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Abstract—Dynamic Airspace Sectorization (DAS) is a key en-
abler for a sustainable future of Air Traffic Management (ATM).
It allows the continuous adaptation of airspace boundaries to
changing traffic, weather, and operational constraints. In con-
trast to existing fully automated DAS optimization approaches,
this article argues for a human–AI collaborative approach
that balances automation with human agency. A human-in-
the-loop optimization framework with corresponding Human-
Machine Interface is proposed based on the Covariance Matrix
Adaptation Evolution Strategy (CMA-ES). By integrating inter-
active and preference-guided search, the system allows airspace
designers to steer evolutionary optimization while it learns from
labeled human preferences in real time. The work presented
in this paper represents an ongoing research prototype that
explores how human operators can meaningfully participate in
and guide the optimization process, illustrating the potential of
interactive approaches for DAS and similar optimization con-
texts. Future work will focus on conducting human-in-the-loop
experiments using NAV Portugal operational experts to study
how operators interact with the system, evaluate interaction
efficiency, acceptance, and understanding, and benchmark the
quality of the resulting sectorization solutions against state-of-
the-art algorithmic approaches.

Keywords—dynamic airspace sectorization; human-in-the-
loop optimization; human-machine interface

I. INTRODUCTION

Dynamic airspace sectorization (DAS) can be fundamen-
tally framed as an optimization problem in which sector
boundaries must be continuously adapted in response to
evolving traffic patterns, operational demands, and external
constraints [1]–[4]. The need for adaptive sectorization ca-
pabilities is further intensified by emerging operational chal-
lenges that demand increased flexibility in airspace design.

Climate adaptation and environmental considerations are
becoming increasingly relevant, requiring support for the
avoidance of contrail-sensitive areas, re-routing around shift-
ing jet streams, and improved weather avoidance strategies in
the context of climate change [5]. In parallel, human resource
and communication constraints are reshaping operational re-
quirements. Sector reconfiguration can help mitigate predicted
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controller shortages [6] by redistributing workload more
effectively and can accommodate evolving communication
infrastructures such as satellite-based VHF systems [7], where
the availability of radio frequencies and channels is limited.

The main DAS objective is to generate sector configu-
rations that remain geometrically manageable, operationally
intuitive, and well suited for controller oversight while ensur-
ing safe and efficient traffic handling. Within this framework,
much of the existing literature and current practice in dynamic
sectorization has focused predominantly on fully automated
optimization approaches that aim to compute optimal sec-
tor configurations with minimal or no human participation
(see [8] for an overview). While such methods can achieve
mathematically efficient solutions, they often neglect the
importance of human judgment, contextual interpretation,
and operational nuance that are essential in safety-critical
environments such as Air Traffic Management (ATM). In
practice, sector configurations must remain transparent, ex-
plainable, and adaptable to situational factors that may not
be fully captured in formal optimization models. Airspace
designers require insight into why a particular sectorization
is proposed, how constraints are satisfied or violated, and how
adjustments affect air traffic controller (ATCO) taskload and
coordination. The limited integration of human interaction in
existing optimization-driven approaches therefore represents
a significant gap: without meaningful human involvement and
transparency, even technically optimal solutions may lack
operational acceptability or trust [9]. Addressing this gap
requires interactive sectorization methods that allow airspace
designers to remain actively engaged in the optimization pro-
cess, combining computational efficiency with explainability
and human-centered control.

The main contribution of this work is the development
and implementation of a human-in-the-loop optimization
framework with Human–Machine Interface (HMI) that enable
meaningful human participation in the DAS optimization
process while maintaining transparency of the underlying
optimization and domain-relevant constraints. The interface
allows operators to explore candidate sectorizations, under-
stand trade-offs between competing objectives, and guide
the search toward more operationally acceptable solutions.
This human-in-the-loop approach aligns with broader EASA
and European regulatory principles on trustworthy human–AI
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collaboration by ensuring transparency [10], meaningful hu-
man oversight [11], and shared responsibility in safety-critical
decision-making.

II. BACKGROUND

A. Dynamic Airspace Sectorization

Within DAS, generally two competing objectives must be
jointly optimized. First, sectors should be configured so that
the predicted ATCO taskload is evenly distributed, typically
expressed by minimizing the standard deviation of taskload
across sectors to ensure balanced cognitive demand and
sustainable operational performance. Second, the number of
inter-sector hand-offs must be minimized, as each transfer
of aircraft between sectors introduces coordination workload
and potential complexity; reducing hand-offs promotes more
continuous, unfragmented airspace structures. These two ob-
jectives are inherently competing because achieving a more
balanced workload often requires splitting traffic flows across
multiple sectors, which can increase the number of sector
boundary crossings and thus coordination demands. Effective
dynamic sectorization therefore requires carefully balancing
workload equity and coordination efficiency, using flexible
boundary design mechanisms to adapt sector geometry while
maintaining operationally acceptable.

In addition to the two competing objectives, candidate
sectorizations must satisfy a set of geometric and procedural
constraints [1]–[3]:

• Minimum route segment length: Routes within a sector
must not be subdivided into very short segments, as these
cause excessive controller handovers and communication
workload.

• Intersection avoidance near boundaries: Route intersec-
tions should not occur too close to sector boundaries
to prevent coordination issues and to maintain situation
awareness.

• Sector size and shape: Each sector must be large enough
to maintain safe separation minima and small enough to
manage complexity efficiently.

• Connectivity and continuity: Sectors must remain con-
tiguous and without holes; disconnected regions are
operationally infeasible.

B. Related work

DAS has been extensively studied as a complex optimiza-
tion problem using a wide range of algorithmic approaches to
automatically generate sector configurations under geometric,
traffic, and coordination constraints. A recent publication [8]
provides a comprehensive overview of the various optimiza-
tion techniques studied in this domain.

In general, Voronoi tessellation has frequently been adopted
as a geometric foundation for sector design due to its ability
to generate convex and contiguous regions that are compu-
tationally efficient to manipulate [1], [2], [4]. By adjusting
generator points, Voronoi-based methods enable flexible adap-
tation of sector boundaries while preserving structural valid-
ity, and they have been used both as standalone sectorization
mechanisms and as components within larger optimization
frameworks.

Mixed-integer linear programming (MILP) formulations
have also been applied to the sectorization problem [12], [13],
enabling explicit representation of workload balancing, sector
connectivity, and coordination constraints. These approaches
provide mathematically rigorous optimization guarantees but
often suffer from scalability challenges as problem size and
constraint complexity increase. To address computational
limitations and explore larger solution spaces, heuristic and
metaheuristic methods such as genetic algorithms [14], evolu-
tionary strategies [15] and hybrid approaches [16] have been
widely investigated. These techniques can generate diverse
candidate sectorizations and approximate near-optimal solu-
tions, particularly in dynamic or stochastic traffic scenarios.

Clustering-based techniques constitute another important
class of approaches, where traffic flows, waypoints, or
airspace regions are grouped according to similarity in work-
load or spatial proximity. Methods based on k-means, spectral
clustering, DBSCAN and graph partitioning have been used
to derive sector boundaries that balance traffic demand while
preserving flow continuity [17], [18].

While these algorithmic approaches have significantly ad-
vanced automated sectorization capabilities, most existing
work emphasizes fully automated optimization, with com-
paratively limited attention given to interactive, human-in-
the-loop sector design and explainability in safety-critical
operational contexts.

III. HUMAN-IN-THE-LOOP OPTIMIZATION

This section introduces the proposed human-in-the-loop
optimization framework, beginning with an overview of the
underlying mathematical models, followed by a description of
the human–machine interface and its interaction modalities.

A. Airspace and Voronoi-based sectorization

The airspace under consideration is modeled as a bounded
two-dimensional spatial domain Ω ⊂ R2 in which aircraft
follow planned trajectories over time. Let A = {1, . . . , N}
denote the set of aircraft present within a given planning
horizon. Each aircraft i ∈ A is associated with a continuous
trajectory

γi : [t
in
i , touti ]→ Ω, (1)

where γi(t) gives the spatial position of aircraft i at time
t, and tini and touti denote its planned entry and exit times
from the considered airspace. Trajectories may consist of
piecewise-linear route segments connecting waypoints, re-
flecting standard flight planning structures. The aggregate
set of trajectories defines the spatio-temporal traffic demand
within Ω and forms the basis for estimating controller
taskload and coordination complexity.

DAS consists of partitioning Ω into K operational sectors
such that workload is balanced and coordination requirements
remain manageable over time. Controller workload within a
sector arises from monitoring aircraft, managing conflicts, and
performing inter-sector coordination, and can be estimated as
a function of the number of aircraft, trajectory interactions,
and sector boundary crossings occurring within that region
over time.
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Figure 1. Airspace Voronoi tessellation.

To represent sector geometry in a form suitable for opti-
mization and interaction, Voronoi tessellation is adopted as
the underlying spatial model (see Figure 1). This representa-
tion naturally produces convex polygonal regions that align
with common operational and geometric requirements for
airspace sectors ( [1], [2]). Let d denote the spatial dimension
(typically d = 2). The optimization variable is the stacked
vector of Voronoi center coordinates

x ∈ Rn, n = Kd, x = [c⊤1 , c
⊤
2 , . . . , c

⊤
K ]⊤, (2)

where each ck ∈ Rd represents the spatial position of sector
center k. The Voronoi tessellation induced by these centers
partitions the airspace according to nearest-center proximity:

Vk =
{
p ∈ Rd : ∥p− ck∥ ≤ ∥p− cj∥, ∀j ̸= k

}
. (3)

Each operational sector is defined as Sk = Vk ∩ Ω, ensur-
ing complete coverage of the airspace through convex and
contiguous regions.

This formulation is particularly well suited for human-in-
the-loop optimization. Because sector geometry is fully deter-
mined by a small set of generator points, human operators can
intuitively manipulate sector configurations by repositioning
centers, immediately producing valid partitions without man-
ually redrawing boundaries. Convexity and spatial continuity
are preserved by construction, and incremental adjustments to
center positions produce predictable changes in sector shape,
workload distribution, and coordination structure. Combined
with efficient computational construction methods such as
Fortune’s sweep-line algorithm [19], Voronoi-based sector-
ization provides a transparent and computationally efficient
foundation for interactive optimization in which human judg-
ment and algorithmic search can be tightly integrated.

B. Sector taskload modeling

Given the set of trajectories {γi}, aircraft are assigned
dynamically to sectors according to their spatial position
over time. Sector entry and exit events occur at times when
a trajectory crosses sector boundaries, directly contributing

to coordination workload and inter-sector hand-offs. The
resulting sectorization therefore determines both the spatial
distribution of traffic-related taskload and the temporal struc-
ture of coordination demands across sectors.

Sector complexity is evaluated over discrete time steps
based on the distribution and dynamics of aircraft within each
sector. Let P(t) = {1, . . . , N(t)} denote the set of aircraft
present in the airspace at time t, where each aircraft i has
spatial position pi(t) ∈ Ω. Let {Sk}Kk=1 denote the set of
sector polygons.

For each sector Sk, define the set of aircraft currently inside
the sector:

Ik(t) = {i ∈ P(t) | pi(t) ∈ Sk}. (4)

The instantaneous number of aircraft within the sector is

Nk(t) = |Ik(t)|. (5)

Sector entries and exits are computed by comparing the
current set of aircraft with the previous time step:

Ek(t) = |Ik(t) \ Ik(t− 1)|, (6)
Xk(t) = |Ik(t− 1) \ Ik(t)|. (7)

Additional complexity contributions arise from internal route
crossings and conflict-related separation issues within the
sector:

Ck(t) = number of route crossings inside Sk, (8)
Fk(t) = number of conflict events inside Sk. (9)

The total instantaneous complexity score for sector k at
time t is then computed as a weighted sum [20]:

Γk(t) = wpNk(t)+wee

(
Ek(t)+Xk(t)

)
+wcCk(t)+wfFk(t),

(10)
where wp, wee, wc, and wf are tunable weighting coefficients
reflecting the relative contribution of aircraft count, coordina-
tion events, route crossings, and conflict-related workload to
perceived controller complexity.

For each time step t, the vector of sector complexities is
defined as

Γ(t) =
[
Γ1(t),Γ2(t), . . . ,ΓK(t)

]
. (11)

From this vector, aggregate workload indicators across all
sectors are computed to characterize the overall traffic man-
agement complexity at time t. The mean sector complexity
is given by

µ(t) =
1

K

K∑
k=1

Γk(t), (12)

and the corresponding standard deviation is

σ(t) =

√√√√ 1

K

K∑
k=1

(
Γk(t)− µ(t)

)2
. (13)

In addition, the minimum and maximum sector complexity
values are recorded as

Γmin(t) = min
k

Γk(t), (14)

Γmax(t) = max
k

Γk(t). (15)

3



Over a time horizon t ∈ [T0, T1], global indicators are
obtained by aggregating across all time steps. The overall
mean and standard deviation are computed from the flattened
set of complexity values,

µall =
1

K T

T1∑
t=T0

K∑
k=1

Γk(t), (16)

σall =

√√√√ 1

K T

T1∑
t=T0

K∑
k=1

(
Γk(t)− µall

)2
, (17)

where T = T1−T0 +1. The global minimum and maximum
complexity values across all sectors and time steps are

Γall
min = min

t,k
Γk(t), (18)

Γall
max = max

t,k
Γk(t). (19)

Finally, the total number of inter-sector hand-offs over the
considered time horizon is given by

Htot =

T1∑
t=T0

K∑
k=1

(
Ek(t) +Xk(t)

)
, (20)

providing a direct measure of coordination workload induced
by the sectorization.

C. Multi-objective CMA-ES

Two competing operational objectives are optimized within
the proposed sectorization framework. The first objective
promotes balanced controller workload across sectors by
minimizing the dispersion of sector complexity values over
time. Using the previously defined sector complexity Γk(t),
the time-averaged complexity per sector is

Γk(x) =
1

T

T1∑
t=T0

Γk(t;x), (21)

where x denotes the vector of sector generator parameters
and T = T1 − T0 + 1 is the number of evaluated time steps.
The mean complexity across all sectors is

Γ(x) =
1

K

K∑
k=1

Γk(x), (22)

and workload balance is expressed through the standard
deviation of sector complexity:

f1(x) = σΓ(x) =

√√√√ 1

K

K∑
k=1

(
Γk(x)− Γ(x)

)2
. (23)

Minimizing f1(x) promotes an equitable distribution of con-
troller taskload across sectors.

The second objective captures coordination complexity
through the total number of inter-sector hand-offs:

f2(x) = Htot(x) =

T1∑
t=T0

K∑
k=1

(
Ek(t;x) +Xk(t;x)

)
, (24)

where Ek(t) and Xk(t) denote aircraft entries and exits for
sector k at time t. Lower values of f2(x) correspond to

more continuous sector structures and reduced coordination
workload between controllers.

Because these objectives are generally conflicting, a
stochastic scalarization approach converts the multi-objective
problem into a sequence of single-objective optimization
problems [21]. At each optimization run, a random scalar-
ization weight is sampled,

u ∼ U(0, 1), w(t) =

[
u

1− u

]
, (25)

and the resulting scalarized objective becomes

J (t)(x) = w
(t)
1

f1(x)

s1
+ w

(t)
2

f2(x)

s2
, (26)

where s1 and s2 are normalization constants. Varying the
scalarization weights across runs enables exploration of dif-
ferent trade-offs between balanced sector complexity and
reduced coordination workload.

Here, optimization is performed using the Covariance
Matrix Adaptation Evolution Strategy (CMA-ES) [22], [23].
CMA-ES is a stochastic, derivative-free optimizer for con-
tinuous variables x ∈ Rn. At iteration t, a population of λ
candidate solutions is sampled from a multivariate normal
distribution

xt,i ∼ N (mt, σ2
tCt), i = 1, . . . , λ, (27)

where mt is the current mean estimate, σt the global step
size, and Ct the covariance matrix describing the search
distribution. After evaluation, the best µ candidates (µ ≤ λ)
are selected and recombined to update the mean:

mt+1 =

µ∑
i=1

ωi xt,i:λ,

µ∑
i=1

ωi = 1, ωi > 0, (28)

where ωi are positive recombination weights that determine
the relative influence of each selected candidate. The notation
xt,i:λ denotes the i-th best candidate after ranking all λ
samples. The covariance matrix and step size are subse-
quently adapted based on the distribution of successful search
steps, allowing the sampling distribution to progressively
concentrate around promising regions of the search space.
Through iterative sampling, evaluation, and adaptation of
(mt, σt,Ct), CMA-ES efficiently explores high-dimensional
continuous spaces and converges toward sector configurations
that optimize the defined performance objectives.

It is important to mention that CMA-ES assumes a station-
ary objective function to reliably adapt its search distribution
across generations. If the scalarization weights are changed
at every iteration, the effective objective function becomes
non-stationary. As a consequence, the optimizer attempts to
adapt its covariance matrix and step size to a constantly
shifting landscape, which disrupts the statistical information
accumulated from previous generations. This typically results
in unstable search behavior, slower convergence, or premature
convergence to suboptimal regions.

Note that DAS can in principle be addressed using a
variety of alternative multi-objective optimization techniques,
including evolutionary approaches such as NSGA-II [15],
multi-objective particle swarm optimization (MOPSO) [24],
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or other heuristic search methods that directly approximate
the Pareto frontier of trade-offs between workload balance
and coordination complexity. However, the present problem
is characterized by a continuous, high-dimensional decision
space in which small geometric changes to sector boundaries
can produce non-linear and non-smooth effects on complexity
metrics. CMA-ES is particularly well suited to such settings
because it adapts the full covariance structure of its sampling
distribution, enabling efficient exploration of correlated and
anisotropic search spaces without requiring gradient informa-
tion. This makes it robust to the non-convex and noisy ob-
jective landscape induced by discrete aircraft movements and
boundary-crossing events. Combined with stochastic scalar-
ization to explore different trade-offs between objectives,
which can be intuitively interpreted by humans, CMA-ES
provides an effective and flexible optimization backbone for
interactive, human-in-the-loop dynamic sectorization.

D. Human-Machine Interface

The sectorization HMI is organized into three tightly cou-
pled views that support interactive and explainable sectoriza-
tion design, see Figure 2. The Environment view displays
the two-dimensional airspace, including airway structures,
current sector boundaries, Voronoi center locations, and visual
indicators of operational constraint violations such as route
crossings too close to sector borders or excessively short
route segments. Users can directly manipulate the sector-
ization by adding, removing, and dragging Voronoi centers
to reshape sectors in real time. For finer geometric control,
the interface also provides a “Polygon mode” that allows
direct manipulation of sector polygon vertices, enabling local
adjustments to resolve constraint violations or improve sector
alignment with traffic flows (see Figure 3). A time slider
further allows users to inspect predicted aircraft positions over
time, providing temporal context for sector performance and
constraint evaluation.

The Chart view presents predicted controller taskload
information. When a specific sector is selected, the chart
displays its predicted taskload evolution over time, includ-
ing potential violations of maximum workload thresholds.
During interactive manipulation of sectors—either through
repositioning Voronoi centers or directly adjusting polygon
vertices—the predicted taskload chart updates in real time,
providing immediate feedback on the operational impact of
geometric changes. If no sector is selected, the chart instead
shows a stacked bar representation of taskload across all
sectors for the currently selected time step, providing a
system-wide overview of workload distribution and cross-
sector standard deviation.

The Pareto plot visualizes candidate sectorization solutions
generated by the CMA-ES optimization process in real time.
Each point in the plot represents a complete sectorization
configuration characterized by its workload balance and coor-
dination complexity metrics. As the optimization progresses,
the interface dynamically reveals the evolving solution set and
highlights the Pareto front, enabling users to inspect trade-offs
and select preferred Pareto-optimal configurations for further
refinement or evaluation.

E. Human-in-the-loop interaction and solution steering

A typical sectorization workflow begins by selecting the
number of Voronoi centers to correspond to the anticipated
number of available ATCOs within the considered time
horizon, thereby establishing the initial sector structure for
subsequent refinement and optimization.

Subsequently, the operator iteratively refines the sector con-
figuration to achieve a well-balanced distribution of taskload
while maintaining operational feasibility. Initial Voronoi cen-
ter positions can be adjusted manually or through the opti-
mization process to reduce workload imbalances and mini-
mize excessive inter-sector hand-offs. For the latter, a typical
workflow would be as depicted in Figure 4:

1) Start optimization: By pressing the ‘play’ button, one
can observe CMA-ES generate solutions and dynam-
ically draw the Pareto front. During CMA-ES opti-
mization, the changing sectorization topology can be
observed in the Environment.

2) Inspect sectorization solutions: The optimization pro-
cess can be stopped at any time or automatically stops
when solutions do not change over at least 10 genera-
tions. Hovering the mouse cursor over solutions reveals
the objectives trade-off and weights. Clicking a Pareto
point will display the corresponding sectorization con-
figuration in the Environment. Users can nudge or refine
solutions manually by dragging Voronoi centers.

3) Steer optimization: By right clicking a Pareto point,
a drop-down menu opens enabling CMA-ES to be
restarted from the layout corresponding to that Pareto
point.

4) Restart: Restarting CMA-ES will generate new solu-
tions around the selected sectorization configurations.

Restarting the optimization from a configuration replaces
the CMA-ES mean vector mt with the chosen Voronoi
center vector, thereby centering subsequent search around
the user-approved sectorization. Alternatively, user-provided
sector centers can be injected directly to override or bias
the search distribution, either by fully redefining mt or by
blending the current mean with human-proposed centers using
a convex combination. This interactive mechanism allows the
algorithm to retain its adaptive exploration capabilities while
incorporating expert judgment, enabling iterative refinement
of sectorization solutions that remain both computationally
efficient and operationally aligned with human expectations.

IV. HUMAN PREFERENCE META-LEARNER

Beyond direct human interaction mechanisms such as
freezing the optimization, revising sectorizations, selecting
Pareto-optimal solutions, or restarting the search from user-
defined configurations, the human operator can also provide
explicit qualitative feedback by labeling generated sectoriza-
tions as preferred or to be avoided (see Figure 4). These
binary annotations constitute an additional optimization signal
that complements the intrinsic performance objectives (e.g.
workload balance or hand-off minimization) and can be
incorporated as a learned preference-based target shaping the
search process. Rather than replacing the base objective, such
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Figure 2. HMI for airspace sectorization. Demo available at: https://github.com/clarkborst/ATMSectorization

Figure 3. Polygon edit mode, allowing direct manipulation of sector
polygon vertices.

feedback augments it, allowing the optimizer to progressively
align with human operational intent while preserving its
ability to explore novel configurations.

Let x ∈ R2n denote the vectorized coordinates of n
Voronoi centers defining a candidate sectorization layout,
where each pair of entries represents the spatial coordinates
of one center and therefore the full vector uniquely specifies
a complete airspace partition. At generation t, the optimizer
evaluates an intrinsic task-specific cost J(x) representing
operational metrics such as workload imbalance, coordination
complexity, or predicted controller taskload dispersion. In
parallel, the human feedback module computes a real-time
preference reward R(x, t) derived from labeled sectorizations.
The combined scalarized objective guiding optimization is

F (x, t) = J(x)− α(t)R(x, t), (29)

1

2

3

4

Figure 4. Human-in-the-loop interaction and solution steering.
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where F (x, t) is the augmented objective minimized by
CMA-ES, R(x, t) is the learned preference reward represent-
ing the degree of human approval, and α(t) ≥ 0 is a time-
dependent weighting factor controlling how strongly human
guidance influences the search. In CMA-ES this objective
is minimized directly, while in genetic algorithms the same
expression may be interpreted as a maximized fitness. The
preference reward combines continuous kernel-based influ-
ence from labeled samples and optional relational preference
comparisons.

Each labeled configuration xi is associated with a human
label yi ∈ {+1,−1}, where +1 indicates a preferred config-
uration and −1 indicates a configuration to be avoided. Every
labeled sample induces a Gaussian kernel in the configuration
space, producing a smooth reward field:

Rkernel(x) =
1

Z

∑
i

yi exp

[
−∥x− xi∥2

2σ2

]
, (30)

where ∥x−xi∥ denotes Euclidean distance between the cur-
rent configuration and labeled sample i, σ is the kernel width
controlling spatial influence of each sample, and Z is a nor-
malization constant ensuring bounded reward magnitude. The
exponential kernel produces positive reward near preferred
samples and negative reward near rejected samples, yielding
a smooth landscape that biases exploration toward human-
aligned regions while preserving continuity. Optionally, each
contribution may be multiplied by a temporal decay factor
e−(t−ti)/τ , where ti is the labeling time and τ controls how
quickly older feedback becomes less influential.

The influence of human feedback can be gradually in-
creased through a ramp-up schedule:

α(t) = αmin + (αmax − αmin)

(
t

Tmax

)γ

, (31)

where αmin and αmax define minimum and maximum pref-
erence influence, Tmax is the total number of generations,
and γ > 1 produces a nonlinear ease-in schedule. Early
iterations emphasize exploration of the intrinsic objective J ,
whereas later iterations increasingly exploit regions aligned
with human preferences.

To further enhance adaptability, the meta-learner adjusts
its spatial sensitivity through online meta-learning of ker-
nel parameters. For a candidate configuration represented
by Voronoi centers x and a labeled sample (xi, yi), the
contribution of that sample is

ri(x) = yi exp

(
−D2(x,xi)

2σ2

)
, (32)

where D(x,xi) denotes the average Euclidean distance be-
tween corresponding centers and σ is the kernel width con-
trolling spatial generalization. The normalized kernel reward
becomes

Rkernel(x) =

∑
i ri(x)∑

i exp
(
−D2(x,xi)

2σ2

) , (33)

ensuring bounded and scale-consistent reward magnitude be-
tween [−1, 1]. To adapt σ automatically, the system evaluates

consistency of recent feedback. Let the most recent k labeled
samples be {(xt, yt)}Tt=T−k with labels yt ∈ {+1,−1}. The
consistency metric is

κ =
1

k − 1

T∑
i=T−k+1

yiyi−1 exp

(
−D2(xi,xi−1)

2σ2

)
, (34)

where κ > 0 indicates consistent preferences in nearby
regions and κ < 0 indicates contradictory feedback. The
kernel width adapts according to

σ ←

{
σ(1− ζ), if κ > 0,

σ(1 + 0.5ζ), if κ ≤ 0,
(35)

where ζ is a small meta-learning rate. Consistent feedback
narrows the spatial generalization to focus on local refinement
(exploitation), whereas inconsistent feedback broadens spatial
generalization (exploration). The overall preference influence
weight may also adapt:

ω ← ω(1 + βmax(0, κ)), (36)

where β controls how strongly consistent feedback increases
global human influence.

Human preferences can be interpreted as shaping a reward
landscape over the continuous space of sector generator
parameters. In particular, user preferences can be directly
mapped to preferred Voronoi center locations using Equation
(30), allowing the system to portray a spatial reward field
within the Environment that reflects desirable regions of the
solution space (see Figure 5). This reward landscape high-
lights configurations that better align with human judgment,
operational intuition, and constraint satisfaction. As a result,
the optimization process can be guided toward these regions,
with sampled sectorization solutions progressively drawn to-
ward areas of higher inferred reward areas shown in shades
of green. In this way, human feedback is translated into a
structured preference signal that informs and steers the search
process while preserving transparency and interpretability.

Finally, preferred solutions can be saved to and loaded from
a JSON file, enabling ATCOs to access their personal profiles
and/or retrieve favorable solutions from a shared database to
‘warm start’ the optimization process.

Reward: 0.754 

Figure 5. Human-preference reward landscape.
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V. SYSTEM INTEROPERABILITY

The current system already incorporates the embedded
multi-objective CMA-ES optimization engine and preference
learner that can generate and guide candidate sectorizations
and support interactive exploration of trade-offs between com-
peting objectives. To facilitate integration with other external
tools and research platforms, the sectorization system has
been designed with an interoperability layer that supports
communication through lightweight JSON-based messaging.
This architecture enables external modules, optimization en-
gines, or visualization tools to interface with the system
using Python or any other programming language capable of
sending and receiving structured JSON messages.

The system itself is implemented as a browser-based
JavaScript/HTML application that serves as the pri-
mary human–machine interface. Interoperability is achieved
through a WebSocket-based communication layer that allows
bidirectional exchange of JSON messages between the in-
terface and external processes. The application listens on
port 8765 for incoming JSON messages and uses the same
channel to transmit responses back to connected external
modules. In this configuration, the JavaScript application
acts as the frontend client, while an external Python script
would typically function as the backend server responsible
for optimization, simulation, or data processing tasks.

Through this WebSocket connection, external Python pro-
cesses can send JSON-encoded commands to update sec-
tor geometries, display messages, trigger optimization steps,
or request specific visualizations within the interface. Con-
versely, the JavaScript application continuously monitors in-
coming messages, executes the corresponding actions, and
returns JSON-formatted reports containing sector configu-
rations, constraint violations, and workload metrics. This
bidirectional messaging framework enables synchronization
between the interactive interface and external computational
modules. The use of language-agnostic JSON messaging
and standard WebSocket communication ensures flexibility,
allowing researchers and developers to integrate the system
within diverse experimental pipelines, optimization frame-
works, or operational prototypes without dependency on a
specific software stack.

VI. OPERATIONAL USE CASE

Within the context of the AI4REALNET EU project, the
sectorization application has been developed using an op-
erationally motivated use case provided by NAV Portugal,
the Air Navigation Service Provider (ANSP) of Portugal.
The focus lies on the Santa Maria oceanic airspace, where
controllers face substantial coordination workload due to the
large geographical extent of the Flight Information Region
(FIR) and the characteristics of transatlantic traffic flows. In
addition to existing operational complexity, NAV Portugal
anticipates future challenges related to staffing constraints,
evolving communication infrastructures, and environmental
considerations. In particular, expected shortages in available
ATCOs require sector configurations that can flexibly adapt
to reduced staffing levels while maintaining safe and balanced

workload distributions. At the same time, environmental ob-
jectives such as the avoidance of contrail-sensitive regions
and improved weather and climate adaptation strategies are
becoming increasingly important.

Current reliance on high-frequency (HF) communication
in oceanic airspace introduces further operational limitations
due to noise, latency, and vulnerability to atmospheric dis-
turbances. As part of modernization efforts, NAV Portugal is
exploring the transition toward satellite-based VHF commu-
nication to improve reliability and clarity. However, satellite-
based VHF introduces its own constraints, including limited
communication channels that may restrict how sectors can be
configured and managed. These combined factors motivate
the need for advanced sectorization support tools capable
of exploring the impact of staffing levels, communication
limitations, and environmental constraints on airspace design.

The proposed sectorization assistant enables exploratory
analysis of such scenarios by allowing users to perform inter-
active “what-if” investigations as illustrated in Figure 6. The
system accepts planned flight trajectories as input, including
entry times into the FIR and route waypoints, together with
FIR boundary definitions. Users can introduce disturbances
in the form of static polygonal regions representing areas
to be avoided, such as contrail-sensitive zones, regions with
limited satellite-based VHF coverage, and/or weather-related
perturbations. Once disturbances are defined, an integrated
any-angle pathfinding algorithm based on Theta* [25] auto-
matically re-plans affected trajectories to avoid these regions
while maintaining feasible and shortest-path routing to avoid
excessive flight delays.

The resulting changes in traffic patterns may significantly
alter spatial and temporal workload distributions, thereby re-
quiring revised sectorization strategies. By coupling trajectory
replanning with interactive sector design and optimization,
the application allows airspace designers to visually assess
the operational consequences of different scenarios. Users can
evaluate predicted taskload per sector, cross-sector workload
balance, and coordination workload in real time, enabling
informed decision-making about sector configurations under
evolving staffing, environmental, and communication con-
straints.

VII. FUTURE WORK AND OUTLOOK

The current sectorization system represents an initial fully
integrated research prototype aimed at demonstrating the
feasibility and value of human participation in DAS through
a shared human–algorithm design framework. A central goal
of the developed system is to establish a common ground for
sectorization in which both human operators and optimization
algorithms operate under the same action-relevant constraints
and performance metrics. Within this shared environment,
humans can either manually construct suitable sectorizations
or be supported by algorithmic optimization methods, while
retaining full transparency over constraint satisfaction and
operational trade-offs. By ensuring that both human and
computational agents have access to and can perceive the
same work domain and constraint structures, the system
enables seamless collaboration and informed co-adaptation
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Santa Maria FIR Zoom in on area of interest Show wind field to identify problematic areas

Paint static obstacle(s) to mark area to be avoidedTheta* reroutes flight plans to avoid blocked area

CTRL + left 
mouse click

Revise 
sectorization

Figure 6. Operational use case for the Santa Maria FIR. Wind data are loaded as speed vectors at discrete spatial locations and visualized as
a vector field, where arrows indicate wind direction and magnitude while color coding represents wind speed intensity.

between manual design and automated optimization. Future
work will focus on evaluating and extending this collaborative
approach in close cooperation with operational stakeholders
while maintaining the mathematical foundations that underpin
the system.

A primary next step is the execution of a structured human-
in-the-loop evaluation with operational experts from NAV
Portugal. These experiments will assess system usability,
operator acceptance, and the practical viability of meaningful
human participation in the optimization process. In particular,
the evaluation will examine how effectively airspace design-
ers and supervisors can interact with the system, interpret
optimization trade-offs, and guide sectorization toward oper-
ationally acceptable solutions.

Beyond performance outcomes, a central focus will be on
understanding how human users adapt and refine algorithm-
generated sectorizations, and whether recurring adjustment
patterns reveal tacit operational knowledge not explicitly
captured in the current objective functions. For instance,
operators may consistently align sector boundaries with dom-
inant traffic flows to minimize coordination effort, or avoid
geometrically optimal configurations that appear fragile under
minor traffic perturbations.

In addition to geometric considerations, explicitly incor-
porating ATCo assignment to sectors offers a mechanism
for capturing such tacit knowledge. By enabling users to
associate controller expertise levels with individual poly-
gons, the system can record implicit judgments about sector
complexity that are otherwise difficult to formalize. These
annotations provide insight into how practitioners balance
workload against human capability, thereby bridging the gap
between quantitative optimization metrics and operational

reasoning. Over time, this information could be leveraged to
inform human-aware optimization models or to learn map-
pings between sector characteristics and required controller
expertise.

By logging and analyzing these interaction patterns, the
study aims to identify consistent human strategies that can
inform future extensions of the optimization framework. Fur-
thermore, the evaluation will investigate whether the interface
supports exploratory what-if analyses, enabling NAV Portugal
to anticipate and prepare for evolving operational conditions,
such as changes in staffing levels, communication infrastruc-
tures, and environmental constraints. Finally, the study will
assess whether active human involvement enhances trust in,
and acceptance of, algorithmic recommendations.

From a technical perspective, future development will
extend the current two-dimensional sectorization model to-
ward a three-dimensional representation of the airspace.
This includes incorporating altitude as an explicit design
dimension by modeling sectors as stacked vertical layers
covering specified flight level ranges [15], [26], [27]. Such
an extension will enable more realistic representation of
operational sector structures and allow exploration of vertical
sectorization strategies alongside horizontal boundary adjust-
ments. While the introduction of richer and more realistic
flight trajectories and operational data will increase fidelity,
the underlying mathematical modeling of sector complexity,
workload balancing, and optimization over continuous sector
parameters remains valid and directly extensible to these
enhanced scenarios.

Finally, the system will be expanded to support richer data
integration from external operational sources. Planned en-
hancements include the incorporation of meteorological data,
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higher-fidelity flight plan and trajectory prediction models,
controller staffing schedules, and communication infrastruc-
ture constraints. Integrating these data sources will enable
more realistic simulation of operational conditions and allow
sectorization proposals to be evaluated against a broader
set of constraints and uncertainties. By combining human-
centered interaction, advanced optimization, and integrated
operational data, the envisioned system aims to evolve into
a comprehensive decision-support environment for exploring
and designing future airspace sectorization concepts.
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