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ABSTRACT

Planning problems in a crisis context are a highly uncertain environment where health facilities must cooperate in 
providing health services to their patients. We focus on the health crisis in France due to the COVID19 pandemic. 
In fact, the lack of appropriate scheduling tools, resources, and communication leads hospitals to be submerged by 
infected patients and forced to transfer them to other hospitals. In this work we aim to provide a global solution to 
such planning problems to improve the current French health system. We introduce a cooperative approach called 
OPPIC (Operational Planning Platform for Inter-healthcare Coordination). OPPIC is based on a decentralized 
system, where health facilities plan is dynamic, flexible, robust to uncertainty, and respond to goals and optimization 
criteria. This paper proposed a first planning model to OPPIC and provided a first way of negotiation between 
health facilities based on their plan’s local and global flexibility.
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INTRODUCTION

In general, the healthcare system planning must schedule a hospital task by allocating resources to each task and 
managing hospital goals. It should answer several patient needs, mainly operating, bed assignment and management, 
and nurse scheduling during a clinical routine or crisis (e.g., climate, nutrition, health, etc.). Delivering healthcare 
services during an emergency or a crisis is very challenging. For that reason, countries should be prepared to face 
any crisis. For instance, hospitals still facing several difficulties to allocate the needed resources to their patients 
during the COVID-19 pandemic also known as the corona virus pandemic. The COVID-19 was first identified 
in November 2019 at Wuhan and declared a pandemic by the WHO (World Health Organization) in March 2020. 
Indeed, the COVID-19 pointed out the weakness of all the existing worldwide healthcare systems. We will focus on 
the French case, one of the most affected countries where the problems due to COVID are common to those in other 
countries. In France, the COVID-19 caused several healthcare problems mainly related to the lack of available beds, 
the lack of human resources and material resources.
Although it’s possible to predict the pandemic’s progression [Kaplan et al. 2020 ], it is still hard to predict a hospital’s 
needs regarding the availability of intensive care beds for their patients [APHP 2020]. This has led hospitals to 
adopt new strategies such as transferring their patients to other national or international hospitals. For example, 
from March to April 2020, the French region of Grand-Est moved a total of 349 patients; among them, 164 patients 
were assigned to hospitals of other European countries, mainly Germany and Switzerland [Habchi et al. 2020]. 
The patients’ assignment is a challenging task due to the lack of appropriate scheduling tools, for instance, tools to 
consult the plan of a hospital regarding the availability of its resources (e.g., beds, staff, ambulance, e tc.). Some 
tools exist to help hospitals, such as the "Covid moi un lit" application that informs real-time about the availability
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of beds for any healthcare facility. Unfortunately, the current tools do not consider an online hospital’s plan (e.g., 
patient transfer, beds reallocation, deprogram and reprogram operations, etc.); thus, they cannot propose a global 
solution for the overall healthcare system. In addition, the dynamic aspect of a crisis should also be considered by 
the scheduling tools to enable replanning of a current hospital plan regarding the fluctuations during a health cri-
sis. For example, an infection of medical staff could reduce their availability to deliver health services to their patients.

Since 1970, several work have been proposed to improve planning in the healthcare field: a  markovian model 
for hospital admission scheduling [Kolesar 1970], a computational approach to patient flow logistics in hospital 
[Hutzschenreuter et al. 2010], a simulation of resources assignment in hospital [Zhao and Lie 2010], a simulation to 
optimize resource allocation and outpatient appointment scheduling [Lin et al. 2017], an interoperable operational 
emergency response system for large-scale situation [Elmhadhbi et al. 2021], and more [Liang et al. 2015], [Meng 
et al. 2015]. These works aim to optimize resource allocation and patient waiting time in common or emergency 
situations but not in critical ones such as a health crisis. Moreover, they do not deal with planning problems in 
an uncertain environment during a health crisis. Indeed, such planning problems consider four main aspects to 
enable dynamic, robust, and flexible p lanning: - Time (e.g., starting or finishing time of an operation, duration of 
an operations, date of specific deadlines) - Resource (e.g., intensive care bed, medical machine, vehicle, medical 
staff) - Uncertainty (e.g., operation duration, resources availability, operation success, influx of patients, et c.) -
Optimization criteria (e.g., saving lives as much as possible, the minimum duration of bed use) or to deal with 
uncertainty (e.g., integrating the maximum amount of flexibility in a schedule).
Although these works do not consider such aspects, this does not mean that in planning literature, no solution 
exists to answer these planning problems. In addition, the newly adopted strategies that require coordination (e.g., 
patient transfer) bring another aspect to our planning problem, which is coordination between healthcare facilities. 
Therefore, if we represent a healthcare facility as an agent, we are faced with a multi-agent problem where, in a 
coordinated way, agents have to meet their goals and the other agent’s goals. Furthermore, agents may not always 
be homogeneous, which means that agents may have the same goal but not the same definition; for example, agents 
do not have the same definition of fl exibility. Therefore, they do not solve their goal in the same wa y. So, the 
more flexibility an agent allows to himself in his plan, the more it reduces its level of uncertainty. Still, the more 
he becomes a source of uncertainty for the others. Consequently, the problem of distributed optimal decision 
becomes complex and requires enhanced interoperability between the agents [Behnke et al. 2015]. This is why, 
using an ontological approach can help to formalize better the information that the agents will have to exchange and 
reinforces the interpretation capacities of the agents to produce consistent reasoning [Gayathri and Uma 2018],
[Marcus 2020], [Traoré 2018].

The paper introduces an Operational Planning Platform for Inter-healthcare Coordination (called OPPIC) that 
implements a flexibility negotiation algorithm using Simple Temporal Network with Uncertainty (STNU) as a 
temporal planning model. [Morris et al. 2001]. It is organized as follows: Section 1 presents an overview of 
planning and scheduling approaches under uncertainties. Then, Section 2 describes our proposed Operational 
Planning Platform for Inter-healthcare Coordination (OPPIC) system. Next, Section 3 details our proposed planning 
approach based on STNU’s models. Finally, the conclusions and some future works.

1 AN OVERVIEW OF PLANNING AND SCHEDULING

This section focuses on planning techniques that ensure a dynamic, flexible, and r obust p lan t o any t ype of 
uncertainty; multi-agent planning techniques that produce a global solution to a planning problem.

1.1 Planning under uncertainty

Planning means making decisions that are focused on the future. Uncertainty exists when several future developments 
are possible, but we cannot say with absolute certainty how the future will develop. Even if we cannot predict the 
future, it is possible to plan for it and focus on your planning [Ghallab et al. 2004].
The uncertainty in our collaborative planning problem might come from three main sources related to the planning 
model [Martin 2012]: First, an agent’s goals; an agent could not satisfy other agents’ goals if their goals are not 
visible and clear for him. Second, the domain of the planning model; an activity duration or status (success or 
failure) might be undetermined and thus cause uncertainty. The third is the planning model’s state, which defines if 
a model is observable, partially observable, or non-observable. Many techniques are proposed for planning under 
uncertainty [Baki 2006], such as conditional planning, probabilistic planning, temporal planning, and contingent and 
conformant planning. Conditional planning consists of creating a plan that considers all possibilities represented 
by a branch; a branch represents the observation too occurs during the execution to use it. Probabilistic planning 
procures a plan with a probability of success greater than a fixed threshold. Temporal planning creates a plan that
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takes into account constraints bound with time. Eventually, the contingent and conformant planning create a plan
where a model is not fully observable where, respectively, one doesn’t have action to observe it while the other
can. These planning techniques can provide us with a robust plan against uncertainty. However, our need for a
dynamic plan means that we need proactive techniques that belong to the temporal planning taxonomy.

In that context, we identified STNUs (Simple Temporal Network with Uncertainties) [Morris et al. 2001] as a
suitable model to provide a dynamic, flexible, and robust plan. An STNU is a triplet (V, E, C), where V is a set
of temporal points, E is a set of requirement links that refer to an STN link, and C is a set of contingent links.
Each contingent link has the form (A, x, y, C), where A ∈ V, C ∈ V, and 0 > x > y > ∞. A is called the activation
time-point, and C is the contingent time-point where the duration C - A is uncontrollable but lies in the interval [x,
y]. An STNU is dynamically controllable if, regardless of the duration of all contingent links in an STNU, it is
always possible to guarantee the success of a plan. In general, STNUs allow through time-points (start and end
of the activity) to apply constraints between these time-points, which are intervals of possible values allowing to
model the uncertainty and the flexibility.

1.2 Interleaving planning and execution in dynamic architectures

Bidot et al.[Bidot et al. 2009] describe taxonomies of scheduling and planning techniques under uncertainty that are
independent of any specific representation or reasoning technique. The authors distinguish in their work between
three main taxonomy of techniques of "balancing schedule generation and execution". First, proactive approaches
build a global solution at a generation time that will never be reconsidered at an execution time. A proactive
approach considers uncertainty to produce more robust, more stable schedules or both than they would be without
considering such knowledge. To provide a proactive approach, one may generate:

• A complete generic schedule insensitive to online perturbations by considering the worst-case scenario.

• A flexible schedule where a subset of decisions are made offline (i.e., generation time) and the rest online
(i.e., execution time).

• A conditional schedule where everything is set but with alternative branches. The one is effectively chosen to
depend on conditions that will only be observed at execution time.

Secondly, the revision techniques generate a complete schedule where decisions are made at generation time. Then, 
when the solution derives from the current observations at execution time, the decisions are revised and changed 
through online replanning. Lastly, the progressive techniques interleave scheduling and execution by solving the 
problem piece by piece. For example, each piece can correspond to the activities in a time window. The scheduled 
decisions in a plan are made periodically or when new information arrives, and once a decision is set, it can’t be 
changed.
To summarize, several studies show that combining proactive, revision, or progressive techniques would improve 
results [Shafaei and Brunn 1999], [Chien et al. 2000], [Branke and Mattfeld 2000]. In this work, we need a dynamic, 
robust, and flexible plan where decisions must be made online; this plan belongs to proactive techniques that limit 
replanning. Thus, we believe that combining proactive and revision techniques would help answer our needs.

1.3 Multi-agent dynamic planning

In general, multi-agent planning (MAP) is used when an agent cannot solve a task by itself or when it is more 
efficient to cooperate with other agents. In addition, MAP problems can be classified according to their level of 
coupling. It’s a measure of the number of interactions or coordination points between agents during the resolution 
of the task. In loosely coupled problems, each problem goal is likely to be solved by a single agent, while strongly 
coupled issues tend to require the cooperation of multiple agents. Therefore, it is necessary to ensure a satisfactory 
outcome in weakly and strongly coupled problems [Torreño et al. 2014].
Fortunately, STNUs provide a first approach to planning in a multi-agent system with MaSTNUs [Morris et al. 2001]. 
A MaSTNU is a quadruplet (A, V, E, C) with A a set of agents and (V, E, C) an STNU. In a MaSTNU, time-points 
are shared by agents, i.e., "for a time-point v in V, there exists a unique agent a in A that owns v, denoted owner(v) = 
a". Thus, the agent that owns v, an executable time-point, controls the execution of the event associated with v. If v 
is a contingent time-point, the owner of v is the unique agent supposed to observe the realization of v instantaneously. 
Time-points owned by other agents are not considered to be observed directly, but information about their realization 
can be obtained through external contingent links. MaSTNUs are used in centralized systems where agents share 
their time’s points and synchronize to the same reference time-point. However, our cooperative planning problem 
supposes a system where agents have no information on other time-points and are not synchronized. Therefore
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MaSTNU does not match our needs.

Another way of using MAP is provided by Torenno et al., which combines single-agent planning technolo-
gies and a refinement-based methodology [Torreño et al. 2014]. Agents begin by sharing their initial information 
(state, goals, etc.). Then, based on a basic plan, each agent will initially propose one or more plans. Next, each of 
them will share its plan with the others to ensure that each agent gets a global view of each proposed plan. Finally, 
they choose together the best of all plans as the new baseline plan and repeat these steps until a complete and robust 
global solution is found. This technique gives excellent results in both loosely and strongly coupled problems. 
However, like MaSTNU, it focuses more on a centralized system where agents share all of their information. 
Furthermore, this technique needs a convergence we can’t ensure since it’s based on a recursive method.

Briand et al. work propose a cooperative approach in Job-Shop scheduling problems under uncertainty [Briand et al. 
2008]. Compared to the first two approaches, this one is more oriented towards a decentralized s ystem. Indeed, 
tasks are allocated to different machines and each machine is controlled by a decision c enter. Each decision center 
has its definition of flexibility and schedules the allocation of tasks to its machine while optimizing its makespan. 
One of the primary keys to Briand’s et al. work is a first approach to negotiating and renegotiating through decision 
centers. Moreover, the more flexibility a decision center gives itself, the more uncertainty it creates for the others. 
Hence, it is essential to maximize flexibility while minimizing i nconsistency. It can be done as an optimization 
problem by solving a linear function with a linear program to give an acceptable but non-optimal plan.
This approach cannot be reused in our cooperative problem because the Job-Shop context is based only on scheduling 
tasks on machines. However, we believe that using Briand’s et al. idea to produce a decentralized MaSTNU network 
is a first way to fit our pr oblem. Indeed, supposing a planning model wherein a decentralized MaSTNU, agents are 
not synchronized and do not share their time-points or only partially could fit our planning problem.

2 TOWARDS A COOPERATIVE APPROACH: OPPIC

2.1 The organization of the french healthcare system

In 2000, the French health system was considered the most globally efficient in terms of health care delivery and 
organization by the World Health Organization (WHO). However, it becomes inefficient to answer patients’ health 
care demands during the COVID19 crisis. The first case of COVID-19 was detected in France on 24th January 
2020, followed by the WHO’s advice to help the French health system fight against the COVID-19 pandemic. 
From the current French health system, we defined the most important actors that are involved in the strategic, 
tactical and operational process of the COVID-19 pandemic. Figure 1 describes these actor and their roles. It shows 
that hospitals, that are located in cities and town, must be at the operational level; take care of patients, deploy 
the required resources to the patient’s need, transfer the patients, and respond to private and global objectives. 
Moreover, the regional health agency (RHA), that is located at the regional level, must be at the tactical level; 
coordinate all health facilities in their area, deploy external resources, reassign the distribution of human resources 
and constantly report at a higher level their area’s situation. The health crisis center (HCC), at the national level, is 
composed of 40 specialists in their field (doctors, pharmacists, public health interns, managers and engineers). At 
the strategical level, they deploy and coordinate each RHA, monitor and analyze the health situation from the report 
of each RHA and set global goals. At the national level, the health minister implements the Government’s policy 
in the field of h ealth. At the strategical level, it defined new reforms and, with the HCC, created new strategies 
directions and can deploy army resources.

Disappointingly, the french healthcare system is not efficient in facing long-term crises such as the ongoing COVID-
19 pandemic. We believe that a cooperative approach between health organizations to help them communicate and 
negotiate to fulfil their goals can face a long term crisis.

2.2 Our methodology

To handle with the collaborative planning problem, we need to answer different challenges. In that context, the work 
of Elmhadhbi et al. [Elmhadhbi et al. 2020] on disaster response helps us to define four main challenges to answer. 
The first one is the planning i ssues. We have to ensure to provide a flexible and robust plan thought replanning. Next, 
the resource assignment issues the need to allocate the needed resources at the right time. Then, the information 
issues defined the lack of information between users and the information uncertainty (e.g., validity, understanding, 
etc.). Lastly, the cooperation issues to share resources, flexibility and information among heterogeneous agents. 
To deal with these challenges, we propose a common multi-agent architecture based on a knowledge graph, which 
is a semantic representation of data into a graphical model [Hogan et al. 2021], [Horrocks 2008]. The proposed 
architecture aims to formalize the representation, improve sharing, and automated reasoning for the involved
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Figure 1. The organization of the french healthcare system during the COVID-19 pandemic

stakeholders in the French healthcare system. Figure 2 illustrates the overall structure of our proposed architecture
OPPIC (Operational Planning Platform for Inter-healthcare Coordination).
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Figure 2. The Operational Planning Platform for Inter-healthcare coordination (OPPIC) architecture

The architecture shows four main modules:

• Module 1 refers to the users. A user refers to a healthcare facility with a plan and a planner. The planner
considers the user goals, resources, and goals and resources of the decision center to provide a dynamic,
robust, and flexible plan. Furthermore, the negotiation between agents is made with the help of the cooperative
broker, which may notify him back when it’s relevant to replanning the current plan.
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• Module 2 refers to the decision center (DC). DC provides global goals and external resources to their users
and also might be involved in the negotiation to make decisions. It might happen when users can’t find a
solution for their planning problem. Therefore, using each user’s knowledge through the global ontology will
choose which will be prioritized in the negotiation.

• Module 3 refers to the cooperative broker in charge of the negotiation between users. It helps consider an
agent request to help him communicate and negotiate with the users involved in the request. Moreover, the
notification module might notify an agent planner to replan the involved plan when necessary. For example, a
patient transfer that will finish later than expected may need replanning.

• Module 4 refers to the global ontology that defines the planning problem’s related concepts by containing the
world’s knowledge (e.g., resources, goals, etc.). This knowledge is used to help agents understand each other
(e.g., goals, resources, plans, etc.) in the negotiation module to provide a solution to their requests.

In the next section, we propose a planning model to our architecture based on a decentralized MaSTNU system by
representing each agent plan by an STNU.

3 OUR CONTRIBUTION: TOWARDS A PLANNING MODEL BASED ON STNU FOR OPPIC

3.1 Definition of our planning model

In Section 1, we presented the cooperative approach of Briand et al. [Briand et al. 2008] and the centralized
MaSTNU approach. Although both are not compatible, we propose a decentralized MaSTNUs model using both of
them as references. Figure 3 show an interaction between hospital A and B plans using our planning model which
contains:

• A set of agents, each agent has a plan defined by an STNU (V, E, C) not shared with the others

• A set of time-points that are shared among agents. When interactions between two activities occur and do not
belong to the same agent, both agents contain their time-points in their respective STNU. On the other hand,
unlike MaSTNUs, each agent has a reference time-point 𝑉0 unique to its STNU.

• An activity is defined by two time-points, i and j, where i is the start time-point, and j is the end time-point
(e.g., 𝑉 𝐴

1 and 𝑉
𝐴
2 represent activity in figure 3). Moreover, an activity has constraints we define as: First,

the duration constraint, the constraint that defines the temporal distance between i and j. Secondly are the
external constraints, which are all other activity constraints. For example, in figure 3 the constraint between
𝑉𝐵
2 and 𝑉

𝐵
3 is a temporal gap constraint: it means the temporal distance between these two activities must be

within [0, 0]. In addition, an activity has an owner, which is the agent that controls its time-points.

• An agent has contingent or non-contingent activities. A contingent activity is either controlled by another
agent, and therefore there is a sharing of time-points between these two agents, or belong to him, but he does
not control it. For example, an operation which ending time cannot be predicted and controlled. In figure 3,
the activity with the times points 𝑣𝐵1 and 𝑣

𝐵
2 is contingent for agent A (e.g., doted arc) but controllable for B

because B owns this activity (e.g., plain arc).

Figure 3. Example of a decentralized MaSTNU system involving 2 agents’ STNU

Now that we have described our system, we will present its main objectives. The first one is how to address the 
flexibility of an agent STNU; the second is how an agent may negotiate its flexibility to reach its goals. Either to 
regain its consistency or either to extend its flexibility.
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Table 1. Notation

X: an STNU S(M): the contingent activity source of M
𝐶𝑖 𝑗 : any activity of X C: set of contingent constraints [𝑐1, 𝑐2, .., 𝑐𝑛]
𝐶𝑒: all external constraints of 𝐶𝑖 𝑗 𝐹𝑚𝑎𝑥 (𝐶𝑒): a set of flexibilities [ 𝑓1, 𝑓2, .., 𝑓𝑛]
F(𝐶𝑖 𝑗 ): the flexibility of 𝐶𝑖 𝑗 E: set of controllable constraints [𝑒1, 𝑒2, .., 𝑒𝑛]
𝐹𝑠𝑡𝑛𝑢(X): the flexibility of X 𝐹𝑛 (𝑒): the required flexibility of e ∈ E, where e ∈ 𝑀
𝐹𝑑𝑒𝑔𝑟𝑒𝑒(X): the flexibility degree of X 𝐹𝑀 : the required flexibility for M
M: a cycle in X owner(c): the agent that control c with c ∈ C, where C ∈ X
F(M): the flexibility of M 𝐹𝑜𝑤𝑛𝑒𝑟 (c): the flexibility owner(c) give to X
𝐶𝑚𝑎𝑥 (𝑋): the maximum duration of X 𝐹𝑠 the flexibility obtained from contingents constraints in M

3.2 Planning model: how to address flexibility?

First, table 1 defines notations that will be used in this section:

Definition 1 (Activities temporal distance) An activity 𝐶𝑖 𝑗 in X an STNU X = (V, E, C), has a duration constraint
defined by a lower bound 𝐿𝑖 𝑗 and an upper bound𝑈𝑖 𝑗 :

𝐶𝑖 𝑗 = [𝐿𝑖 𝑗 ,𝑈𝑖 𝑗 ], 𝑖, 𝑗 ∈ 𝑉 (1)

In addition, an activity has external constraints, which are primitive relations between time-points. The most basic
ones are relations between activities (e.g., activity A before B, B during A, etc.). Otherwise, we have primitive
relation that represents a temporal gap between two activities (e.g., B start 5-time unit after A). Finally, it is also
possible to have a constraint between an activity and a time-point (e.g., A must start before 2 pm). Respectively, we
called these constraints: relationship constraints, gap constraints and time constraints
Next, we distinguish between two categories of flexibility: first, the global flexibility of an agent STNU. Second,
local flexibility is defined as the flexibility of activity.

Definition 2 (Base flexibility) A controllable activity’s base flexibility is defined by the temporal distance between
its lower bound and upper bound. For a contingent it’s equivalent to 0:

𝐹 (𝐶𝑖 𝑗 ) = 𝑈𝑖 𝑗 − 𝐿𝑖 𝑗 (2)

The base flexibility (Equation 2) of𝐶𝑖 𝑗 does not consider its external constraints, which can reduce its base flexibility.
An external constraint can act on the time-points of 𝐶𝑖 𝑗 , which will reduce its base flexibility (see Table 2 example
1). Therefore if 𝐶𝑖 𝑗 has more than one external constraint, it leads to different possible flexibilities for 𝐶𝑖 𝑗 noted
𝐹𝑚𝑎𝑥 (𝐶𝑒).

Definition 3 (Local flexibility) The flexibility of 𝐶𝑖 𝑗 is the minimum flexibility contained in 𝐹𝑚𝑎𝑥 (𝐶𝑒), a set of
all possible flexibility of 𝐶𝑖 𝑗 . The constraint propagation of the dynamic controllability checking algorithm already
gives these hidden flexibilities: F(C𝑖 𝑗 ) = 𝑚𝑖𝑛(𝐹𝑚𝑎𝑥 (𝐶𝑒))
Definition 4 (Global flexibility) The flexibility of an agent’s STNU is the sum of the flexibility of its activities,
and the sum of the possible flexibilities given by its gap constraints noted 𝐶𝑔𝑎𝑝 . Indeed, gap constraints between
activities can provide flexibility (e.g., see figure 3: the gap constraint between 𝑉0 and 𝑉 𝐴

1 give a flexibility of 5):

𝐹𝑠𝑡𝑛𝑢 (𝑋) =
𝑛∑︁
𝑖=1

𝐹 (𝑖) +
𝑚∑︁

𝑐𝑔𝑎𝑝=1
𝐹𝑚𝑎𝑥 (𝑐𝑔𝑎𝑝) (3)

Definition 5 (Flexibility degree) The flexibility degree of an agent STNU X can be defined by its global flexibility,
and its STNU makespan noted 𝐶𝑚𝑎𝑥 :

𝐹𝑑𝑒𝑔𝑟𝑒𝑒 (𝑋) =
𝐹𝑠𝑡𝑛𝑢 (𝑋)
𝐶𝑚𝑎𝑥 (𝑋)

(4)

The definition of an agent’s STNU flexibility degree also defines an agent’s flexibility degr ee. The more flexibility 
an agent has, the higher the degree of flexibility. Thus, the more flexibility it potentially has to gi ve. Therefore, 
comparing agents by their STNU’s flexibility degree is possible.
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3.3 Planning model: how to negotiate the dynamic controllability of an STNU?

An agent must negotiate when its STNU is no more dynamically controllable (DC) due to some disturbances or
when the activity’s flexibility is too low and hence needs to be negotiated. This paper will only study the first case,
how an STNU can negotiate its DC. We need to identify for any not met constraint, all contingent activities to
negotiate flexibility to resolve the not met constraint.

How to get all contingent activities for negotiation?

Property 2 (STNU) A contingent activity 𝑐𝑖 (i.e., activity) is the source of the non-DC of an STNU X. An STNU
may have more than one source, which means that the non-DC of an STNU can be caused by more than one
contingent activity.

Proof: The definition of the dynamic controllability of an STNU is: "An STNU is DC if and only if, regardless of
the duration of all contingent activities, it’s always possible to guarantee the success of a plan". Thus, X is non-DC
if the duration of at least one contingent activity is too short or too long to satisfy all constraints of X.

Suppose an STNU X containing one constraint not satisfied . There exist a cycle activities M ∈ X where S(M) ∈
M is the contingent source of the not meet constraint. This cycle contains all activities to negotiate for the not meet
constraint. Consequently, the more X has not met constraints, the more cycle can be found. Therefore, the agent
must negotiate his consistency on each cycle to regain consistency on X. The following section will present the first
approach to negotiate consistency on a cycle by negotiating flexibility from all contingent activities in the cycle.

How to regain consistency on a cycle ?

First, it is important to clarify that negotiating on S(M) may not be the best way to regain consistency. In the case
of Table 2 example 2, it’s more appropriate to negotiate with the agents owning 𝑐2 and 𝑐3 than the one owning
𝑐1. Therefore, it is essential to know the flexibility of each contingent activity, which their owner can give before
negotiating with them.
Next, suppose M a cycle and k the flexibility needed to regain consistency. The cycle may contains contingent
activities, controllable activities or both. So, in M we can get flexibility from contingents and controllable activities.
Therefore, we define 𝑘1 the flexibility gained from controllable activities in M. Then, to get only the flexibility that
M must negotiate on contingent activities, noted 𝑘2, we subtract 𝑘1 to k : 𝑘2 = k - 𝑘1. Hence, this leads us to a new
definition of k:

𝑘 = 𝑘1 + 𝑘2 (5)

In contrast, giving k flexibility to M means that M is consistent but F(M) = 0 ≡ ∀ e ∈M, F(e) = 0. However, the
agent might need some flexibility on the controllable activities of M. Therefore, we define 𝐹𝑀 the flexibility needed
for M where F(M) ≥ 𝐹𝑀 with 𝐹𝑀 ≥ 0 (Table 1):

𝐹𝑀 =

𝑛∑︁
𝑒=1

𝐹𝑛 (𝑒) (6)

Definition 6 (k) If M needs some flexibility, then the agent must negotiate more flexibility on contingent activities
to gives the controllable activities the flexibility M need . As a result, we can redefine k by:

𝑘 = (𝑘1 − 𝐹𝑀 ) + (𝑘2 + 𝐹𝑀 ) (7)

Now, we will focus on contingent activities and their flexibility. We previously defined the flexibility of a contingent
to 0. Still, if another agent owns c, then for this agent, c is controllable and might have some flexibility on this
agent’s STNU: F(c)≥ 0. Thus, we define 𝐹𝑜𝑤𝑛𝑒𝑟 (𝑐) , the flexibility the owner of c can give to the agent’s STNU
where c ∈ M. In addition, we define 𝐹𝑠, the sum of each contingent flexibility given by their owner considered as
the flexibility obtained from contingent activities in M:

𝐹𝑠 =

𝑛∑︁
𝑐=1

𝐹𝑜𝑤𝑛𝑒𝑟 (𝑐) (8)

Consequently, M can regain consistency if and only if the condition 𝐹𝑠 ≥ (𝑘2 + 𝐹𝑀 ) is satisfied. Then, the agent 
selects the best candidates from contingent activities by ordering them by their flexibility 𝐹 𝑜𝑤𝑛𝑒𝑟 (see Table 2 
example 2). Next, the agent negotiates with the best candidates owners to get the required flexibility k.
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Table 2. Example table

Example 1: an example of local flexibility computation

Two activities without external constraints : A = [10,20] and B = [30,30] -> F(A) = 10 and F(B) = 0
Now suppose we add two external constraints : 𝐴𝑖 = 𝐵𝑖 + 20 and A during B then F(A) = min(0, 10) = 0

Example 2: an example of ranking contingent candidates

Suppose 𝐹𝑜𝑤𝑛𝑒𝑟 (𝑐1) = 5, 𝐹𝑜𝑤𝑛𝑒𝑟 (𝑐2) = 8, 𝐹𝑜𝑤𝑛𝑒𝑟 (𝑐3) = 8 and S(M) = 𝑐1 with 𝑐1, 𝑐2 and 𝑐3 in M
The best candidates order is : 𝑐3 -> 𝑐2 -> 𝑐1 || 𝑐2 -> 𝑐3 -> 𝑐1

Algorithm 1: Negotiation-Cycle algorithm
Input : M : cycle , K : value, S : source, agent : Agent ;

contingentLink→ {} ;
nonContingentLink→ {} ;
𝐾1, 𝐾2, 𝐹𝑆 ,→ 0 ;
for each C in cycle do

if isContingent(C) then
if owner(C) ≠ agent then

𝐹𝑜𝑤𝑛𝑒𝑟 = getAgentFlexibility(K) ;
𝐹𝑆 += 𝐹𝑜𝑤𝑛𝑒𝑟 ;
add [C, 𝐹𝑜𝑤𝑛𝑒𝑟 ] in contingentLink ;

end
end
else

𝐹𝑛 = getNeededFlexibility(C) ;
𝐹𝐶 = getActivityFlexibility(K, X) - 𝐹𝑛 ;
𝐾1 += 𝐹𝐶 ;
add [C, 𝐹𝐶 ] in nonContingentLink ;

end
end
𝐾2 = (𝐾−K1) ;
if 𝐾2 ≤F𝑆) then
candidates = findBestCandidates(contingentLink, 𝐹𝑆 , 𝐾2) ;
negotiate(𝐹𝑆 , 𝐾2, contingentLink, nonContingentLink, candidates);

end
return Impossible

Unfortunately, the algorithm is incomplete because it do not consider the case where the condition 𝐹𝑠 ≥ (𝑘2 + 𝐹𝑀 ) 
is false. How does an agent negotiate consistency when the flexibility given by contingent activities in M is not 
enough? This question is still a problem unresolved. Furthermore, we still need to provide an answer to how an 
agent negotiate flexibility on controllable activities when its STNU is DC.

CONCLUSION

In summary, providing balanced planning between different health institutions coordinating during health crisis time 
is very challenging. In such a situation, each hospital schedule plans to take charge of its patients and try at the same 
time to answer others’ requests. In this work, we presented a collaborative architecture for a cooperative planning 
problem under uncertainty in health crisis time. Moreover, an overview of planning and scheduling techniques 
allowed us to provide a first planning model for the proposed a rchitecture. This model is based on a MaSTNU 
decentralized system and provides a first definition of flexibility and negotiation through the Negotiation-Cycle 
algorithm. We believe that the planning model should be completed by incorporating other temporal planning 
techniques. Furthermore, we still have some issues to resolve in the negotiation process. Indeed, our current work 
does not consider the second case of negotiation: regain flexibility on activities when the STNU is DC. 
Moreover,
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the Negotiation-Cycle algorithm does not consider the case where contingent activities flexibility of a cycle M is
insufficient. In addition, we will use alternatives or complementary models to provide a stochastic aspect to the
temporal model to enhance our ability to handle uncertainties. This work is in progress; the different components of
the proposed architecture should be investigated to be developed or readapted from state of the art as, for example,
the global ontology that will ensure the semantic interoperability between the different stakeholders.
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