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Abstract—As the Air Traffic Management (ATM) landscape
evolves with increasing traffic demand and emerging users,
accurate short-term forecasting of air traffic complexity becomes
more important in the development of next-generation airspace
system. This paper proposes a new Temporal Residual Recurrent
Neural Network (TR-RNN) architecture designed to capture
the non-linear temporal dynamics of sector complexity. Using a
dataset from the Madrid Area Control Center (ACC) comprising
over 2 million rows of state vectors, we benchmark the TR-RNN
against state-of-the-art tree-based ensemble methods (Random
Forest, XGBoost, LightGBM). Our results reveal a performance
crossover: while tree-based models benefit from static sector
constraints at longer horizons (15-60 minutes), the proposed
TR-RNN significantly outperforms them in the short term
(5-10 minutes) by effectively modeling the momentum of traffic
complexity changes with only univariate information. With sub-
millisecond inference latency, the TR-RNN demonstrates the
potential for integration into real-time digital assistants and
automated conflict detection tools.
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Recurrent Neural Networks; Machine Learning

I. INTRODUCTION

Air traffic controllers (ATCO) are facing heightened pres-
sure from increasing traffic volumes, adverse weather pat-
terns, and emerging airspace users. To mitigate these chal-
lenges, SESAR’s “Dynamic Airspace Configuration” (DAC)
has been identified as a vital tool for optimizing capacity and
reducing delays [1]]. As a cornerstone of both the Airspace
Architecture Study and the SMARTS project [2], DAC’s
success relies on the development of more precise air traffic
complexity definition as the proxy of ATCO workload to
support future demand-capacity balancing.

Historically, ATM has relied on simplistic metrics, such as
aircraft occupancy counts, to approximate ATCO workload.
However, contemporary research suggests that “sector count”
fails to capture the latent complexity of converging trajecto-
ries, speed differentials, and weather-induced rerouting [3-5]].
While the shift from workload to complexity metrics pro-
vides deeper operational insights, a research gap remains:
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while many studies define what complexity is, few provide a
framework for how to estimate it effectively using large scale
historical data.

This paper addresses this gap by introducing a methodology
for short-term complexity estimation. We frame the challenge
as both a scalar regression problem and a time-series pre-
diction task proposing a new variant of Recurrent Neural
Network (RNN) architectures called temporal residual RNN
(TR-RNN). By benchmarking these approaches, we establish
a performance baseline for data-driven complexity estimation
that accounts for the fluid nature of modern airspace.

The proposed methodology is designed for integration into
real-time conflict detection tools and digital assistants for air
traffic assignment, which also suitable for real time DAC
task. By applying advanced data-driven techniques, this work
offers a scalable tool for managing the inherent disorder of
modern traffic flows, particularly in the context of flexible
sector selections.

It is important to distinguish between two operationally
different prediction regimes that this work addresses. Long-
horizon forecasts (15-60 minutes) support strategic de-
mand—capacity balancing and DAC, where airspace is re-
configured on timescales of tens of minutes to an hour.
Short-horizon forecasts (5—10 minutes), by contrast, are not
intended to drive sector reconfiguration; rather, they target
tactical decision support — flagging imminent complexity
build-up to assist conflict detection. They additionally enable
rapid what-if evaluation across candidate configurations in
a DAC context, where the complexity of many overlapping
sector options must be assessed near-instantaneously. The
two regimes therefore call for different models and impose
different requirements: the short-horizon task prioritises high
update frequency and low latency, while the long-horizon
task prioritises stability over an extended forecast window.
As a concrete example, a forecast complexity spike in a given
sector within the next 5-10 minutes could trigger an advisory
in a controller’s digital assistant, drawing attention to a sector
where converging trajectories are about to elevate workload
before the situation is visually apparent on the radar display.
This earlier salience supports proactive rather than reactive
conflict management.

The remainder of this paper is organized as follows:



Section [ reviews related work, and Section introduces
the complexity metric validated by ATCO practitioners. Sec-
tion outlines the problem formulation and mathematical
framework. In Section [V] we present a case study of the
Madrid Area Control Center (ACC) airspace and detail the
experimental setup. Finally, Section [VI| discusses the results,
followed by concluding remarks in Section

II. LITERATURE REVIEW

In recent years, research has pivoted from the traffic volume
to the influence of traffic types. Consequently, the emphasis
has shifted from simply measuring occupancy or entry counts,
to evaluating the complexity of the traffic. Early efforts by
Gianazza [6] utilized feed-forward neural networks to forecast
workload based on historical sector operations, operating
on the assumption that sector configuration changes serve
as a proxy for ATCO stress levels. Djokic et al. [3] [7]
discovered that, rather than relying solely on aircraft count,
communication load, specifically frequency occupancy time
and average radio duration, served as significant contributions
of the controllers’ subjective workload ratings.

Pérez Moreno et al. [8] have aimed to calculate the sector
complexity based on the nature of its flows. The proposed
methodology first performs a statistical analysis of individual
flight plan data to assess air traffic flows and determine the
complexity of the ATC sector. In addition, a machine learning
approach is incorporated to create a dynamic framework. This
led to a fairly accurate classification of the sectors based on
their complexity.

Further advancements have introduced objective, flow-
based indicators. Pérez Moreno et al. [9] address the limi-
tations of subjective complexity metrics by developing a dy-
namic indicator that characterizes Air Traffic Control sectors
based on the objective behavior of air traffic flows. Their
methodology employs a chain of Random Forest algorithms
to predict specific operational variables, such as flight tra-
jectories, regulations, and delays, which are subsequently
aggregated via a deterministic model to calculate the final
sector complexity level. Using graph neural network method
is an alternative approach for complexity metric calculation.
Li et al. [[10] proposed a multimodal adaptive spatio-temporal
graph neural network (MAST-GNN) framework, which uses
Graph Neural Networks (GNNs) to capture dependencies
across large-scale sectors with a rigid configuration.

Research on new complexity metrics for both terminal
airspace and en-route airspace is also emerging these years.
Delahaye et al. [5] proposes a new air traffic complexity
metric based on linear dynamical systems that quantifies the
intrinsic disorder of four-dimension trajectories by fitting a
local vector field to aircraft position and speed observations.
By analyzing the eigenvalues of the resulting system ma-
trix, the metric identifies traffic organization patterns such
as convergence and divergence while accounting for future
position uncertainties to accurately assess airspace conges-
tion and controller workload. Lim et al. [11]] introduces a
data-driven framework for objectively quantifying air traffic
complexity in the Terminal Maneuvering Area (TMA) by

applying unsupervised machine learning to historical ADS-
B data to analyze operational outcomes such as vectoring
and holding patterns. Chen et al. [12] presents a new air
traffic complexity assessment model that converts numerical
radar data into images and employs a deep metric learning
method based on Asymmetric distance, Aggregation loss,
and Edge hard loss (AAEDM) to mitigate class imbalance.
Yating et al. [[13]] developed a three-layer dynamic network
framework that integrates spatiotemporal flight distributions,
conflict interdependencies, and flow transmission patterns to
characterize complexity in the TMA.

Despite this advancement on air traffic complexity, three
primary limitations persist in the current studies. First, most
research focuses on defining complexity metrics rather than
the predictive task of estimating those metrics from raw his-
torical data. Second, there is a lack of benchmarking between
traditional tree-based models and complex neural networks,
leaving the necessity of high-compute models unjustified.
Third, though sophisticated graph neural network model [10]]
is already proposed to address the air traffic complexity
prediction, it relies on stable configuration structure. While
in the context of DAC, air traffic complexity need to be
simulated for all possible sectors which might overlapped
with each other, rigid network structure on configuration level
is not a viable assumption for DAC. This work specifically
addresses these gaps by performing a configuration-agnostic
benchmarking study suitable for the DAC environment.

III. COMPLEXITY METRIC

Within the framework of Air Traffic Complexity Manage-
ment (ATCM), complexity is defined as a multidimensional
construct that extends beyond simple aircraft counts. It char-
acterizes the difficulty an Air Traffic Controller (ATCO) faces
in maintaining safe and efficient operations under varying
traffic conditions. In this study, we utilize the internal method-
ology developed by CRIDA to quantify the complexity of
operational sectors, providing a more granular estimate of
controller workload than traditional traffic counts metrics.

The complexity metric is implemented via the COMETA
tool (Cognitive Model for the assessment of the workload
of ATCO), a computerized model developed by CRIDA for
ENAIRE and extensively applied in the SESAR program [4,
14]. Central to COMETA is the eCOMMET algorithm, which
evaluates traffic demand by identifying and quantifying spe-
cific complexity factors for each flight. The algorithm operates
on a 5-minute calculation window with a 1-minute shift,
assigning a complexity value to each sector. A core innovation
of eCOMMET is the concept of the equivalent flight, which
modulates the contribution of each individual aircraft to the
total complexity based on its operational characteristics and
interaction with other flights. Formally, the total complexity
(CPLXtq1) is defined as:

CPLX;otq = CPLXpgse +a-NSF +b- EVOL
4+c-SFI+d-MIL+e¢-OCE (1)

Where the parameters and their respective weighting factors
(a, b, c,d,e) include:



o Base Complexity (CPLXp,s.): A baseline value rep-
resenting the minimum management effort required for
any flight entering the sector.

« Non-Standard Flow (NNSF): Complexity assigned to
flights operating outside standard flows, which are less
familiar to the ATCO.

o Evolution (EVOL): Differentiates between aircraft in
level cruise and those ascending or descending, with
higher weight attributed to the latter.

o Standard Flow Interaction (SFI): The core com-
ponent of the model, accounting for interactions and
potential conflicts within the sector’s operational flow
structure.

o Military (MIL): Additional complexity derived from
the atypical nature of military operations.

¢ Oceanic (OCE): Complexity related to transoceanic
flights, whose performance profiles in initial phases are
often more constrained.

By calibrating these factors, a sector with an actual oc-
cupancy of 20 flights may result in a complexity value
equivalent to 18 or 23 “equivalent flights” depending on
the traffic mix. This yields a metric on the same scale as
occupancy, facilitating an intuitive understanding of workload
and enabling the use of standard capacity thresholds, such as
the Peak and Sustained Capacity limits [2} |15].

This methodology has been consistently employed by
CRIDA in recent years across various sectorizations, includ-
ing real-world volumetries and experimental designs. As a
result of these applications, a comprehensive dataset has been
consolidated, mapping diverse traffic samples to their corre-
sponding complexity values. This wealth of data provides
a robust foundation for training machine learning models
capable of learning these complex non-linear relationships.
In the present work, we leverage this dataset to generate
short-term complexity forecasts. Such predictions are vital
for Trajectory Based Operations (TBO) and highly automated
contexts, where dynamic traffic assignment and virtual con-
troller assistants require proactive assessments of complexity
to prevent sector overloads before they occur.

Among the diverse complexity formulations surveyed in
Section II, we adopt the eCOMMET algorithm for three
reasons. First, unlike many indicators that remain at the
conceptual or single-study stage, eCOMMET has undergone
experimental validation against controller-perceived work-
load [4]], grounding the metric in observed ATCO behaviour
rather than purely geometric or statistical proxies. Second, it
has been operationally adopted by ENAIRE through CRIDA
and applied across multiple SESAR exercises [4, |14]], pro-
viding both institutional maturity and a consolidated multi-
scenario dataset suitable for data-driven modelling. Third, the
equivalent-flight construct expresses complexity on the same
scale as occupancy count, which preserves interpretability for
practitioners and allows direct reuse of established Peak and
Sustained Capacity thresholds [2| [15]. This combination of
validation, operational adoption, and interpretability makes it
a pragmatic choice for a forecasting study oriented toward
real-world ANSP integration.

IV. METHODOLOGY
A. Scalar regression problem

To investigate the nature of air traffic complexity predic-
tion, we first formulate it as a baseline scalar regression prob-
lem. We develop a general model trained across all sectors in
the catalog, where for any sector s at time ¢, the model takes
as input the sector-specific features X; € R and predicts the
aggregated complexity ys (¢t + At) = CPLX (s, t + At) at
future time horizons At € {5,10,15,30,60} minutes. This
baseline approach treats each sector prediction independently
without modeling spatial dependencies between sectors, en-
abling us to establish predictive accuracy benchmarks and
conduct feature importance analysis to understand the funda-
mental characteristics of the prediction task. Let s denote a
specific sector and F be the set of all flights passing through
sector s during the analysis period. For each flight f € Fi,
we define:

1) tgn, técxz The entry and exit times of flight f in sector s.

2) FL/  FL/: The flight level (altitude) of flight f at entry

and exit points.

3) Vi: The geometric volume of sector s (in km?®).

We classify the motion of each flight f based on its altitude
change across the sector. A threshold of § = 20 FL (Flight
Levels) is used to distinguish vertical phases from level flight,
as agreed by ATCO. The flight type is defined as:

climb, if FL{ —FL{ > ¢
descent, if FL! —FL{ < -6 (2
otherwise

type(f) =

cruise,
The set of active flights in sector s at time ¢ is:

A ) ={feF |tl <t<tl (3)

The total occupancy count at time ¢ is:
OCC(t) = [As(1)] S
We decompose the occupancy into three flight phases:
OCCI™(t) = [{f € As(t) | type(f) = climb}|  (5)
OCC™™(t) = [{f € As(t) | type(f) = descent}|  (6)
OCCT™(t) = |{f € As(t) | type(f) = cruise}| ~ (7)

To normalize for varying sector sizes, we define traffic
densities as:

, OCC’(t)

3 t — S
ps( ) ‘/s ’
where OCC¥®(t) = OCC,(t).

To preserve the cyclical continuity of hourly patterns (e.g.,
23:00 is close to 00:00), we apply sine-cosine encoding:

i € {total, climb, descent, cruise} (8)

hain(t) = sin (W) ©)
B 27 - hour(t)
heos(t) = cos (24 ) (10)

where hour(t) is the hour of day (0-23) at time ¢. With
the static feature sector volume Vs and the autoregres-
sive feature ys(t — 1), the input feature vector X{ €



TABLE 1. Taxonomy of the 14 input features by category.
Current-state features describe the instantaneous traffic pic-
ture at prediction time; autoregressive features encode short-
term momentum from the preceding step.

Feature Description Type
OCCtotal(¢) Total occupancy count ~ CS
OCCelimb (1) Climbing occupancy CS
OCCdescent (1) Descending occupancy CS
OCCeruise(t) Cruising occupancy CS
ptotal(t) Total traffic density CS
pclimb (1) Climbing density CS
pdescent () Descending density CS
peruise () Cruising density CS
hgin (t) Hour-of-day (sine) CS
heos (t) Hour-of-day (cosine) CS
Day of Week Categorical day index CS
Vs Sector volume CS
ys(t—1) Previous complexity AR
OCCs(t —1) Previous occupancy AR

CS = current-state, AR = autoregressive.

R' comprises: (i) occupancy counts OCCL(t) for i €
{total, climb, descent, cruise}; (ii) normalized traffic densities
pi(t) for the same phases; (iii) temporal encodings hgin (t)
and hcos(t) and Day of Week; (iv) sector volume V; and
(v) the autoregressive term yq(t — 1) and OCC,(t — 1).
We intentionally include both raw counts and normalized
densities despite their correlation to allow the model to
learn their relative importance through feature analysis, which
serves our investigative objective.

The feature set deliberately combines two categories of
information:

Current-state features — the occupancy counts OCC(t),
normalised densities p’(t), temporal encodings, and sector
volume V; — describe the instantaneous traffic picture avail-
able to the controller at the moment of prediction.

Autoregressive features — ys(t — 1) and OCCy(t — 1) -
supply short-term momentum by encoding the immediately
preceding complexity and occupancy. This separation is in-
tentional and central to our investigative aim: by exposing the
model to both the static snapshot and the recent trajectory,
the subsequent feature-importance analysis (Section
can reveal which category the tree-based models actually rely
on. As the results show, the dominance of the autoregressive
term over all current-state features is itself the key diagnostic
finding, motivating the sequence-based TR-RNN.

Three tree-based models are investigated in this study,
included Random Forest [16], XGBoost [17]], and Light-
GBM [18]. All tree-based models use 100 estimators; gradient
boosting methods use a learning rate of 0.1.

B. Temporal Residual Recurrent Neural Networks (TR-RNN)

In contrast to the scalar regression approach, which treats
each time step as an independent prediction from a static
feature vector, we propose a TR-RNN to explicitly model
the temporal dynamics of air traffic complexity. Rather than
relying on the hand-crafted feature set X{ € R!, this

approach operates on the univariate complexity time series
alone, allowing the model to learn relevant temporal patterns
directly from the sequential structure of the data, and to test if
temporal dynamics alone can outperform static state features.
Unlike Residual Networks (ResNet) [19]] that utilize skip con-
nections to improve gradient flow across layers, our Temporal
Residual approach reformulates the regression target to model
the complexity change — essentially its derivative — over time.

Ags(t, At) +

FC Layer (w, b)

gu(t + A1)

max(0, -)

Residual Link:

Galt—w+D o 52 Current State ys(t)

Figure 1: Architecture of the proposed TR-RNN.

1) Input Representation: For a given sector s, we construct
a sliding window of w consecutive complexity observations.
The input to the model at time ¢ is:

Z:=[ys(t—w+1), ys(t —w+2), ..., ys(t)]" € RW*!
(11)
where ys(7) = CPLXou (s, 7). Windows are constructed

within each (sector, day) pair to prevent information leakage
across sector or day boundaries.

2) Residual Formulation: Instead of predicting the abso-
lute future complexity ys(¢ + At) directly, we formulate the
prediction target as the residual change:

Ay (t, At) = ys(t + At) — ys(t) (12)

The absolute prediction is then reconstructed as:
Gs(t + A1) = max (0, ys(0) + Ap(t,A)) - (13)

where the non-negativity constraint ensures physically mean-
ingful predictions. This residual formulation encourages the
model to focus on predicting the change in complexity rather
than its absolute level, which can improve learning stability
particularly when the complexity signal exhibits varying
baselines across sectors.

3) Architecture: We consider two recurrent architectures:
Long Short-Term Memory (LSTM) [20] and Gated Recurrent
Unit (GRU) [21]]. Both models consist of a stacked RNN
encoder with L layers and hidden dimension h, followed by
a fully connected output layer. For the detailed network struc-
ture of LSTM/GRU modules, please refer to the references.
Given the input sequence Z;, the model computes:

by’ =RNNO (h B V), =1, L (14)
Ag(t, At) = wTh{) 4+ b (15)



where h%L) is the final hidden state of the last layer at the
end of the sequence, and w € R" b e R are the parameters
of the output layer. Dropout is applied between RNN layers
for regularization when L > 1.

4) Scaling: Since the input (absolute complexity) and
target (residual complexity) occupy different value ranges,
we apply separate standardization. Let px,ox and piay, oay
denote the means and standard deviations estimated from the
training set for the input and residual target, respectively. The
input sequence is scaled as:

_ o ye(T) —pux (16)

and the residual target as:

Ays (t7 At) — HAy
OAy

Ay, (t, At) = (17)

At inference, predicted residuals are inverse-transformed be-
fore reconstruction of the absolute complexity.

5) Loss Function: We train the model using the Huber
loss [22]:

3(8y - 83)

(505

56(&% ANg)): if ’&/*szlga

— %6) , otherwise

(18)
with 6 = 1.0. The Huber loss provides robustness to out-
liers compared to standard MSE, which is beneficial given
the heavy-tailed distribution of complexity changes during
unusual traffic situations. The model is optimized using
Adam [23]] with weight decay A\ = 10~ for L regularization,
and gradient norms are clipped to 1.0 to stabilize training. A
ReduceLROnPlateau scheduler halves the learning rate
after 5 epochs without improvement in validation loss, and
early stopping with a patience of 10 epochs is applied to
prevent overfitting.

V. CASE STUDY

A. Data Description

The dataset used in this study is sourced from the Madrid
Area Control Center (ACC) as part of the SMARTS project
validation exercise [2, 24|]. The data spans 12 high-traffic
days selected by operational practitioners between June 1%
and July 8", 2023, covering the primary operational window
from 07:00 to 23:00 CET.

The dataset accounts for four distinct sector catalogs cor-
responding to varied operational scenarios, such as week-
day/weekend and morning/afternoon configurations. Each
scenario comprises approximately 230 sectors. To illustrate
the scale of the data, the observation period for June 1% alone
recorded more than 38,000 flights within the area of interest.
In total, 2,132,904 rows of state-vector data were extracted
for this analysis, providing a high-resolution foundation for
complexity modeling.
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Figure 2: Distribution of aggregated complexity across all

sectors and time intervals.

B. Exploratory Data Analysis (EDA)

Prior to model development, we performed an exploratory
data analysis (EDA) to characterize the statistical properties
and temporal dynamics of the complexity metric.

Figure [] illustrates the distribution of aggregated com-
plexity across all observed sectors. The histogram reveals
a strongly right-skewed distribution (skewness = 2.35,
kurtosis = 6.66) with a median value of 2.9 and a mean
of 4.59 (0 = 5.63). Approximately 43.9% of all observations
fall below a complexity value of 2, while only 11.4% exceed
10, and a mere 3.4% exceed 20. This heavy-tailed behav-
ior underscores a significant challenge for forecasting: the
majority of sector—time intervals experience low complexity,
while the operationally critical high-complexity events, which
necessitate tactical interventions, are relatively rare. Because
high-complexity events are rare outliers, standard models tend
to under-predict them. By using a residual formulation with
Huber loss, the TR-RNN is less sensitive to the ‘noise’ of low-
complexity routine traffic and can focus its gradient updates
on the changes that lead to high-load situations.

Using the afternoon of June 1% as a representative case,
Figure [3] presents the temporal evolution of the mean aggre-
gated complexity. The mean complexity remains relatively
stable between 15:00 and 22:00 CET (oscillating between 5
and 7), before declining sharply after 21:00 CET as traffic
demand tapers off toward the end of the operational day.
Notably, the wide +10 band maintained throughout the peak
hours reflects substantial inter-sector variability. This suggests
that sector-level complexity is highly heterogeneous even
within the same time window, motivating the inclusion of both
sector-specific identifiers and cyclical time-of-day features in
our forecasting models.

C. Evaluation metrics

To assess the performance of our proposed models, we
employ two complementary regression metrics: the coefficient
of determination (R?) and Root Mean Squared Error (RMSE).
These metrics provide both relative and absolute measures of
prediction quality.
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Figure 3: Temporal evolution of mean aggregated complexity
(solid line) across all sectors, aggregated into 5-minute bins,
with the shaded region denoting +10.

Coefficient of Determination (R2): The R? score quantifies
the proportion of variance in the target variable explained by

the model: n A
> i (Wi — 4:i)?
> (v — 9)?
where y; represents the true complexity value, ¢; is the pre-
dicted value, ¥ is the mean of true values, and n is the number
of samples. An R? value of 1 indicates perfect prediction,
while values closer to 0 suggest the model performs no better
than a naive mean predictor. This metric is particularly useful
for comparing relative performance across different model
architectures.
Root Mean Squared Error (RMSE): RMSE provides an
absolute measure of prediction error in the original units of
aggregated complexity:

R*=1- (19)

RMSE = (20)

Unlike R2, RMSE penalizes larger errors more heavily due
to the quadratic term. In the context of Air Traffic Manage-
ment, a large underestimation of complexity is significantly
more hazardous than a series of minor fluctuations; therefore,
RMSE serves as a critical proxy for the model’s operational
reliability during peak traffic periods.

For model selection during the cross-validation phase, we
compute the average R? and RMSE across all K = 5 folds on
Dirain- The final model performance is reported using both
metrics evaluated on the held-out test set Dyqt.

D. Experiment setup

Given the temporal dependencies inherent in air traffic
flow management (ATFM) data, standard random shuffling
is inappropriate as it would introduce data leakage (i.e.,
using future information to predict the past). Therefore, we
employ a strictly chronological splitting strategy. The dataset
is comprised of N unique days, sorted chronologically: D =
{dy,da,...,dn}. We reserve the last two days of the dataset

for the final model evaluation (Test Set), while the preceding
N — 2 days are used for model training and hyperparameter
tuning (Training/CV Set).

Dtest = {deh dN} (21)
Dirain = {d1,da, ..., dn_2} (22)

This approach simulates a real-world operational scenario
where the model must predict future air traffic complexity
based solely on historical data.

To assess model stability and selection during the training
phase without overfitting, we utilize Time Series Cross-
Validation (also known as Rolling-Origin forecasting [25]))
with K =5 splits on Dy;.q;,,- Unlike standard K-Fold cross-
validation, Time Series Split ensures that the training set
always precedes the validation set in time. For the k-th split
(k€{1,...,K}), the data is partitioned such that:

1) Training indices (7}) and Validation indices (V) sat-

isfy strict temporal ordering: Vt € Ty, Vv € Vi : ¢t < v.

2) The training set size grows with each iteration, retaining

historical context.

All computational experiments were performed on a
workstation equipped with an AMD Ryzen Threadrip-
per 3990X 64-Core Processor operating at 2.9 GHz base
frequency (4.3 GHz boost) with 256 GB DDR4-3200
RAM. The implementation framework was developed in
Python, utilizing Torch [26] for neural network architecture
and scikit-learn for essential machine learning mod-
ules [27].

V1. RESULTS AND DISCUSSION
A. Baseline Tree-Based Performance

Table [[I] presents the predictive performance of three tree-
based ensemble models across five prediction horizons. While
all models achieve R? values exceeding 0.8, the absolute
RMSE values reveal limitations of this baseline approach.
Given that air traffic complexity typically ranges from O to 20,
RMSE values of 2.0-2.8 indicating that current-state features
alone provide limited predictive power.

Feature importance analysis (Figures [da] and [4b) reveals
the underlying cause of this limitation. Across both short-
term (5 minutes) and long-term (60 minutes) horizons, the
autoregressive term y,(¢ — 1) dominates feature importance
(0.7-1.0), while all other traffic and temporal features con-
tribute marginally. This extreme dependence on the previous
complexity value indicates that the model effectively learns a
simple persistence forecast rather than capturing the underly-
ing dynamics through current-state features.

The feature importance distribution remains remarkably
stable across prediction horizons, with only minor increases
in the relative contribution of current occupancy OCC;(t)
and sector volume V at the 60-minute horizon. Notably, the
decomposed occupancy by flight phase (OCCZ™, QCCdescent,
OCCS™¢) and their normalized densities (p’) show negligible
importance, suggesting that static snapshots of traffic compo-
sition fail to capture the temporal evolution of complexity.

These findings strongly suggest that air traffic complexity
prediction is inherently a time series forecasting problem



TABLE II. Baseline tree-based air traffic complexity predictive performance for different time horizon. Bold values indicate

the best performance per horizon.

Model 5 min 10 min 15 min 30 min 60 min
RMSE R?2 RMSE R?2 RMSE R2 RMSE R?2 RMSE R?
Random Forest  2.05 0.9 245 086 260 085 263 084 268 083
XGBoost 199 091 243 087 263 084 271 083 281 0.81
LightGBM 199 091 243 087 264 084 272 083 284 081
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Figure 4: Feature importance comparison between Random
Forest and XGBoost for short-term (5 min) and long-term
(60 min) complexity predictions.

requiring historical sequential patterns rather than instanta-
neous state features. The dominance of the autoregressive
term (y;—1) in the tree-based models confirms that complexity
is inherently path-dependent. Static snapshots fail to capture
the rate of traffic accumulation, which justifies the necessity
of the sequence modeling capability provided by the TR-
RNN.

B. Temporal Residual RNN Performance

Table summarizes the predictive performance of the
univariate RNN models across all forecast horizons. We
compare the baseline LSTM and GRU, which predict the
absolute future complexity with Mean Square Error (MSE)
loss directly, against their residual counterparts, which predict
the change in complexity Ay, (¢, At) with Huber Loss as
described in Section

Several observations emerge from these results. First, the
baseline LSTM and GRU achieve nearly identical perfor-
mance across all horizons, suggesting that the additional gat-
ing mechanism in LSTM provides no meaningful advantage
over GRU for this prediction task. Both architectures achieve
strong short-term accuracy (R? = 0.91 at 5 minutes) that
degrades progressively with the forecast horizon, declining to
R? = 0.73 at 60 minutes. This degradation is expected, as
longer horizons require the model to extrapolate further be-
yond the observed sequence, and the univariate input provides
no exogenous information about upcoming traffic events.

Second, the residual formulation yields a consistent im-
provement over the baseline at shorter horizons. At the 5-
minute horizon, Residual-LSTM reduces RMSE from 1.98 to
1.84 and improves R? from 0.91 to 0.92. This improvement
is attributable to the reformulation of the learning task: by
predicting the change rather than the absolute level, the model
avoids needing to reconstruct the baseline complexity from
the input sequence, focusing its capacity on modeling the
dynamics of change. Huber Loss’s capability on providing
robustness to outliers also shows in the accuracy improve-
ment.

Figure [5] shows the learning curve for the Residual-LSTM
model at the 5-minute horizon. Both training and test loss
converge smoothly, with no evidence of overfitting. The test
loss remains slightly below the training loss throughout,
which is a known artifact of dropout regularization being
active only during training.
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Figure 5: Training and test loss (Huber) for the Residual-
LSTM model at the 5-minute forecast horizon.

C. Comparative Analysis: Temporal Dynamics vs. Static In-
formation

For short-term prediction (5-10 minutes), the TR-RNN
structure demonstrates superior performance. Remarkably, the



TABLE III. Air traffic complexity predictive performance for different time horizons with univariate RNN architectures. Bold

values indicate the best performance per horizon.

Model 5 min 10 min 15 min 30 min 60 min
RMSE R?2 RMSE R2 RMSE R?2 RMSE R? RMSE R?
Baseline-LSTM 198 091 243 086 268 083 299 079 337 073
Baseline-GRU 198 091 243 086 267 08 298 079 337 073
TR-LSTM 1.84 092 237 087 264 084 298 079 337 073
TR-GRU 1.84 092 236 087 264 084 298 079 337 073

univariate TR-GRU (RMSE 1.84) outperforms the multivari-
ate XGBoost (RMSE 1.99) at the 5-minute horizon. This
result is significant because the TR-RNN relies solely on
the historical complexity sequence, whereas the tree-based
models have access to the full suite of traffic composition and
sector features. This suggests that in the short term, capturing
the temporal dynamics and momentum of complexity is more
valuable than accessing static snapshots of the sector state.
The TR-RNN effectively models the derivative of the traffic
flow, whereas the tree-based models struggle to look beyond
the most recent observation (y;_1).

However, for medium to long-term prediction (15-60
minutes), the trend reverses. The tree-based models maintain
better stability (RMSE 2.68 at 60 min) compared to the RNNs
(RMSE 3.37). This crossover is driven by the information
deficit in the univariate setting. As the forecast horizon
expands, historical dynamics become less predictive of future
states, and the model requires exogenous information (such as
sector volume constraints) to bound the prediction. The tree-
based models, despite their inability to model time, benefit
from these “static” features which act as physical constraints
on the prediction range.

3.50 —e— XGBoost
—s=— TR-GRU
3.25 Baseline-GRU

RMSE
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Forecast Horizon (min)

Figure 6: RMSE versus forecast horizon for the proposed
TR-GRU, the best-performing tree model (XGBoost), and the
Baseline-GRU.

Figure [0 visualises this regime change directly, plotting
RMSE against forecast horizon for the best model of each
family. The two curves intersect in the 10—15 minute region:
the univariate TR-GRU holds a clear advantage at the shortest
horizons, the models are effectively tied through the crossover
band, and the tree-based model’s access to exogenous static

features yields progressively greater stability thereafter.

These findings suggest that the limitation of the current
TR-RNN is not structural, but informational. Since the TR-
RNN outperforms tree-based models in the short term using
less information, it implies that the recurrent structure is
fundamentally better suited for this problem. Integrating the
additional traffic information (currently used by the tree mod-
els) into the TR-RNN would likely bridge the performance
gap at longer horizons. By allowing the RNN to model the
temporal evolution of these exogenous features—rather than
treating them as static inputs—a multivariate TR-RNN could
potentially combine the short-term dynamic accuracy of the
residual structure with the long-term stability provided by
traffic volume features.

D. Computational Efficiency and Real-Time Feasibility

To assess the practical applicability of the proposed models
for real-time air traffic complexity forecasting, we bench-
marked the inference latency of each trained model. The eval-
uation was conducted on a typical workstation environment
(as introduced in Section [V-D), measuring the average infer-
ence time per sample over 1,000 trials. We considered two
scenarios: single-sample inference (batch size = 1), simulating
a real-time streaming context, and batch inference (batch size
= 256), representing high-throughput offline processing.

Table [[V|summarizes the computational performance of the
five models.

TABLE IV. Comparison of Model Inference Latency (mil-
lisecond per Sample)

Model Single Batch
(ms) (ms)
TR-LSTM 0.28 0.005
TR-GRU 0.26 0.005
XGBoost 2.14 0.010
LightGBM 10.82 0.035
Random Forest  35.21 0.164

The results demonstrate a significant disparity in computa-
tional efficiency between the deep learning models (LSTM,
GRU) and the ensemble tree-based methods (Random Forest,
LightGBM). Notably, the RNNs achieved sub-millisecond
latency for single-sample predictions (= 0.26 — 0.28 ms),
making them exceptionally well-suited for high-frequency,
real-time decision support systems. This efficiency is likely
attributable to the optimized matrix operations in the un-
derlying PyTorch implementation, which effective leverage
Single Instruction, Multiple Data (SIMD) instructions or GPU
acceleration even at small batch sizes.



Among the tree-based models, XGBoost exhibited com-
petitive performance with a latency of approximately 2.14
ms, which is sufficient for most air traffic management
applications where updates occur on the order of minutes.
However, Random Forest was considerably slower (~ 35.21
ms per sample), likely due to the overhead of traversing
a large number of deep decision trees sequentially or with
limited parallelism during single-sample inference.

In the high-throughput scenario (batch size = 256), all mod-
els demonstrated excellent scalability. The TR-RNN models
achieved remarkable efficiency, with per-sample inference
times dropping to approximately 5 microseconds (0.005
ms). This represents a significant speedup over the tree-
based ensembles, although XGBoost remained competitive
at roughly 10 ps per sample. It is worth noting that the
Random Forest latency (35.21 ms) is likely due to the specific
implementation (CPU-bound tree traversal). While valid for
the experiment, compiled tree implementations (like Treelite)
could potentially narrow this gap.

VII. CONCLUSION

This study addressed the challenge of short-term air traffic
complexity forecasting to support real-time operation task
such as DAC and tactical conflict resolution. By bench-
marking traditional tree-based ensembles against a novel
Temporal Residual Recurrent Neural Network, we identified
distinct regimes where temporal dynamics and static structural
features respectively drive predictive performance.

Our results demonstrate that the proposed TR-RNN archi-
tecture, specifically the TR-GRU formulation, outperforms
tree-based baselines (XGBoost, Random Forest) in short-
term horizons (5 to 10 minutes). This superiority validates
our hypothesis that short-term complexity is path-dependent;
the recurrent architecture effectively captures the momentum
and derivative of traffic evolution that static snapshots fail
to represent. The residual learning formulation, coupled with
Huber loss, proved robust against the heavy-tailed distribution
of complexity data, allowing the model to focus on critical
operational changes rather than dominant low-complexity
baselines.

Conversely, for longer prediction horizons (15 to 60 min-
utes), tree-based models exhibited greater stability. Feature
importance analysis revealed that as the temporal influence
of the immediate past decays, the model must rely on exoge-
nous physical constraints—such as sector volume and occu-
pancy—to bound predictions. This highlights an informational
deficit in the univariate RNN approach rather than a structural
limitation.

From an operational perspective, the TR-RNN demon-
strated exceptional computational efficiency, achieving sub-
millisecond inference latencies suitable for real-time digital
assistants and high-frequency loop operations. This scalability
is essential for future DAC environments where complexity
must be simulated across thousands of potential sector com-
binations instantaneously.

Future work will focus on bridging the gap between dy-
namic learning and static constraints. The logical next step
is the development of a multivariate TR-RNN framework.

By integrating exogenous state features (sector volume, flight
phase distribution) into the recurrent structure, we aim to
combine the short-term accuracy of residual dynamics with
the long-term stability of physical traffic bounds. Addition-
ally, extending this temporal framework to capture spatial
information via GNN remains a promising avenue, provided
the graph structures can accommodate the specific topology
of dynamic airspace configuration.
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