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Abstract

Operating rooms (ORs) account for a significant
fraction of a hospital’s energy footprint, yet
traditional surgical scheduling models ignore
the dynamic energy consumption of heating,
ventilation, and air conditioning (HVAC) systems,
particularly the thermal inertia and peak restart
loads. Furthermore, the interaction with the
Post-Anesthesia Care Unit (PACU) creates blocking
effects that invalidate isolated OR schedules. This
paper introduces a bi-objective mixed-integer linear
programming (MILP) model and a metaheuristic
framework for the Green Ambulatory Surgery
Scheduling Problem with PACU constraints
(G-ASSP-P). The objectives minimise both total
completion time (makespan) and total energy
consumption, explicitly modelling HVAC transition
penalties. To solve large, realistic instances,
a discrete adaptation of the Interior Search
Algorithm (ISA) is adopted and compared against
the Non-dominated Sorting Genetic Algorithm
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II (NSGA-II). Computational experiments on
three instance scales (20, 50, 70 surgeries) with
4-12 ORs and 8-25 PACU beds demonstrate that
NSGA-II consistently outperforms ISA in terms of
hypervolume and solution diversity. The trade-off
analysis reveals that substantial energy savings
(exceeding 30%) can be achieved with only a
marginal increase in makespan, offering hospital
managers a practical tool to balance efficiency and
sustainability.

Keywords: operating room scheduling, energy efficiency,
multi-objective  optimisation, HVAC, Healthcare,
metaheuristics, NSGA-II, interior search algorithm.

1 Introduction

Healthcare systems are under increasing pressure
to reduce their environmental footprint while
maintaining high standards of patient care. Operating
rooms are among the most resource-intensive areas,
consuming 3-6 times more energy per square foot
than other hospital spaces due to stringent ventilation
requirements. A large portion of this energy is
wasted during idle periods when ORs remain in a
sterile-ready state despite no surgical activity. By

Citation

Dekhici, L., Guerraiche, K., Jlassi, J., & Djari, M. A. (2026).
Energy-Aware Operating Theatres Scheduling Using Metaheuristics.
Intelligent Computing for Engineering, 1(1), 17-29.

© 2026 by the Authors. Published by Institute of
Central Computation and Knowledge. This is an open
access article under the CC BY license (https://creati
vecommons.org/licenses/by/4.0/).

17


http://dx.doi.org/10.62762/ICE.2026.457366
http://crossmark.crossref.org/dialog/?doi=10.62762/ICE.2026.457366&domain=pdf
https://orcid.org/0000-0002-9581-6488
https://orcid.org/0000-0002-5980-3647
https://orcid.org/0009-0005-8496-0686
http://dx.doi.org/10.62762/ICE.2026.457366
mailto:latifa.dekhici@univ-usto.dz
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/

Intelligent Computing for Engineering

ICJK

intelligently scheduling surgeries to create longer
idle blocks, HVAC systems can be switched to
energy-saving eco modes, leveraging thermal inertia
to reduce consumption.

However, scheduling in an ambulatory surgery center
(ASC) is not solely an OR problem. The flow of
patients into the Post-Anesthesia Care Unit (PACU)
introduces a critical blocking constraint: a patient
cannot be transferred out of the OR if no PACU bed is
available. This coupling transforms the problem into a
complex, multi-resource optimisation challenge.

The scheduling of operating theatres has been a
central topic in healthcare operational research for
decades, as highlighted by Belién et al. [1] in their
comprehensive review of fifty years of OR applied to
healthcare. Over the years, models have evolved from
simple assignment rules to sophisticated combinatorial
optimisation problems involving multiple resources,
stages, and specialties. In parallel, the increasing
digitalization of hospitals, driven by the Internet of
Things (IoT), smart sensors, and cloud computing,
has opened new avenues for real-time monitoring
and resource allocation. However, the translation of
these technologies into energy-aware scheduling tools
remains limited, as demonstrated by the scarcity of
models that jointly optimise scheduling decisions and
physical energy systems such as HVAC [2, 3].

Traditional OR scheduling often aims to minimise
makespan or overtime while respecting the availability
of surgeons, rooms, and downstream units such as
the PACU. El Amraoui et al. [4] proposed a heuristic
algorithm for the resource-constrained OR scheduling
problem with shared surgical teams, demonstrating
an 18-20% overtime reduction compared to manual
schedules. Similarly, Vieira et al. [5] developed a
random-key optimiser framework for integrated
operating room scheduling that decouples the
problem encoding from the solving algorithm,
allowing the same metaheuristics to be applied across
different hospital case studies. Liu et al. [6] addressed
a multi-specialty, multi-stage elective surgery
scheduling problem and introduced a self-optimised
learning algorithm combining reinforcement learning,
genetic algorithms, and heuristic rules, achieving
substantial improvements in solution accuracy.

Accurate estimation of surgery durations is critical
for building reliable schedules. Spence et al. [7]
conducted a scoping review of machine learning
models for predicting surgical case duration, finding
that artificial intelligence consistently outperforms
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current industry standards in accuracy.  Such
predictive models can feed into scheduling algorithms
to better handle the stochasticity of surgery durations,
a critical input for robust OR scheduling. Zhang et
al. [8] studied a surgery scheduling problem with
setup times and proposed a Q-learning-based artificial
bee colony algorithm that dynamically selects local
search operators, showing superior performance on
makespan minimisation. More recently, machine
learning has been integrated with fuzzy optimisation
for ambulatory surgery scheduling [9], demonstrating
the potential of hybrid approaches in addressing the
complexity of surgical scheduling problems.

Several studies have addressed operating room
scheduling under various constraints. Dekhici and
Khaled [10] model this problem as a hybrid flow
shop system without buffers and propose a hybrid
approach combining local search and tabu search
to satisfy operational constraints while improving
performance indicators such as makespan, based on
real hospital data. This connection is particularly
relevant to recent research on energy-aware hybrid
flow-shop scheduling. Dekhici et al. [11] investigated
machine-learning-embedded energy cost optimization
for hybrid flow-shop scheduling, demonstrating how
intelligent scheduling approaches can incorporate
energy considerations into production planning.
While such approaches have primarily been
developed for industrial systems, their underlying
scheduling principles are relevant to operating-room
environments, where resource allocation, sequencing,
timing, and energy consumption must also be
jointly considered. In a more recent contribution,
Atisattapong and Pongpatcharapun [12] develop a
mixed-integer linear programming model combined
with a genetic algorithm to generate master surgical
schedules that maximise operating room utilisation
and reduce idle time, waiting time, and overtime;
their results show that exact methods are effective
for small instances, while metaheuristics are
more suitable for large-scale problems. Similarly,
Latorre- Nurfiez et al.[13] extend the problem by
integrating multiple hospital resources such as
operating rooms, post-anesthesia beds, medical staff,
and equipment, while also considering emergency
surgeries; they propose an integer linear programming
model and hybrid solution approaches, including
constraint programming and genetic algorithms,
to handle realistic large-scale instances. Dekhici
and Belkadi [14] proposed a bi-objective paediatric
operating theatre scheduling problem subject to
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order and assignment constraints, minimising
makespan while maximising constraint satisfaction.
They compared firefly algorithm, bat algorithm,
particle swarm optimisation and local search, using
average deviation from the lower bound to validate
effectiveness on a real paediatric hospital in Oran.
Belkhamsa et al. [15] tackled a no-wait operating
room surgery scheduling problem with resource
constraints across preoperative, intraoperative and
postoperative stages. Their iterated local search and
hybrid genetic algorithm outperformed ant colony
optimisation, achieving up to 24% reduction in end
time and 70% reduction in total idle time. More
recently, Mostofa et al. [16] conducted a narrative
review on case sequencing under PACU availability
constraints, concluding that sequencing the shortest
or least variable cases first is counterproductive when
PACU beds are limited. Instead, random sequencing
(as often observed in practice) yields more uniform
PACU admission rates and minimises peak demand.
These findings directly support our model’s emphasis
on PACU blocking and its impact on both makespan
and energy efficiency.

The environmental footprint of healthcare, particularly
the energy consumption of operating rooms, has
recently attracted attention. Wang et al. [17]
provided a systematic review of ventilation and
indoor air quality management in ORs, identifying
pollutant sources and advanced control strategies
that directly affect HVAC energy use. From a
scheduling perspective, Chen et al. [18] introduced
a prescriptive tree-based model for energy-efficient
room scheduling that accounts for uncertainties in both
energy consumption and renewable energy generation.
Their model generates direct scheduling solutions
using contextual information such as temperature,
humidity, and sunlight, and was validated on
real-world building data. This approach demonstrates
the potential of data-driven methods to align surgical
scheduling with sustainability goals, yet it does not
capture the specific constraints of OR environments
such as sterile airflow requirements or PACU blocking.

Recent work has increasingly addressed the joint
optimisation of patient flow and downstream resource
constraints in surgical scheduling. Zhan et al. [19]
addressed a practical surgery scheduling problem
with limited PACU capacity and stochastic surgery and
recovery durations, proposing a two-stage stochastic
programming model that jointly optimises OR usage,
surgery-to-OR assignments, and surgery sequencing.
Their decomposition algorithm achieves an average

operational cost reduction of 29%, providing strong
empirical evidence that explicitly modelling PACU
capacity constraints leads to more effective utilisation
of both ORs and PACU resources. Similarly, Shehadeh
and Padman [3] provided a comprehensive review of
stochastic optimisation approaches for elective surgery
scheduling with downstream capacity constraints,
covering stochastic programming, robust optimisation,
and distributionally robust optimisation, and
underscoring that ignoring PACU and ICU capacity
leads to systematically suboptimal and infeasible
schedules in practice. Cheng et al. [2] proposed an
environmentally friendly elective patient scheduling
model that reduces hospital carbon emissions by
minimising the number of open operating rooms,
embedding machine-learning predictions within a
distributionally robust optimisation framework. Their
results demonstrate that green scheduling objectives
can be pursued without sacrificing service quality,
directly motivating the energy-aware formulation
developed in the present work.

Despite these advances, the literature still lacks a
model that simultaneously: (i) captures the dynamic
energy consumption of HVAC systems with explicit
thermal inertia and restart penalties, (ii) accounts
for PACU blocking effects that force ORs to remain
active, and (iii) optimizes both makespan and energy
consumption in a single bi-objective framework. Most
existing energy-aware OR scheduling studies treat
HVAC consumption as a static load or apply post-hoc
energy estimation rather than integrating it into
the optimization model. Conversely, studies that
address PACU-constrained scheduling focus primarily
on patient flow and resource utilization without
considering energy implications. The integration
of these two critical dimensions—PACU-blocking
dynamics and HVAC thermal inertia—within a unified
optimization framework remains unexplored. The
present paper addresses this gap by proposing a
bi-objective MILP that incorporates detailed HVAC
energy dynamics, PACU blocking, and ambulatory
patient flow, and by solving it with a novel discrete
Interior Search Algorithm benchmarked against
NSGA-IL

This paper makes the following contributions:

1. A novel bi-objective MILP formulation is
proposed that captures the trade-off between
makespan (including PACU discharge) and total
energy consumption, incorporating HVAC peak
loads and thermal inertia thresholds.
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Figure 1. Patient and energy flux in the proposed Green Ambulatory Surgery Scheduling Problem

2. A discrete adaptation of the Interior Search
Algorithm (ISA) for solving this scheduling
problem is compared with the well-established
NSGA-II.

3. Realistic benchmark instances of three sizes (20,
50, 70 surgeries) are generated to provide a
comprehensive analysis of the Pareto-optimal
trade-off curves, offering guidance on selecting
operating points based on managerial priorities.

2 Problem Definition
2.1 Energy in Operating Theatre Scheduling

Figure 1 illustrates the integrated patient flow and
HVAC energy dynamics in the proposed Green
Ambulatory Surgery Scheduling Problem with PACU
constraints (G-ASSP-P). The standard patient pathway
(blue arrows) begins with patient arrival, proceeds to
surgery in an OR, then to recovery in a PACU bed,
and finally to discharge. The HVAC system (green)
provides conditioned air to each OR and can operate in
active, idle, or eco modes. The critical blocking effect
(red dashed arrow) occurs when all PACU beds are
occupied: a patient cannot leave the OR, forcing the
HVAC to remain in active mode and increasing energy
consumption. This coupling between OR scheduling
and PACU capacity is the core challenge addressed by
our bi-objective model.

To understand why HVAC dominates OR energy use,
Figure 2 provides an isometric conceptual view of
a typical active operating theatre. Surgical lights
(bottom-left) and monitoring equipment (right) draw
low to medium electrical power, together accounting
for roughly 30% of the total energy demand. In
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Figure 2. Isometric conceptual mapping of energy
consumption within an active operating theatre.

contrast, the vast majority (~70%) is consumed by the
HVAC system, which continuously supplies massive
volumes of conditioned, sterile air through ceiling
plenums and laminar flow diffusers. This “invisible”
load is the primary target for energy savings: when
ORs are idle, switching to eco mode drastically reduces
airflow and power consumption, albeit with a restart
penalty due to thermal inertia.

Figure 3 presents the step-function power profile that
models HVAC energy consumption over time. During
asurgery (Surgery 1,2, 3), the system operates at active
power Piciive. After a surgery ends, a short idle gap
(duration < 77™P) keeps the system at P,qj to avoid
the cost of a restart. If the gap exceeds 7P, the system
drops to eco mode at P, (long gap). However, before
the next surgery, it must ramp back to active, incurring
an extra peak penalty Ppe,k (red area) that accounts
for reheating, re-humidification, and re-sterilization.
The shaded areas under the curve represent the total
energy FEj, for an OR k. This piecewise linear model
is integrated into our MILP using binary variables to
detect long gaps.
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Figure 3. Step-function representation of the dynamic HVAC energy consumption model.

2.2 Mathematical Model

Consider a set of surgeries P {1,...,n} to be
scheduled in a set of ORs O {1,...,m} and a
PACU with beds B = {1, ...,b}. Each surgery i has a
stochastic duration d;, a PACU length of stay ¢/4¢Y,
an arrival window start T,yival,;, and is performed by
a surgeon from set S. The facility closes at T¢jpge-

Each OR £ has three power states:

e Ppctive: Power during surgery or cleaning (sterile
airflow).

° P}gdle: Power when idle but maintained in
sterile-ready mode.

e P:°°: Power in setback mode (reduced airflow).

If an OR is idle for longer than a threshold leamp, it can
transition to eco mode. Restarting from eco to active
incurs an extra energy penalty E}*®™ to condition the
space. The total energy for OR % is:

E, = Pkactive_TI?ctjve + P’idle_T’idle,short + PISCO'Tlidle,long n
E]l;:estart . N]gransitions

2.3 Bi-Objective MILP Formulation

Decision Variables:
o z;; € {0,1}: 1if surgery i is assigned to OR k.

o yirx € {0,1}: 1 if surgery i is immediately
followed by surgery j in OR k.

o 2y € {0,1}: 1if surgery i is assigned to PACU bed
L.

o 17 € R>(: Start time of surgery 1.

o t¢ € R>o: End time of surgery i (OR release).
o (PACUIN ¢ R Admission time to PACU.
o PACU0Ut ¢ R Discharge time from PACU.

Auxiliary variables d;;;, and p;;, for HVAC linearisation
are defined in subsection 2.4.

Objectives:
min f; = max (V-0 M
ieP
min fy = Z Ey (2)
keO
Constraints:
D ww=1 Vi (3)
k
2t +sij — M1 —yy), Vi,j (4)
AN > ey (5)
doze=1, Vi (6)
¢
tEACU_in > thCU_out _ M(2 — 2z — Zjé)a Vi 7& j, Y]
(7)
tf > Tarrival,iv Vi (8)
thCU_out < Taoses Vi (9)
t;>t; or tj>t; Vi, jwith same surgeon
(10)

The energy component EJ, is linearized using auxiliary
binary variables J;; indicating whether the gap
between consecutive surgeries exceeds T]zamp. Due to
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space constraints, the linearization details are omitted
here but follow standard MILP techniques for peak
penalties.

2.4 Linearisation of HVAC Energy Consumption

To formulate the energy term Ej in Eq. (2) as a
linear expression, we introduce additional parameters,
auxiliary binary variables, and Big-M constraints.

Parameters:

e s;;: Setup/cleaning time between surgery ¢ and
surgery j when performed consecutively in the
same OR.

e M: A sufficiently large constant (e.g., M = Tqjoge +
max; d; ).

e 7, 'P: Maximum idle duration in OR k before
HVAC switches from idle to eco mode (thermal
inertia threshold).

o pictive pidle peco. power consumption (kW) for
active, idle, and eco states, respectively.

o [estart:  Additional energy penalty (kWh)
incurred each time the HVAC system restarts
from eco to active mode (includes reheating,
re-humidification, and re-sterilization).

Auxiliary binary variables:

e 01 € {0,1}: Equals 1 if surgery 7 is immediately
followed by surgery j in OR % and the idle
gap between them exceeds 7, @ (triggering an
eco-state transition and a restart penalty).

® p;iji. € R>o: Continuous variable representing the
product gap;;i - d;jx, used to linearise the energy
calculation.

Idle gap definition: For consecutive surgeries i and
j assigned to the same OR k (i.e., y;;x = 1), the idle
gap is:

9ap;jr = t; - (tf + sij).
If y;jx = 0, the gap is ignored and d;;;, = 0.
Big-M constraints to detect long gaps: To determine

whether the gap exceeds the ramp threshold, we
impose:

gapige <7 T 4 M - (1= i),
gapijr > ¥ e — M - Sy,

(11)
(12)
where ¢ is a small positive constant (e.g., 1 minute) to

enforce strict inequality for long gaps. Constraint (11)
ensures that if §;;;, = 0, the gap is unconstrained (can
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be long or short); if d;;, = 1, the gap must be < 7.
Constraint (12) ensures that if §;j;, = 1, the gap must
be strictly greater than 7; if 6;;, = 0, the constraint is
relaxed.

Linearisation of bilinear products: The energy
consumed during an idle gap depends on the state
(idle or eco):

idle _ P gapij, if 651 = 0,
ijk P,fco - gapijk + E’rcestart7 if 5z‘jk =1.

To linearise this, we introduce p;;i. = gapji - 6;jx with
the following Big-M constraints:

Pijk > gapijr — M - (1 — 0351), (13)
Pijk < gapijk, (14)
pijk < M - 0y, (15)

If 0;51 = 0, constraints (13)—(15) force p;;, = 0. If
Sijk = 1, they force piji, = gapij.

Total energy for OR k:  The total energy consumption
in OR k is then expressed linearly as:
Ek — P]gctive X T’?ctive
+) [Piidle - (9apijr — pijk) + P
0,J
+ Ell;estart . 5ijk]7

" Pijk

(16)

where TPUVe = 3 d, - z;, is the total surgery duration
in OR k (cleaning time is embedded in gap;;i via s;;).
This formulation is entirely linear and can be directly
embedded into the MILP.

Note: The PACU blocking effect influences t{ and
t through Constraint (7); when a patient cannot be
transferred, the OR release time is delayed, increasing
gap;;;, and potentially triggering 6;;, = 1, which in
turn increases Ej, via the E[*?' penalty.

3 Methodology

The MILP model becomes intractable for n > 20
due to the sequencing and PACU blocking constraints.
Therefore, two metaheuristics are investigated in this
work: NSGA-II (baseline) and a novel discrete Interior
Search Algorithm (ISA)[20].

3.1 Solution Encoding and Decoding

A solution is encoded as a tuple (II, 2), where Il is a
permutation of surgery indices and (2 is a vector of OR
assignments. The decoding process is a constructive
forward simulation: Energy consumption is then
calculated by analysing the idle gaps in each OR’s
timeline and applying the HVAC state logic.
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Algorithm 1 Decoding with PACU Blocking

Algorithm 2 Discrete Interior Search Algorithm (ISA)

1: Initialize OR ready times, surgeon ready times,
PACU bed available times.

2: for each surgery 7 in order II do

3: k + Q[Z]

4: earliest — max(OR ready[k] +
Sclean; Surgeon ready, Tarrival,i)

5: while true do
6: end < earliest + d;
7 Find bed ¢ with earliest availability < end
8: if bed found then break
9: else
10: earliest < bed availability — d;
11: end if

12: end while

13: Schedule surgery, update resources and PACU
bed Z.

14: end for

3.2 NSGA-II Implementation

Order Crossover (OX) is used for the permutation
IT and uniform crossover for 2. Mutation operators
include swap of two positions in II and random
reassignment of an OR in 2. Non-dominated sorting
with crowding distance is applied for selection.

3.3 Discrete Interior Search Algorithm (ISA)

A discrete adaptation of the Interior Search Algorithm
(ISA) is used. The population evolves using two
operators controlled by a parameter o € [0, 1]:

e Mirroring (a): A solution z; is reflected toward
a random member z, from the non-dominated
archive. For the permutation part, a segment
from z, is copied, and the remaining elements
are filled in the order of z;. For OR assignments,
each position adopts z,’s value with probability

8.

e Moving (1 — «a): A local random walk is
performed by swapping two positions in IT and
changing one OR assignment.

Algorithm 2 summarises the complete discrete ISA
procedure.

4 Computational Experiments

4.1 Data

To rigorously evaluate the proposed energy-aware
operating theatre scheduling approach, a
comprehensive computational benchmark was
designed. The experiments aimed to assess the

size), Gmax (max
B (OR assignment

Require: N (population
generations), amax; Qmin,
inheritance probability)

Ensure: Pareto archive A
Initialise population Pop of N random solutions
(I1,9)

Decode each solution using Algorithm 1 to compute

(f1, f2)
Initialise archive A with all non-dominated solutions
from Pop
for g = 1 to Gax do
Q< Opax — (amax - amin) : (Q/Gmax)
Pop’ + 0

fori =1to N do
Select x; from Pop (tournament selection
based on crowding distance)
if rand(0,1) < a then
Select random archive member z, € A
Mirroring to 2/
else
Moving to z’
end if
Decode z’
if 2’ is non-dominated w.r.t. z; then
Pop' < Pop’ U {z'}
else if z; is non-dominated w.r.t. 2’ then
Pop’ < Pop’ U {x;}
else
Pop’ <+ Pop’ U {2'} with probability
otherwise z;
end if
end for
Pop < Pop’
Update .4 with all non-dominated solutions from
PopU A
end for
return A

comparative performance of NSGA-II and ISA in
optimising the bi-objective problem.

The benchmark dataset consists of three categories of
synthetic instances, designed to reflect varying scales
of real-world hospital environments:

e Small (S-20): 20 surgeries, 4 ORs, 8 PACU beds,
5 surgeons.

e Medium (M-50): 50 surgeries, 8 ORs, 15 PACU
beds, 10 surgeons.

e Large (L-70): 70 surgeries, 12 ORs, 25 PACU beds,
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Table 1. Benchmark results: NSGA-II vs. ISA (mean =+ std.).

Instance  Algorithm HYV (meantstd) CPU (s) |[PF| (mean) Best makespan (min) Bestenergy (kWh)
Small NSGA-II 1061368009  1.04+0.01 30.0 859 108.1
Small ISA 7190848429 0.97+0.02 4.0 928 160.0
Medium NSGA-II 245088+39792  1.88+0.05 13.0 972 341.8
Medium ISA 199989+38771  1.82+0.05 3.0 1011 411.8
Large NSGA-II 242930445322  3.274+0.12 7.8 1171 785.9
Large ISA 136825+10983  2.91+0.06 2.8 1201 978.7

15 surgeons.

Surgery durations were sampled from a log-normal
distribution (¢ = In(90),c = 0.3) and bounded
between 30 and 240 minutes. PACU stay durations
followed a triangular distribution (a = 30,¢ = 90,b =
150 minutes). The energy consumption model utilised
the following power parameters: Pictive = 15.0 kW,
Pgie = 8.0 kW, Peey = 2.0 kW, and restart energy
penalty Erestart = 5.0 kWh, with a ramp threshold of 30
minutes. A facility closing time T{jose = 1440 minutes
(24 hours) was enforced.

Both algorithms were executed for 20 independent
runs per instance size, with population size 30 and 60
generations/iterations.

4.2 Results

Table 1 summarises the results averaged over 20
independent runs.  NSGA-II exhibits superior
convergence and diversity across all instances. On the
Small instance, NSGA-II attains a mean hypervolume
of 106,136 compared to ISA’s 71,908, and consistently
finds 30 non-dominated solutions while ISA finds only
4 on average. For the Medium instance, NSGA-II's
hypervolume reaches 245,088 versus ISA’s 199,989, and
NSGA-II finds on average 13 non-dominated solutions
compared to only 3 for ISA, representing more than
four times as many Pareto points. For the Large
instance (70 surgeries), both algorithms find feasible
schedules within the 24-hour time limit, but NSGA-II
again dominates ISA in hypervolume (242,930 vs.
136,825) and solution diversity (7.8 vs. 2.8 points).
The CPU times remain very low (under 3.5 seconds
for the largest instance), confirming the practicality of
both metaheuristics for daily planning.

The convergence behaviour is illustrated in Figure 4,
which shows the evolution of the best makespan and
energy over generations. NSGA-II rapidly improves
both objectives, while ISA stagnates early, especially
on the Medium and Large instances.

Figure 5 presents the distribution of hypervolume and

24

CPU time across runs. NSGA-II consistently yields
higher and less variable hypervolume on all instances,
while both algorithms exhibit similar, negligible CPU
times (all under 3.5 seconds).

The core contribution of the bi-objective model is the
quantification of energy savings achievable through
strategic scheduling. Figure 6 displays the Pareto
fronts obtained by both algorithms for each instance
(best run per instance). The fronts clearly illustrate the
trade-off between makespan and energy consumption.

For the Small instance, the Pareto front obtained by
NSGA-II (Figure 6(a)) reveals two extreme solutions:
the makespan-optimal solution completes all surgeries
in 859 minutes, while the energy-optimal solution on
the NSGA-II front achieves a minimum of 108.1 kWh.
By contrast, ISA’s best makespan is 928 minutes and
its best energy is 160.0 kWh—both of which are
dominated by NSGA-II's Pareto front. The energy
gap between ISA’s best-energy solution (160.0 kWh)
and NSGA-II's energy-optimal solution (108.1 kWh)
corresponds to a reduction of approximately 32%,
confirming that NSGA-II consistently discovers
superior trade-off solutions. The intermediate points
on the NSGA-II front show a clear downward trend in
energy consumption as the makespan is allowed to
increase beyond its minimum, with energy savings
exceeding 30% relative to the ISA solutions. This
confirms that the trade-off is genuine, but the quality
of the discovered front is highly algorithm-dependent.
Similar trade-offs are observed for the Medium and
Large instances, where NSGA-II consistently discovers
more diverse and higher-quality fronts than ISA.

4.3 Discussion
The experimental results yield several critical insights:

1. Viability of energy-aware scheduling: The
data unequivocally show that standard
operational makespans harbour significant
latent inefficiencies. By actively managing idle
times and aligning surgery gaps with equipment
eco-state thresholds, hospitals can achieve energy
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Figure 4. Convergence of best makespan (solid lines) and energy (dashed lines) for NSGA-II and ISA across the three

reductions exceeding 30% with only marginal
extensions to the working day. This provides a
quantifiable mechanism to balance staff overtime
against environmental and energy costs.

2. Algorithmic

supremacy

of

instance sizes.

NSGA-II

permutation-and-assignment problem.
genetic operators (especially Order Crossover)
effectively preserve sequences that respect PACU

is vastly superior to ISA for this
The

flow constraints, whereas ISA’s perturbations

NSGA-II:
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Figure 5. Boxplots of hypervolume (left) and CPU time (right) for NSGA-II and ISA across instance sizes.

appear too disruptive, frequently breaking
feasibility and leading to stagnation, especially as
problem size increases.

3. PACU Dbottlenecks and  large-instance
feasibility: Even with 70 surgeries, both
algorithms found feasible schedules within the
24-hour limit. However, the significant drop
in hypervolume and number of Pareto points
for ISA on the Large instance indicates that
the problem becomes more challenging as size
increases. The PACU capacity remains a critical
constraint; further increasing the number of
surgeries (e.g., beyond 80) would likely require
extending the closing time or adding more PACU
beds to maintain feasibility.

5 Conclusion

This paper introduced a bi-objective optimisation
framework for green ambulatory surgery scheduling
that explicitly accounts for PACU blocking and HVAC
thermal inertia—a combination that, to the best of
our knowledge, has not been previously addressed
in the literature. Extensive benchmarks on three
instance sizes (20, 50 and 70 surgeries) demonstrated
that NSGA-II consistently outperforms a discrete

ISA in both solution quality and convergence speed.
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The Pareto front analysis reveals that substantial
energy savings (exceeding 30%) are achievable
with only a modest increase in makespan, offering
a quantifiable basis for balancing environmental
sustainability against operational efficiency.

The generated Pareto fronts serve as a practical
decision-support tool for hospital managers. Rather
than forcing a single rigid schedule, the presented
approach provides a visual trade-off curve that
enables managers to select an operating point
based on contextual factors such as time-of-use
electricity tariffs, staff overtime costs, or day-specific
patient volume targets. This flexibility empowers
hospitals to adapt their surgical planning dynamically,
aligning operational decisions with both financial and
sustainability goals. A natural extension would be
the development of an interactive dashboard where
schedulers can adjust the weight between objectives
and visualise the corresponding schedule.

Despite its promise, several barriers must be
addressed before widespread clinical deployment.
First, the current model assumes deterministic
surgery durations and PACU lengths of stay,
whereas real-world environments are characterised
by significant stochasticity (e.g., emergency case
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Figure 6. Pareto fronts obtained by NSGA-II and ISA for the
three instance sizes.

insertions, variable recovery times). Second, the
HVAC model relies on accurate submetering data
for active, idle, eco, and peak power states; many
existing hospitals lack the granular energy monitoring
infrastructure required to calibrate these parameters.
Third, the performance of the metaheuristics depends
on careful parameter tuning (e.g., population size,
number of generations, crossover/mutation rates),
which may vary across hospital configurations and

require local expertise. Fourth, the ramp threshold
T;amp is treated as a fixed constant, but in reality it
may vary with external ambient temperature and
HVAC system age. Addressing these limitations will
require integrating real-time sensor data and adaptive

learning mechanisms.

To bridge the gap between algorithmic research and
clinical practice, we propose a practical integration
architecture. The optimisation engine can be deployed
as a modular decision-support service, interfacing
with existing Hospital Information Systems (HIS)
and Electronic Medical Records (EMR) platforms
(e.g., Epic, Cerner) to automatically ingest patient
surgery schedules, estimated durations, and PACU stay
predictions. Furthermore, integration with Building
Management Systems (BMS) via open protocols
would enable closed-loop operation: the BMS can
read the optimised schedule and pre-condition ORs to
the required active state shortly before surgery start
times, while automatically transitioning to eco or idle
states during planned idle gaps. This bi-directional
communication ensures that the energy savings
predicted by the model are physically realised in the
building’s HVAC infrastructure.

Building on these insights, future research will focus
on extending the model to handle stochastic surgery
durations through robust optimisation or dynamic
rescheduling policies; validating the framework with
real-world HVAC data and operating room logs
from partner hospitals; and developing constructive
heuristics that guarantee PACU-compliant schedules.
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