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Abstract—This study explores flight allocation within a flight-
centric air traffic management framework using hierarchical
clustering and Simulated Annealing. The proposed approach
involves merging interacting flights before balancing the con-
trollers’ workload with Simulated Annealing. An analysis of the
impact of the grouping threshold is conducted to identify the
value that best balances minimizing interactions between flights
assigned to different controllers and the controllers’ workload.
Finally, a comparison with a MILP model demonstrates that
the new approach is more computationally efficient and more
realistic from an operational perspective.
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I. INTRODUCTION

Air Traffic Management (ATM) is undergoing a major
transformation, driven by research initiatives such as the
United States Government Accountability Office’s NextGen
program [16] and the Single European Sky ATM Research
(SESAR) program [3]. These programs aim to modernize
ATM by increasing the capacity of Air Traffic Control (ATC)
services through advanced automation, enabling more efficient
handling of the anticipated growth in air traffic ([15]).

A central innovation in this context is the development
of Trajectory-Based Operations (TBO) ([10]). TBO addresses
the imbalance between airspace capacity and traffic demand
during strategic planning, while reducing the need for reactive
decision-making during tactical operations. To support this
paradigm, new tools are being developed, as highlighted at the
Global TBO Symposium hosted by Eurocontrol in Brussels in
June 2024 [2]. These tools enable end-to-end flight manage-
ment—from departure to arrival—by leveraging Time-Based
Management (TBM), System-Wide Information Management
(SWIM) for the exchange of aeronautical, meteorological, and
flight data, and aircraft capabilities to follow precise four-
dimensional trajectories (3D + time).

The implementation of TBO is expected to improve the pre-
dictability of air traffic operations, resulting in enhanced flight
efficiency, lower airline costs, reduced environmental impact,
increased airspace capacity, and improved airport through-
put—all of which contribute to a reduction in delays. At the
tactical level, TBO has inspired the concept of Flight-Centric

ATC (FCA), which redefines both airspace structure and the
roles of ATC personnel ([18]). FCA removes the traditional
sector-based division of airspace, replacing it with traffic-
oriented divisions that promote more uniform configurations
across broader regions ([8]). Several studies have explored
FCA to optimize its operational implementation [7, 12, 17].

Conventional air traffic control relies on a sector-based
approach in which the airspace is divided into fixed sectors,
each managed by a pair of air traffic controllers (ATCOs).
As aircraft transit through this structure, they cross multiple
sectors and are handed over from one controller to another. In
contrast, the flight-centric approach eliminates sector bound-
aries. Instead, ATCOs manage the entire airspace collectively,
and each flight is assigned to a single controller for the
duration of its trajectory within the flight-centric zone (see
Figure 1). Coordination—either directly between controllers
or through automated systems—is required to resolve potential
conflicts.

Within the FCA framework, controllers are responsible for
managing specific sets of flights across wide areas. To ensure
balanced workloads, flights are allocated to controller teams
based on traffic characteristics and complexity. Controllers
must ensure safe separation within their assigned set of
flights by detecting and resolving potential conflicts, while
also coordinating with other controllers to address interactions
involving flights under different jurisdictions. The problem of
assigning flights to controllers has recently garnered attention,
with several initial solutions proposed to address this emerging
operational challenge ([4, 5, 6, 8]).

This research is conducted within the framework of the
SESAR project HYPERSOLVER, which seeks to fundamen-
tally reshape Air Traffic Management (ATM) by rethinking its
core structures and leveraging advanced Al technologies. The
project centers on the use of Deep Reinforcement Learning
(DRL) agents to manage traffic hotspots and resolve con-
flicts across different time horizons—from Air Traffic Flow
Management (ATFM) to tactical Air Traffic Control (ATC).
Beyond the technological dimension, HYPERSOLVER places
a strong focus on Human-AI collaboration, developing high-
level scenarios and operational processes that foster effective
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(a) Conventional air traffic control: each
controller is assigned to a given sector.

(b) Flight centric concept: each controller
manages a group of flights.

Figure 1. Comparison of flight allocations in conventional control and flight
centric.

interaction and mutual trust between human operators and Al
systems. To enable a smooth and gradual shift from current
operations toward a more flexible and efficient framework, the
project proposes a sequence of intermediate steps that maintain
safety while enhancing decision-making. Within this context,
the present work focuses on the development of a flight-
to-controller allocation framework, designed for integration
into the broader HYPERSOLVER architecture. This is the
continuation of our earlier study [9]. In our previous study, we
developed two MILP models: one to minimize complexity im-
balance between controllers, and the other to favor the assign-
ment of potentially conflicting flights to the same controller.
This previous study showed that the second model provided
the most realistic results. However, it led to an imbalance
in complexity between controllers. To address this issue, we
propose a new two-stage approach that combines hierarchical
clustering with a simulated annealing-based optimization.

This paper is organized as follows: Section II presents the
allocation problem. Section III describes the mathematical
problem and solution approach based on Hierarchical Clus-
tering and Simulated Annealing. Finally, Section IV shows
the results of the proposed approach.

II. ALLOCATION PROBLEM

The allocation problem consists in determining the optimal
assignment of flights to controllers based on the evolving
traffic situation. The model operates through an iterative pro-
cess, dynamically updating allocations in response to changes
in both the number and positions of flights. As new flights
enter the airspace, additional conflicts may emerge, potentially
overloading one or more controllers. To maintain a balanced
workload, some flights must be reassigned to other controllers,
who may or may not already be responsible for managing
other flights (see Figure 2). In this study, we denote by F' the
set of flights, C' the set of controllers, and 7T the set of time
steps. The allocation problem is highly complex in terms of
computation time, as the size of the state space at each time
step ¢ is m;"*, where my is the number of available controllers
and n; is the number of flights in the airspace at time ¢. A
typical instance with 100 aircraft and 15 controllers already
yields 15190 ~ 4x 1017 possible allocations. This underscores

the need for efficient solution methods, such as metaheuristics
like Simulated Annealing.

(a) Traffic situation at time ¢ (b) Traffic situation at time ¢ + 1

Figure 2. Controller allocation change: the new flight (surrounded in blue)
implies reallocation to a new controller due to the emergence of a conflict.

From an operational standpoint, it is preferable to avoid
assigning potentially conflicting flights to different controllers.
To support this, we define an interaction measure iy, f,
between two flights f; and f;. The interaction between
two flights is defined as the complexity of the two flights
considered in isolation from the rest of the traffic. It is
evaluated using the complexity metric called conflict dura-
tion sensitivity to heading maneuvers with continuous time
uncertainty developed in [13]. This metric evaluates the total
conflict duration for heading maneuvers between —V and U,
integrating all possible shifts of flights f; and f, around their
reference positions with a constant speed and a continuous
time uncertainty. More details about this metric may be found
in [13].

In this study, flight interactions are reassessed every 20
minutes. Within each 20-minute interval, interactions are eval-
uated every 10 seconds by measuring the duration in seconds
of any potential conflict over the following minute. The final
interaction score between two flights for the interval is defined
as the maximum value observed across all these evaluations.
Choosing the maximum—rather than a sum—prevents a series
of weak interactions from being treated as equivalent to a
single strong interaction occurring at a specific moment. The
maximum value is therefore equal to 60 seconds (1 minute).
To evaluate the workload of a controller, we use the same
complexity metric, but this time by calculating the total
complexity on each time interval.

Even in the absence of interactions, it is preferable to al-
locate geographically proximate flights to the same controller.
To achieve this, an additional criterion must be introduced
to discourage the assignment of distant flights to a single
controller.

Lastly, another important aspect of the allocation problem
is the management of reassignments. Synchronising these
changes between controllers can create a significant additional
workload. It is therefore preferable to minimise the number of
such changes.
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III. MATHEMATICAL MODEL AND SOLUTION APPROACH

This section presents the mathematical model and the so-
lution approach to solve the flight allocation problem which
is based on Hierarchical Clustering and Simulated Annealing
(HCSA).

A. Algorithm architecture

In the first stage, flights in F' are grouped into clusters based
on their pairwise interaction: any pair of flights whose inter-
action exceeds a predefined threshold is considered as linked.
These interactions represent potential conflicts or coordination
requirements—not actual conflicts. This process results in a set
of clusters S C 2F, where each cluster contains flights that
should ideally be managed by the same controller to reduce
coordination between controllers.

In the second stage, the clusters in S are assigned to
the controllers in C' in a way that balances workload while
respecting the cardinality constraint on C. This stage does
not alter the composition of the clusters but aims to group
them efficiently, ensuring a fair and operationally feasible
distribution among controllers.

The next two subsections provide a detailed description of
each stage of the approach.

B. Hierarchical clustering

Hierarchical clustering is a widely used unsupervised learn-
ing technique that aims to build a hierarchy of nested groups
based on the similarity between elements. Unlike partitioning
methods such as k-means, hierarchical clustering does not
require the number of clusters to be specified in advance,
and it produces a tree-like structure called a dendrogram that
allows for flexible exploration of the data at different levels
of granularity. The approach can be either agglomerative,
where clusters are formed by successively merging the most
similar pairs of groups, or divisive, where the entire dataset is
recursively split into smaller clusters [14].

In this study, we propose the use of hierarchical clustering to
identify subgroups of flights that are in potential conflict. The
goal is to construct clusters of flights that exhibit significant
interaction, such that each cluster can be assigned to a single
air traffic controller to minimize coordination needs.

To quantify the interaction between flights, we rely on a
complexity metric that captures the degree of potential conflict
or coordination required. The stronger the interaction between
two flights, the more closely they are considered to be related
within the clustering process, and thus, the more likely they
are to be grouped together.

Let 7 denote a predefined interaction threshold. During
the clustering process, only links between flight pairs with
interaction values exceeding 7 are considered meaningful.
This thresholding allows us to control the granularity of the
resulting clusters: a high value of 7 leads to smaller, more
tightly coupled clusters, while a lower value permits larger
groupings of flights with weaker interactions.

By applying agglomerative hierarchical clustering using this
threshold-based similarity measure, we generate a structured

partition of the set of flights, where each cluster is a candidate
for assignment to a controller in the subsequent stage of the
method.

The pseudo code of the hierarchical clustering is given in
Algorithm 1.

Algorithm 1 Hierarchical clustering

Require: 7 > 0
S« {{fl}’ {f2}7 ) {fn}}
b < True
while b do
b < False
Sbesl,17 8best,2 — null
Z'max (_ T
for k=0tok=|C|—1do
for j=k+1toj=1C|do
s; < Slj]
ir,; < interaction(sg, s;)
if 95 ; > ™ then
b < True
sbest,l — Sk
sbest72 — Sj
end if
end for
end for
if b then
sbesnl — Sbest,l U sbest,2
S« S \ Sbest,2
end if
end while
return S

Figure 3 shows an example of hierarchical clustering. In this
example, flight O is in strong interaction (i.e., close to being in
conflict) with flight 1, and similarly, flight 2 strongly interacts
with flight 3. If the interaction threshold 7 is set to a high
value (e.g., 7 > 5 ), the hierarchical clustering yields three
distinct clusters: one composed of flights 0 and 1, another of
flights 2 and 3, and a third consisting solely of flight 4, which
does not interact with any other flight.

As the threshold 7 is decreased, weaker interactions are
progressively taken into account. In particular, due to a weak
interaction between flights 1 and 3, the first two clusters
may eventually merge into a single group when 7 becomes
sufficiently low. Flight 4, which exhibits no interaction with
any other flight, remains isolated and only joins the other
flights when 7 = 0, at which point all flights are merged
into a single cluster.

C. Simulated Annealing

After clustering flights that should be assigned to the same
controller, the second step consists in allocating these clusters
to the available controllers. The objective of this step is to
balance the workload across all controllers while respecting
operational constraints. We formulate this assignment as an
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(a) Traffic situation.
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Figure 3. Example of flight hierarchical clustering.

optimization problem, where the goal is to minimize workload
imbalance. To solve this problem, we adopt a simulated
annealing approach. The Simulated Annealing (SA) algorithm,
was originally introduced by Kirkpatrick e al. [11]. Inspired
by the physical annealing process of materials, SA draws an
analogy from metallurgy, where a solid is first heated to a
high temperature and then slowly cooled in order to reach a
low-energy crystalline state [1].

A key feature of Simulated Annealing is its ability to accept
solutions that worsen the objective function, enabling broader
exploration of the solution space. At high temperatures, the
algorithm is more likely to accept such deteriorating transi-
tions, which helps avoid local optima. As the temperature T’
gradually decreases, only transitions that improve or slightly
degrade the objective are accepted. At the limit as 7T ap-
proaches zero, the algorithm becomes increasingly selective,
ultimately behaving like a Monte Carlo method that accepts
only improving solutions.

The SA algorithm follows these main steps:

« Initialization: Set an initial temperature 7" and generate
an initial solution.
« Cooling loop:
— Evaluate the objective function for the current solu-
tion, denoted ;;
— Generate a neighboring solution;

— Evaluate its objective function, y;;

- If y; < y; accept the new solution. Otherwise,

Yi — Y5 \.

7 )

— Update the temperature according to a cooling sched-
ule.

accept it with a probability p = exp (

o Termination: The algorithm stops when the temperature

reaches a predefined low threshold.

1) State space: The state space is defined by a decision
vector representing the assignment of clusters to controllers.
Let z.s € {0,1} denote a binary decision variable equal to
1 if cluster s € S is assigned to controller ¢ € C, and 0
otherwise:

Ze,s €4{0,1},Vee C,Vs € S. (D

Since each cluster must be assigned to exactly one con-
troller, the decision can equivalently be represented by a vector
of size |S|, where each element corresponds to a cluster and
stores the index of the controller to which it is assigned. This
compact representation is used as the state in the simulated
annealing algorithm. An illustration of this vector with 8
clusters and 4 controllers is given in Figure 4.

S|
Figure 4. Example of solution with 8 clusters and 4 controllers.

2) Neighborhood: In this study, the neighborhood operator
consists in randomly selecting a cluster and randomly change
the assigned controller. An example of an allocation change
is given in Figure 5.

Figure 5. Allocation change: Cluster 4 was assigned to controller 2, and
Cluster 4 has now been assigned to controller 4.

3) Objective function: The workload associated with a
cluster reflects both its size and its internal complexity. It
is defined as the sum of two components: the number of
flights contained in the cluster, and the cumulative interaction
between pairs of flights within the cluster. More formally, for
a given cluster s € S, the workload wg is defined as follows:

Ws = Ng + Z g(iflva)’ )
(f1.f2)€s?

where ng is the number of flights in the cluster s and g
is a scoring function that maps interaction values to integer
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workload contributions (to be compared to a number of
flights). The function g is designed to reflect the operational
burden associated with managing interacting flights: Higher
interaction levels yield higher scores. This formulation allows
the workload to capture not only the number of flights, but
also the degree of coordination or monitoring effort required
by the controller.

The workload w, of a controller ¢ can therefore be defined
as follows:

We = Zws *Le,s- 3
sES
Finally, the objective function integrates two competing
goals: balancing the workload among controllers, and promot-
ing spatial coherence by avoiding the assignment of distant
clusters to the same controller. The objective function is
therefore defined as follows:

>

(C1 ,CQ)ECZ

+a Z Z Z Z dfy o " Teysy " Teysas

51€S 5268\ {s1} f1E€s1 f2€52

‘w51 = We, ‘

“)

where dy, ¢, is the mean distance between f; and fo
during this time period and a > 0 is a weighting parameter
that governs the trade-off between balancing workload and
maintaining spatial coherence in the controller assignment.

D. Post processing: minimization of allocation changes

The final stage of the allocation process aims to minimize
deviations from the previous assignment. To achieve this
objective, each controller is preferably assigned to the cluster
that is most similar to the one it was responsible for in
the previous allocation. This is equivalent to minimizing the
following function:

SN lwey — 2, (5)

ceC feF

where xlcaj} indicates whether flight f was assigned to

controller ¢ in the previous time step, and .,y denotes whether
flight f is currently assigned to controller c.

IV. RESULTS

This section presents the results of the proposed approach.
We first compare the performance across different threshold
values, followed by a comparison with the previously devel-
oped method [9].

A. Case study

We propose to test our algorithm on the Brest control center
in France on June 1, 2023 for which 1634 aircraft trajectories
have been simulated from flight plans (see Figure 6).

In all simulations, the allocations are updated every 20
minutes. The computer used for the experiments is equipped
with an Intel Core-i9 processor, with 64 Go RAM. The
algorithm was implemented in Java.
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Figure 6. Brest airspace trajectories.

In this study, we conducted two distinct experiments. First,
we analyzed how the results vary with different interaction
threshold values. Then, we compared our approach with our-
previous work based on a MILP model [9]. In all simulations,
the number of controllers is fixed at 15 for each time step.

B. Comparison with different threshold values
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Figure 7. Impact of the threshold value 7 on the number of flights per
controller throughout the day.
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Figure 8. Impact of the threshold value 7 on the number of flights per
controller throughout the day.

The parameter 7, which defines the threshold for merging
clusters, has a significant impact on both the number of
flights per controller and the resulting traffic complexity (see
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Figure 9. Impact of threshold value 7 on flight volume and complexity per controller (10:20-10:40).

Figures 7 and 8). When 7 is low, nearly all clusters are
merged regardless of their level of interaction, leading to a
high number of flights assigned to individual controllers and,
consequently, increased complexity. As 7 increases, merging
becomes more selective, resulting in a lower maximum number
of flights per controller and a more balanced distribution of
workload. At the highest value of 7 (60), interactions are
no longer considered, and the algorithm focuses solely on
balancing the number of flights per controller.

An example of flight allocation with varying 7 values
between 10:20 and 10:40 is shown in Figure 9. The figure con-
firms our previous findings: when 7 is set to zero, a significant
imbalance between controllers is observed, with Controller
0 managing 19 flights simultaneously, resulting in a high
complexity level. As 7 increases, this imbalance is reduced,
and the maximum number of flights assigned to any controller
is limited to 10. At very high 7 values, the flight distribution
becomes almost perfectly balanced. However, this balance
comes with the trade-off of potentially assigning interacting
flights to different controllers. A threshold value of 7 = 20
was selected as it provides a reasonable compromise between
these two effects. This choice is supported by empirical obser-
vations showing that it minimizes cross-controller interactions
while keeping the workload variance low across controllers.
Although a more systematic, quantitative sensitivity analysis
of 7 could be conducted in the future, the present results
suggest that the method remains stable within a broad range of
threshold values, confirming the robustness of the allocation
process.

C. Comparison with MILP approach

In our previous work [9], we developed a MILP model
which minimizes the interaction of flights assigned to different
controllers. This section shows the comparison with the new
proposed approach. The first comparison to consider is the
computation time. The new approach enables allocation up-
dates in under 3 seconds, and in most cases, under one second.
This is significantly faster than the 30 seconds required for
the MILP resolution. The second comparison focuses on the
number of flights per controller and their respective workload.
Taking the example in Figure 10, we observe a significant
imbalance in both the number of flights per controller and
the associated complexity, which is more pronounced than
with the new allocation method using a 7 threshold of 20,
for instance. Indeed, the maximum number of flights reaches
14 (compared to 10 with HCSA using 7 = 20), and the peak
of complexity is nearly twice as high.

Figures 11 and 12 compare the HCSA and MILP approaches
in terms of the maximum number of flights per controller and
the maximum complexity per controller, respectively. The first
figure shows that, throughout the day, the HCSA approach
consistently results in a lower maximum number of flights per
controller compared to the MILP solution. Similarly, in terms
of complexity, the HCSA approach yields lower values for
most of the day, indicating a more balanced and less demand-
ing workload for controllers. Overall, the proposed method
demonstrates its ability to efficiently group interacting flights
under the same controller, while keeping individual workload
and complexity to a minimum—an essential requirement for
integration into real-world air traffic management systems.
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Beyond its conceptual soundness, the method also proves to
be superior to the MILP-based model in both computational
and operational terms. From a computational perspective, it
achieves comparable or even improved allocation quality with
significantly reduced computation times, making it suitable
for real-time or tactical applications where rapid updates are
critical. From an operational standpoint, the method produces
fairer and more realistic controller assignments, ensuring an
equitable distribution of workload while maintaining coherent
groupings of interacting flights. This balance between effi-
ciency, fairness, and realism highlights its strong potential for
integration into next-generation, flight-centric air traffic control
environments, where adaptability and responsiveness are key
performance drivers.
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V. CONCLUSION

This study addressed the problem of flight allocation within
a flight-centric air traffic management framework. We pro-
posed a novel approach that combines hierarchical clus-
tering—to group interacting flights—and Simulated Anneal-
ing—to minimize workload imbalance among controllers. The
method was tested in a realistic traffic scenario over the Brest
airspace in France. Results demonstrate that the proposed ap-
proach is not only significantly more computationally efficient
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Figure 12. The difference in maximum complexity per controller between
HCSA and MILP.

than existing methods but also better aligned with operational
constraints and requirements.

A point that deserves attention concerns the sensitivity of
the proposed approach to the chosen interaction measure. In
this work, a specific complexity-based metric was used to
quantify the degree of interaction between flights and to guide
the clustering process. This metric captures both spatial and
temporal proximity, making it suitable for identifying groups
of interdependent trajectories. However, as rightly pointed out,
the resulting allocations may depend on the underlying defi-
nition of interaction. A systematic analysis of how alternative
measures might influence the clustering outcomes was beyond
the scope of this study, but represents a promising direction
for future work. Such an investigation would help assess the
robustness of the proposed method and identify the most
appropriate interaction formulations for different operational
contexts.

Moreover, while the experiments focused on a single control
center (Brest), future work will aim to extend the analysis
to different airspaces and traffic densities in order to further
assess the robustness and generalizability of the proposed
approach.

An avenue for enhancing the proposed approach is to
incorporate controller actions directly into the optimization
process. A promising direction would be to link the allocation
algorithm with a conflict detection and resolution (CD&R)
module. By integrating real-time conflict data, the model could
dynamically adjust assignments based not only on spatial prox-
imity and traffic complexity, but also on anticipated controller
interventions required to resolve specific conflicts. The work
paves the way for the development of an automatic allocation
system within the flight-centric concept.
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