of γ = 10 settles into a high-quality route after roughly 60 iterations,
whereas the slower-fade setting γ = 1 continues to oscillate for almost the full budget and
rarely reaches a comparably short tour. On average, the γ = 10 configuration delivers
tours 14 % shorter than γ = 1 and cuts the run-to-run standard deviation by more than
two-thirds, indicating both better performance and greater stability.

Doubling the ant population to one hundred (Figure 3) shifts the sweet spot to γ = 5:
additional collective sampling power allows exploration breadth to be retained for about
forty iterations before learned pheromone information is exploited. Under this setting,
tours 13.5 % shorter than the slow-fade configuration (γ = 1) are obtained with virtually
no timing penalty, indicating that improvement is driven by search dynamics rather than
extra computation.

To address statistical and runtime phrasing, it is clarified that mean and variance trends
are reported across repeated runs, while formal significance tests are not emphasized due
to the limited run count per configuration in this study. Moreover, “no overhead” is stated
more carefully as unchanged asymptotic complexity with negligible measured overhead at
the tested scales, since only a constant-time random draw and addition are introduced per
transition decision. Finally, comparisons are framed as baseline-level validation against
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standard ACO to isolate the effect of exponential fading randomness; benchmarking against
improved ACO variants is treated as future work.

The results in Table 2 expose two clear trends. First, an intermediate–to–high decay
constant (γ = 5–10) consistently drives the mean tour length down regardless of colony
size: with 50 ants the best setting (γ = 10) trims the baseline (γ = 1) distance by 14.3%,
while with 100 ants the optimum shifts to γ = 5 yet still secures a 13.6% reduction.
Second, these gains are virtually “free”—runtimes vary by at most 0.2 s across γ values,
and the run–to–run variance collapses by a factor of 2–3 once exponential fading is enabled.
This statement is interpreted as negligible measured overhead at the tested scales and
unchanged asymptotic complexity, rather than as a universal zero-overhead guarantee.
Together, the figures indicate that the proposed mechanism simultaneously shortens tours
and stabilizes the search without measurable additional computational cost at the tested
scales, and that the optimal γ depends only mildly on colony size: a larger ant population
tolerates a slightly slower fade.

Table 3 details the core configuration for the three primary benchmarks. Each instance
was run for a prescribed number of iterations—300 for TSP50, 400 for Nug10, and 600
for Nug20—with one ant per node (50, 10, and 20 ants, respectively). Standard ACO
was compared against ER-ACO using an exponential decay constant of γ = 10, across
10 independent seeds (0–9) to account for stochastic variation. Pheromone parameters were
fixed at α = 1, β = 5, and evaporation rate ρ = 0.5. Random Euclidean coordinates define
the TSP50 cities, while the QAP instances employ the flow and distance matrices embedded
in the code. This uniform setup ensures that any differences in performance arise purely
from the exponential randomness fading mechanism.

Table 3. Experimental setup for TSP50, Nug10, and Nug20 benchmarks.

Problem Type Iterations Ants Decay

TSP50 TSP 300 50 ER-ACO (γ = 10) vs. Std ACO
Nug10 QAP 400 10 ER-ACO (γ = 10) vs. Std ACO
Nug20 QAP 600 20 ER-ACO (γ = 10) vs. Std ACO

Common settings: α = 1, β = 5, ρ = 0.5; 10 runs with seeds 0–9. TSP50 uses random coordinates in [0, 1000]2;
QAP data as in code.

Insight—Figure 4 shows that ER-ACO eliminates 80% of the excess tour length within
the first ten iterations and stabilizes after only ≈12 iterations at a route that is 1.6% (approx-
imately 90 distance units) shorter than the baseline. The sharp early drop reflects the value
of strong initial exploration, while the lower plateau indicates more effective exploitation
once randomness fades.

Insight—In Figure 5 the enhanced colony plunges from an initial cost of 652 to the best-
found 625 in fewer than 20 iterations, whereas the baseline plateaus at 638. The combination
of faster early descent and a lower asymptote mirrors the trend observed on TSP50 and is
supportive of the aggregate gains cited in Table 2.

Insight—Figure 6 extends the comparison to the 20-facility instance. ER-ACO drops
rapidly from ∼1670 to a stable value of 1549, achieving a 74-unit 4.59% improvement and
reaching its plateau in roughly one-third of the iterations required by Standard ACO (1623).
After iteration 200, the baseline makes no further progress, illustrating classic pheromone
stagnation, while the enhanced method has already converged to its optimal pattern.

Across all three benchmarks, the same pattern emerges: (1) a brief but vigorous
exploration phase enabled by exponential randomness, (2) rapid convergence to a lower-
cost region, and (3) a better final solution without any additional runtime being observed.
These consistent improvements are supportive of ER-ACO’s dual objective of speed and
solution quality within the tested settings.
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Due to the absence of publicly available real-time EMS datasets, this study uses
TSP and QAP benchmarks as controlled proxies for EMS routing and hospital resource
scheduling, and conclusions are restricted to algorithmic behavior (convergence and sta-
bility) under time-limited settings rather than full EMS simulation. Future validation is
planned on EMS-specific VRP/VRPTW formulations (including time windows, priorities,
and multi-vehicle dispatch) and real operational datasets.

Beyond theoretical benchmarks, potential relevance for real-world healthcare applica-
tions has been indicated. While the benchmarks used in this study are drawn from classical
optimization problems such as TSP and QAP, the performance improvements observed
carry implications for real-time EMS routing and hospital resource scheduling when similar
decision structures are present. However, EMS claims are treated as motivated potential
rather than as fully validated end-to-end EMS modeling in this study. In practical EMS
scenarios, route recomputation must occur frequently in response to dynamic conditions
such as traffic congestion, multiple simultaneous emergency calls, and hospital capacity
constraints. The ability of ER-ACO to generate high-quality solutions within a few seconds,
with over 14% reduction in route cost and substantial variance reduction, suggests suit-
ability for time-critical optimization when similar decision structures are present, while
acknowledging that EMS-specific constraints require dedicated validation. In particular,
fast convergence behavior and minimal runtime overhead make ER-ACO a promising can-
didate for edge-device deployment in ambulances or hospital dispatch systems, enabling
localized decision-making without reliance on cloud infrastructure. These characteristics
align with the computational and operational demands of modern healthcare logistics,
suggesting that ER-ACO can serve as a practical optimization engine for smart healthcare
systems, pending EMS-specific validation.

4. Conclusions
This work has shown that a simple, exponentially fading randomness factor can

rejuvenate ACO’s search dynamics without changing asymptotic complexity and with
negligible measured overhead at the tested scales. By injecting strong stochasticity in
early iterations and phasing it out—controlled by a single decay constant—substantial
gains on standard benchmarks have been achieved. Specifically, on the 20-city TSP with
50 ants and 200 iterations, γ = 10 cut the mean tour length by 14.3% relative to γ = 1 and
reduced run-to-run variance by over 66%, while runtime remained within measurement
noise (±0.2 s). With 100 ants, γ = 5 delivered a 13.6% reduction relative to γ = 1. On the
QAP NUG20 instance, solutions 4.6% cheaper than Standard ACO were obtained, and
the best-found pattern was reached in under one-third of the iterations required by the
classical algorithm. These results indicate that exploration and exploitation are harmonized
more effectively than under the slow-fade baseline and Standard ACO in the reported
benchmarks, with minimal code changes. Because the run count per configuration is
limited, formal statistical significance testing is left for future work under larger run budgets.
Moreover, the experimental comparisons are framed as baseline-level validation against
standard ACO to isolate the effect of exponential fading randomness, while benchmarking
against improved ACO variants is left as an extension.

In addition to its theoretical contributions, ER-ACO’s lightweight design and fast
convergence make it well-suited for embedded, real-time applications such as Emergency
Medical Services (EMS) routing and hospital resource scheduling, where frequent route
recomputation under dynamic constraints (e.g., traffic conditions, patient severity, and hos-
pital capacity) is critical for patient outcomes. Nonetheless, EMS applicability is treated
as a motivating application in this study, while EMS-specific formulations (multi-vehicle
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dispatch, VRP/VRPTW, time windows, priorities, and dynamic arrivals) require dedi-
cated validation.

Future work will focus on three directions: (1) validation on real Emergency Medical
Services (EMS) and hospital scheduling datasets to confirm practical applicability beyond
synthetic benchmarks, including VRP/VRPTW and multi-vehicle dispatch scenarios; (2) ex-
panded experimental comparisons to include advanced ACO variants such as GL-ACO,
LFACO, and DE-ACO, as well as hybrid metaheuristics, to benchmark ER-ACO against
state-of-the-art improvements; and (3) development of self-adaptive decay schedules and
edge-device deployment strategies for real-time healthcare logistics, enabling localized
decision-making in ambulances and hospital IoT systems. In addition, fixed and linear
fading schedules will be evaluated as alternative baselines to further quantify the benefit
of exponential annealing. These steps will strengthen relevance for dynamic, time-critical
healthcare environments and improve scalability for smart healthcare systems.
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