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Abstract— Emergency Departments (EDs) must operate in
environments characterized by uncertainty and resource con-
straints. One of their critical challenges is dual-resource
scheduling, that is, synchronizing two resources at the same
time on a task. For example, taking a blood sample from a child
patient requires two nurses, one to take the sample and another
to prevent the patient from moving. Addressing this chal-
lenge requires structured approaches capable of ensuring both
synchronization and prioritization based on patient urgency.
This study explores two distinct optimization models for dual-
resource scheduling in EDs, namely, a Mixed Integer Linear
Programming (MILP) and a Constraint Programming (CP).
The MILP model leverages a linear formulation to globally
optimize scheduling and resource synchronization, while the CP
model exploits constraint satisfaction techniques to handle task
dependencies and resource constraints. We test both models on
the same case study. Their comparison highlights key differ-
ences in computational complexity, variable representation and
constraint formulation. The results demonstrate that neither
model consistently outperforms the other, but rather, their
effectiveness depends on instance size and problem-specific
characteristics.

I. INTRODUCTION

Emergency Departments (EDs) are fundamental compo-
nents of healthcare systems, providing continuous medical
care for patients requiring urgent attention. However, EDs
often face severe operational challenges, including over-
crowding, unpredictable patient arrivals, and limited resource
availability [1], [2]. Such challenges may result in delays in
patient treatment, increased staff workload, and suboptimal
resource utilization, ultimately affecting the quality of care
provided [1]. Therefore, efficient resource scheduling and
allocation are essential to ensure timely and effective patient
management in such a dynamic environment.

Traditional scheduling models in healthcare typically focus
on assigning a single resource, such as a doctor or nurse,
to a specific task for a patient [3]. However, many medical
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procedures in real-world emergency care require simultane-
ous coordination of multiple resources. For example, specific
pediatric emergency procedures may require the presence of
two nurses at the same time to ensure efficient and safe task
execution, such as when administering treatments or per-
forming complex medical assessments. Despite the critical
need for synchronized resource allocation, existing schedul-
ing models rarely incorporate dual-resource constraints (con-
sidered here as the availability of two resources of the same
type to perform a task), limiting their applicability to realistic
ED scenarios.

Consequently, the purpose of this article is to propose
and compare two models for dual-resource scheduling;
one model is in Mixed Integer Linear Programming (MILP),
and the other one is in Constraint Programming (CP). The
primary objective of this research is to analyze the strengths
and weaknesses of both models in handling dual-resource
constraints, assessing their computational complexity, flexi-
bility and solution quality in an instance of scheduling.

The remainder of this paper is structured as follows.
Section II reviews the relevant literature on resource schedul-
ing and multi-resource synchronization in EDs. Section III
introduces the problem and our two models. Section IV
describes the test instance and the results obtained by both
models. Finally, Section V concludes the study, highlighting
potential future research directions.

II. LITERATURE REVIEW
A. Literature in health care

The Nurses Scheduling Problem (NSP) has been widely
studied over the last decades [4]. The goal of NSP is the
creation of individual schedules by assigning a number of
shifts with predefined start and end times to nurses. Over
the last decades, various approaches have been developed to
address the complexity of NSP, ranging from manual meth-
ods to advanced optimization algorithms [4], such as Mixed
Integer Linear Programming (MILP), column generation,
meta-heuristics and Constraint Programming (CP). Strömgre
[5] specifically reviewed the literature on Nurse Rostering
with CP, which is a technique particularly relevant for highly
constrained problems such as staff scheduling. MILP and CP
have been used to solve the NSP, either separately in order
to compare them [6], or combined [7].

The problem we tackle in this article aims to assign nurses
to patients and tasks over time (and not to full shifts),
considering synchronization of resources, and in this sense,
differs significantly from the classical NSP. In a previous



work, we conducted research on improving dynamic resource
scheduling in the ED. More precisely, Florencia et al. [3]
model the scheduling of nurses to patients in a pediatric
ED as a MILP but, conversely to this article, this previous
work considers that every patient requires both a single task
in his pathway, and a single resource (nurse) for this task.
Thus, the complexity of the real-world setting, with nurse
synchronization, is not fully addressed. Next, Mezouari et
al. [8] propose a MILP in which a patient requires several
tasks, like in this article. Several resources may also be
assigned to a task, but this is done differently from this
article: The tasks in their MILP can be assigned to a single
resource only, but several tasks can be constrained to start
at the same time on the same patient. Conversely to our
MILP but similarly to our CP, their MILP models the time
as discrete.

The two models proposed below in this article synchronize
two resources of the same type (nurses, which belong to
a same set, even if our constraints enforce that the nurse
doing the first task of a patient will also take part in all the
following tasks of this patient). On the contrary, other articles
synchronize resources of two different kinds. First, Saddikuti
and Gudavalleti [9] propose a MILP for scheduling two types
of resources, viz., medical staff and emergency beds. Next,
Di Mascolo et al. [10] propose a MILP to optimize the
scheduling and routing of two types of nurses when they
must visit their patients at their home in given time windows.
More precisely, these authors do not address an ED but
Home Health Care, and they synchronize both a nurse and
an auxiliary nurse (who are thus drawn from two different
sets) to visit a given patient at the same time.

The literature specifically addressing dual-resource syn-
chronization in the context of EDs is sparse. Consequently,
the next subsection further extends the scope of this review
in order to draw inspiration for our models.

B. Literature in manufacturing

As scheduling tasks in healthcare systems could be consid-
ered as a particular case of scheduling in production systems,
we present some work in manufacturing close to ours.

For instance, Magalhães and colleagues [11] developed
a model addressing the Dual-Resource Constrained Flexible
Job Shop Scheduling Problem, an extension of the traditional
Flexible Job Shop Scheduling Problem (DRC-FJSSP). Their
work introduces the constraint that each machine must be
supervised by an operator during its operation. While their
research focuses on manufacturing, we adapted their dual-
resource synchronization concept to our context, interpreting
the “machine” and “operator” as analogous to the two nurses
required simultaneously for certain tasks in the ED. Given the
computational complexity of the DRC-FJSSP, Magalhães et
al. proposed several meta-heuristic solutions, such as genetic
algorithms, simulated annealing, and variable neighborhood
search, to reduce computational time while maintaining
solution quality.

Almeder and Almada-Lobo [12] compare two MILPs
to synchronize manufacturing resources: One is based on

the capacitated lot-sizing problem and the second on the
general lot-sizing and scheduling model. Their second MILP
is the closest to our scheduling MILP, but their context
of manufacturing implies hypotheses different from an ED,
e.g., their MILP considers costs, setup times, and inventory
levels with backlogs. Moreover, their MILP considers time
as discrete, like our CP, but unlike our MILP.

Constraint Programming, with its ability to handle global
constraints and non-linear constraints, has proved its effec-
tiveness in solving many scheduling problems [13], [14]. To
the best of our knowledge, the use of constraint programming
to solve dual-resource scheduling problems involving the
synchronization of resources is innovative [15].

The aim of this article, in the literature sense, is to
fill the gap between extremely specific and wide articles
on ED resource synchronization and the simpler and more
direct approach of the dual resource constraint approach in
manufacturing systems.

III. OUR MILP AND CP MODELS FOR NURSE
SCHEDULING IN ED

We now introduce our two models to schedule one or
several nurses for some tasks of child patients in a pediatric
ED, referred to as patients for the rest of the paper and
identified with index c in the mathematical model. Subsection
III-A first introduces the problem and notations common to
both models. Next, Subsection III-B details our MILP, and
Subsection III-C our CP.

A. Problem description and hypotheses common to both
MILP and CP models

The primary aim of the problem is to efficiently allo-
cate and synchronize the available nursing resources across
various tasks required for patient care, ensuring that the
critical needs of patients are met in a timely and organized
manner. The tasks for one patient could require one nurse
(first consultation, simple drug administration, ...) or several
nurses (blood draws, complex drug administration, placing
complex medical devices...), have a specific time duration
and need to be done in a defined sequence. The objective is
to minimise the waiting time of the patients, from arrival to
the first task and the waiting time between tasks, weighted
by their level of urgency.

It was chosen to focus the analysis on a particular,
simplified scenario in order to obtain clear results that could
then be applied to more complex scenarios. Therefore, we
make the following two main hypotheses:
• Deterministic model: The model operates under the

assumption that all input data, such as patient arrival
times, urgency (triage level), treatment sequence with
durations of each task, and resource availability, are
known in advance and do not change over time. This
allows for a structured optimization process without
accounting for uncertainty or real-time adjustments.

• Same nurse for a given patient: To ensure continuity of
care and minimize disruptions, each patient is assigned



to a single nurse for the entire duration of their treat-
ment. This nurse will perform the sequence of tasks
required by the patient care. For tasks requiring more
than one nurse, additional nurses will be assigned and
then released after the task is completed. This constraint
enhances patient-nurse interaction, minimizes handover
inefficiencies, and ensures a higher quality of care.

The constraints of both models are hard constraints that
need to be satisfied. Both our MILP and CP models share
the following notations:
Indices & sets:
N Set of the indices of nurses
N Number of nurses (cardinality of N )
n Index of a nurse, i.e., Nurse n ∈ N = {1, . . . , N}
c (Child) Patient c ∈ C = {0, . . . , C}
t Task t ∈ T = {1, . . . , T}, T is the highest index of

tasks in a sequence for a patient

Parameters:
rc Arrival time (release date) of Patient c
pc,t Processing time of Task t for Patient c
uc Triage level (urgency) for Patient c
qc,t Number (quantity) of nurses required by Task t of

Patient c

B. Model in Mixed Integer Linear Programming (MILP)

The following equations are the MILP to assign (i) the
same nurse for all the tasks of a given patient and (ii) another
nurse for some of these tasks.

Decision variables:
sc,t,n Start time of Task t of Patient c done by

Nurse n, continuous variable ∈ R
xc,t,n = 1 if Nurse n is assigned to Task t of Patient

c, 0 otherwise
kc1,t1,c2,t2,n = 1 if Task t1 of Patient c1 is performed

before Task t2 of Patient c2 by Nurse n, 0
otherwise

MILP mathematical model:

min
∑
c∈C

[
1

uc
.

((∑
n∈N

sc,1,n

)
− rc

)]
+

∑
c∈C

∑
t∈T

[
1

uc
.

(∑
n∈N sc,t+1,n

qc,t+1
−
∑

n∈N sc,t,n

qc,t
− pc,t

)]
(1)

subject to ∑
n∈N

xc,t,n = qc,t ∀c ∈ C, t ∈ T (2)

sc,t+1,n +M.(1− yc,1,n) ≥ sc,t,n + pc,t.xc,t,n

∀c ∈ C, n ∈ N , t ∈ {1, . . . , T − 1}
(3)

xc,1,n ≤ xc,t,n ∀c ∈ C, n ∈ N , t ∈ {2, . . . , T}|pc,t > 0 (4)

sc,1,n ≥ rc.xc,1,n ∀c ∈ C, n ∈ N (5)

sc,t,n1 ≤ sc,t,n2 +M. (2− (xc,t,n1 + xc,t,n2))

∀c ∈ C, t ∈ {2, . . . , T}, n1 ∈ N , n2 ∈ N , n1 6= n2
(6)

sc,t,n2 ≤ sc,t,n1 +M. (2− (xc,t,n1 + xc,t,n2))

∀c ∈ C, t ∈ {2, . . . , T}, n1 ∈ N , n2 ∈ N , n1 6= n2
(7)

sc1,t1,n + pc1,t1 .xc1,t1,n − sc2,t2,n ≤M.(1− kc1,t1,c2,t2,n)

∀n ∈ N , c1 ∈ C, t1 ∈ T , c2 ∈ C, t2 ∈ T |(c1, t1) 6= (c2, t2)
(8)

kc1,t1,c2,t2,n + kc2,t2,c1,t1,n = 1 ∀n ∈ N , c1 ∈ C,
t1 ∈ T , c2 ∈ C, t2 ∈ T |(c1, t1) 6= (c2, t2)

(9)

sc,t,n ≥M.yp,t,n ∀n ∈ N , c ∈ C, t ∈ T (10)

The objective function (1) minimizes both the waiting time
from arrival to the first task and the waiting time between
tasks, considering the urgency of the patients’ condition.
Constraint (2) ensures that the number of nurses assigned
to perform task t matches the number of nurses required
by this task. Specifically, for each Patient c and Task t,
the sum of assigned nurses must be equal to the required
number of nurses qc,t. This guarantees that each task is
adequately staffed and the total nursing capacity is correctly
allocated. Constraint (3) ensures that the start time of a task
t + 1 for Patient c cannot be earlier than the completion of
the preceding Task t for nurse n, only if nurse n treated
the task t of Patient c (the big M is used to linearize
and ensure this condition is satisfied). The transition time
between tasks is determined by the operational duration pc,t
of Task t, ensuring a logical sequence in the execution of
medical procedures. In order to maintain continuity of care,
Constraint (4) ensures that a Patient c is treated by the same
Nurse n throughout their entire stay. If a nurse is assigned
to the first task of a patient, they must also be assigned to
all subsequent tasks required by this patient. Constraint (5)
enforces that the first task of Patient c cannot start before
their arrival time. It ensures that no treatment is scheduled
before the patient has actually arrived at the ED.

Some tasks require two nurses to work together. Constraint
(6) ensures that for a dual-resource task, the start time is
synchronized for both nurses. If two Nurses n1 and n2 are
assigned to the same Task t, their start times must be equal,
preventing inconsistencies in task execution. Constraint (7)
complements (6) by ensuring that if a dual-resource task is
assigned to two nurses, the start time must be the same from
the perspective of both nurses. This eliminates scheduling
mismatches that could otherwise disrupt the workflow. Both
constraints (7) and (6) involve the use of a big M technique
to linearize the constraints, M being a large value allowing
to remove the constraints if the two nurses n1 and n2 are
not assigned to patient c.

To prevent overlapping tasks for a single nurse, disjunctive
constraints are used: Constraint (8) ensures that if a nurse is
assigned to two different tasks for different patients, these
tasks must be scheduled sequentially. The start time of one
task must be after the completion of the other, preventing
scheduling conflicts. Here again, we introduce a big M to
remove the constraint if the nurse does not perform task
t1 of Patient c1 before Task t2 of Patient c2. When two
tasks involving different patients are assigned to the same



nurse, Constraint (9) ensures that one task must be scheduled
before the other. It introduces a binary variable kc1,t1,c2,t2,n
to enforce a strict ordering, guaranteeing that tasks are not
scheduled simultaneously. Lastly, constraint (10 ensures that
the value of the start time of task t of Patient c performed
by nurse n is 0 if nurse n does not perform the task t on
Patient c.

C. Model in Constraint Programming (CP)

We now describe the same model, but expressed in CP. CP
authorizes to use non-linear constraints, such as “if...then...”
constraints, or disjunctive constraints, very useful in imple-
menting sequencing problems.

Decision variables:
sc,t Start time of Task t of Patient c
ec,t Completion (end) time of Task t of Patient c
xc,t,n Start time of Task t of Patient c performed by

Nurse n. (This variable only exists when task t is
assigned to a nurse t, which is specific to CP. If it
is not the case, the variable does not take any value
and occurs(xc,t,n) = 0)

All decision variables can take discrete values in a set of
possible start and end times. We consider that those times
are expressed in minutes.

CP mathematical model:

min
∑
c∈C

1

uc
.

[
sc,1 − rc +

∑
t∈T

(sc,t+1 − sc,t − pc,t)

]
(11)

subject to
sc,1 ≥ rc ∀c ∈ C (12)

ec,t = sc,t + pc,t ∀c ∈ C, t ∈ T (13)

sc,t+1 ≥ ec,t ∀c ∈ C, t ∈ {1, . . . , T − 1} (14)

if occurs(xc,t,n) = 1 then xc,t,n = sc,t ∀c ∈ C,
t ∈ T , n ∈ N

(15)∑
n∈N

occurs(xc,t,n) = qc,t ∀c ∈ C, t ∈ T (16)

disjunctive([xc,t,n|c ∈ C, t ∈ T ] ,
[pc,t|c ∈ C, t ∈ T ]) ∀n ∈ N

(17)

if occurs(xc,t−1,n) = 1 then occurs(xc,t,n) = 1 ∀c ∈ C,
n ∈ N, t ∈ T |t+ 1 ∈ T ∧ t− 1 ∈ T ∧ qc,t−1 ≤ qc,t

(18)

if occurs(xc,t+1,n) = 1 then occurs(xc,t,n) = 1

∀c ∈ C, n ∈ N , t ∈ T |t+ 1 ∈ T ∧ qc,t ≥ qc,t+1

(19)

if occurs(xc,1,n) = 1 then occurs(xc,t,n) = 1

∀c ∈ C, n ∈ N , t ∈ {2, . . . , T}
(20)

The objective function in (11) is the same as in the MILP
in (1), even if it looks different. In particular, the division
by qc,t in (1) corrects the fact that a patient is counted for
each of their nurses – such a correction is not necessary in

(11). Constraint (12) ensures that no patient’s first task starts
before their arrival time, preventing premature scheduling.
Constraint (13) defines the duration of each task by setting
its end time as the sum of its start time and processing
time, ensuring well-defined execution periods. Constraint
(14) enforces task precedence by requiring that a task cannot
begin until the previous one has finished, maintaining a
logical sequence of operations. (15) ensures that if a nurse is
assigned to a task, their assignment aligns with the start time
of this task, which prevents inconsistencies in scheduling.
(16) guarantees that the number of assigned nurses exactly
matches the required number for each task, ensuring proper
staffing. (17) prevents nurses from being assigned to overlap-
ping tasks, enforcing a non-overlapping constraint so that no
nurse is scheduled for multiple tasks at the same time. (18)
ensures continuity in nurse assignments when the required
number of nurses remains the same or increases, that is, if
a nurse was assigned to the previous task of a patient, then
they should continue in the next task of this patient. (19)
is the reciprocal constraint of (18), that is, (19) models that
if a nurse is assigned to a later task of a patient and the
required number of nurses decreases or remains the same,
then this nurse should have been assigned to the previous
task as well. Finally, (20) ensures that if a nurse is assigned
to the first task of a patient and the subsequent tasks require
more than one nurse, then the same nurse must continue with
this patient for all tasks, ensuring consistency in care.

IV. EXPERIMENTATION

We now show our experiment of both MILP and CP on
the same instances. We first describe this case study, then
our experimental results.

A. Case study

We consider several instances with different patient num-
bers (10, 12, 15, 18, and 20 patients) to compare the two
models. Each patient has up to 3 treatment tasks. There
are 4 nurses available to treat patients. These medium-sized
scenarios were chosen to ensure that the core constraints
were correctly enforced while maintaining computational
feasibility. In the MILP, we set M = 1, 000.

This comparative study aims to analyze the strengths and
weaknesses of both MILP and CP models to determine which
approach is better suited for the dual-resource scheduling
problem in an ED. Given the operational context of an ED,
the primary goal is not absolute optimality but rather achiev-
ing a high-quality feasible schedule within a reasonable
computation time. To align with practical constraints, the
solver (Gurobi) was configured with a 10-minute time limit,
prioritizing solution feasibility over exhaustive optimization.
More precisely, our MILP is implemented in Python 3.11.5
with library PuLP 2.9.0 to call Gurobi 12.0.1, and our CP in
MiniZinc 2.8.7 is configured to also call Gurobi.

B. Results and discussion

The first result explored is the Gantt charts of the nurse
schedule, as shown in Figure 1 for MILP and CP models. The



Fig. 1. Gantt chart obtained from MILP model (Objective Function: 98) and CP model (Objective Function: 97).

Gantt charts illustrate the start time and assignment of each
task for each patient. The different colors represent varying
urgency levels based on standard triage classifications, with
red representing triage level (urgency) 1 (the most urgent)
and blue representing triage level 5 (the least urgent). This
urgency level was explicitly incorporated into the objective
functions, influencing the prioritization of patient scheduling.

From the Gantt chart, it can be seen that the key constraint
for our model, the dual-resource synchronization, is evident
in the scheduling results: For example, in the schedule from
MILP model, Patient 5’s third task (called 5.3) is scheduled
to be performed by Nurses 2 and 4 simultaneously, while the
CP schedule shows that our CP assigns Task 5.3 to Nurses 1
and 2 as shown in Figure 1. In addition, a crucial assumption
in the model was verified, which is continuity in patient care.
This means that a patient should be treated by the same
nurse throughout their ED journey. This is confirmed in the
schedule generated by both models: For instance, our MILP
model has Patient 1 entirely managed by Nurse 4 and our
CP model by Nurse 1.

We can also evaluate the models from the objective
function value, i.e., weighted waiting time (WWT) and the
total waiting time (WT) as shown in Table I. From this
table, it seems that neither model constantly outperforms
the other in terms of solution quality. We can see that
CP produces a smaller objective function and total WT for
smaller instances, while the MILP model performs better and
generates smaller WWT and total WT for bigger instances.
Besides, neither of the models achieves an optimal solution
within the chosen time limit of 10 minutes.

Next, we also observe the computation time performance
of our two models in producing the results. We set various
time limits on the solver, ranging from 10 seconds to 10
minutes, and then capture the result each time. The result is
shown in Figure 2 for the instances with 12 patients. MILP
begins with a lower initial solution, then slowly approaches

TABLE I
OBJECTIVE FUNCTION (WWT) AND TOTAL WAITING TIME (WT)

RESULTS (IN MINUTES)

Nb Patient (C) MILP CP
WWT Total WT WWT Total WT

10 98.4 350 97 325
12 128.7 346 114 302
15 234.1 484 272 592
18 266.9 758 304 752
20 361.2 977 411 937

Fig. 2. Performance Comparison of MILP and CP

the near-optimal solution. On the other hand, CP begins with
a worse initial solution, but improves its solution faster (in
30 seconds). These observations on the comparisons of the
performance of both models underline that the choice be-
tween MILP and CP should not be framed in absolute terms
but rather examined from multiple perspectives, considering
their distinct characteristics and trade-offs.

In addition to the results observed, one of the most
impressive differences examined between the two models
lies in the number of variables involved. For instance, with



10 patients and 4 nurses, the MILP utilizes up to 3,840
variables, while the CP operates with only 62 variables.
This significant discrepancy highlights the computational
complexity of MILP, which requires handling variables with
up to five indices (cf., kc1,t1,c2,t2,n), increasing the burden
on the solver. Conversely, CP allows for a more compact
representation of constraints, leading to a more intuitive
formulation and potentially faster constraint propagation.

However, a key advantage of MILP stems from its ex-
tensive literature support, as most of the relevant studies
referenced in the literature section employ MILP formula-
tions. This wealth of research provides a solid theoretical
foundation and well-established methodologies that can be
leveraged for model development and improvement. Fur-
thermore, MILP benefits from the ability to incorporate
continuous variables, which is particularly relevant in the
context of time-based scheduling. This allows for a more
precise representation of key performance measures, making
it an important aspect to consider when selecting a modeling
approach.

Shortly, this comparative analysis suggests that the choice
between MILP and CP should be made based on problem
size, computational feasibility and model interpretability.
While CP offers a more compact and constraint-focused
formulation, MILP remains a powerful alternative due to
its rich theoretical background and the ability to handle
continuous variables, which is crucial for time-sensitive
optimization problems.

V. CONCLUSIONS

The optimization of resource scheduling in complex envi-
ronments such as Emergency Departments (EDs) is crucial
to ensuring effective and efficient patient care. This study ad-
dresses the challenge of resource allocation and synchroniza-
tion by introducing two models for dual-resource schedul-
ing, one represented in Mixed Integer Linear Programming
(MILP) and another in Constraint Programming (CP). The
conducted analysis highlights the importance of optimization
models capable of effectively addressing the operational
challenges of EDs. By integrating realistic constraints, such
as assigning the same nurse to a patient throughout their
entire stay, these models contribute not only to optimize
resource utilization but also to improving the quality of care.

Our experiments seem to indicate that neither of our MILP
and CP is always the best. Our MILP seems better for large
sizes of instances, and our CP for small instances. MILP for
scheduling has a larger literature, but CP has models both
smaller and easier to understand.

Future developments of this study open several doors
for further research. Firstly, the integration of heuristic
methodologies may provide near-optimal solutions within
significantly shorter computational times. This is requested
for a deployment in real life because rescheduling all patients
when a new one arrives can hardly excess a few minutes. Of
course, such a rescheduling needs some adaptations in our
models in order not to postpone the currently ongoing tasks.
Additionally, testing and evaluating the proposed models on

real-scale data would allow for a more detailed analysis of
their performance and behavior in practical settings. Another
promising direction is the incorporation of additional con-
straints to account for even more realistic scenarios, such as
workload balancing and staff fatigue. Finally, since EDs often
represent the first step in a patient’s hospital journey, future
research could focus on the downstream process following
ED admission, exploring its impact on hospital resource
management and patient outcomes.
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