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ABSTRACT

Characterizing pilot behavior during takeoff is a prerequi-
site for enabling adaptive interventions in aviation Intelli-
gent Tutoring Systems (ITS). Traditional High-Gain/Low-
Gain dichotomies are insufficient to capture the behavioral
diversity required for fine-grained learner modeling. This
paper presents an unsupervised learning pipeline applied to
multivariate time-series data collected from 12 pilots per-
forming A320 takeoffs in X-Plane, resulting in a dataset of
112 rotation sequences. Four temporal clustering methods
are evaluated during the rotation phase (S6): G-WVDTW,
Temporal-DEC, BiLSTM Autoencoder, and Transformer.
The two best-performing methods are subsequently vali-
dated on the ground roll (S5) and initial climb (S7) phases.
On S6, the BiLSTM suggests five algorithmically-derived be-
havioral groupings extending beyond the binary paradigm,
while the Transformer yields a duration-based separation.
Cross-phase validation further indicates that rotation phase
is the only segment that provides sufficiently rich and ex-
ploitable behavioral diversity for learner profiling, support-
ing a phase-specific rather than phase-agnostic approach to
takeoff profiling.
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1. INTRODUCTION

Intelligent Tutoring Systems (ITS) for aviation training re-
quire fine-grained learner models to provide personalized
feedback. However, existing characterizations of pilot con-
trol behavior are still largely based on the traditional High-
Gain/Low-Gain dichotomy [8]. This binary framework, orig-
inally derived from linear control theory, is insufficient to
represent behavioral diversity observed in real flight data.
Although the takeoff phase represents only about 2% of to-
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tal flight time, it accounts for roughly 13% of fatal accidents
worldwide [2], making it a priority phase for adaptive train-
ing interventions.

Prior work on data-driven pilot profiling has explored clus-
tering of flight recorder data for anomaly detection [7] and
non-parametric classification of pilot styles [5]. More di-
rectly relevant to ITS, Tato et al. [11, 12] demonstrated
that unsupervised methods can extract behavioral profiles
from simulator data to support adaptive coaching. However,
these studies were limited to one or two clustering methods
and did not systematically compare deep temporal archi-
tectures, nor evaluate the sensitivity of profile extraction to
takeoff phase selection.

This paper addresses these gaps with three methodological
contributions: (1) a systematic comparison of four temporal
clustering paradigms on 112 A320 rotation sequences from
12 pilots with varying expertise; (2) a cross-phase validation
on the ground roll (S5) and initial climb (S7) confirming
that behavioral diversity is phase-dependent; (3) an analy-
sis of the inductive biases of BiILSTM and Transformer au-
toencoders, with a discussion of their respective relevance
for future learner modeling in ITS. By bridging temporal
machine learning, human factors in aviation, and adaptive
educational systems, this work contributes to the interdisci-
plinary foundations of data-driven learner modeling.

2. DATA AND PREPROCESSING

2.1 Experimental Context

Data were collected using the X-Plane desktop flight simu-
lator configured for an Airbus A320 under standard condi-
tions. Twelve pilots across three expertise levels (5 experts,
3 licensed, 4 novices) performed multiple takeoffs, yielding
115 sequences for the ground roll (S5), 112 for the rotation
(S6), and 89 for the initial climb (S7) after quality filtering,.
Input variables were selected per phase to reflect the degrees
of freedom available to the pilot, ranging from 4 variables
for the highly constrained rotation phase (S6) to 12 for the
ground roll (S5) and 13 for the initial climb (S7).

2.2 Preprocessing Pipeline

For the rotation phase (S6), sequence lengths range from 18
to 81 timesteps (mean = 35.4, std = 10.3). Min-Max nor-
malization to [0, 1] was applied to the training set. Variable-
length sequences were zero-padded to the per-phase maxi-
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Figure 1: Methodology pipeline. Flight simulator data undergoes phase-specific preprocessing and temporal clustering via four
methods. The three deep methods are optimized with Optuna [1]. The optimal K is selected using internal clustering metrics.
Resulting profiles constitute a foundation for future ITS integration.

mum length (Tmax = 81 for S6) with binary masks to prevent
gradient contributions from padded timesteps. The dataset
was split 80/20 stratified by pilot identity (seed = 42) to
avoid data leakage across sequences from the same pilot.

2.3 Evaluation Metrics

In the absence of ground-truth behavioral labels, clustering
quality is assessed through three internal metrics and one
stability measure. The Silhouette score [6] S € [—1,1] mea-
sures the ratio of intra-cluster cohesion to inter-cluster sep-
aration; values above 0.5 indicate reasonable structure. The
Davies-Bouldin index (DB) [4] penalizes clusters that are dis-
persed or poorly separated; lower is better, with DB < 1.0
considered satisfactory. The Adjusted Rand Index (ARI)
measures assignment consistency across 50 independent runs
with random initializations; ARI > 0.8 indicates high repro-
ducibility. The optimal number of clusters K is selected by
maximizing the Silhouette score over K € {2,...,7}.

These internal metrics assess the geometric quality of the
partitions in latent space. They do not, by themselves,
establish that the discovered groupings are educationally
meaningful or instructionally actionable; such validation re-
quires future expert review and integration into an I'TS pro-
totype.

3. METHODS

Four temporal clustering methods are evaluated, spanning
three paradigms: distance-based, end-to-end deep, and
modular deep. We use the term cluster for algorithmically-
derived groupings and profile for their behavioral interpre-
tation.

3.1 G-WVDTW + K-medoids

A distance-based approach using variance-weighted Dy-
namic Time Warping [3] to compute pairwise sequence dis-
similarities across variables, with weights inversely propor-
tional to per-variable variance. K-medoids clustering is then
applied on the resulting n x n distance matrix. K-medoids
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was preferred over hierarchical or spectral alternatives for
its native compatibility with arbitrary precomputed distance
matrices, its robustness to outliers, and the interpretability
of medoids as actual representative sequences — a property
useful for downstream domain expert review.

3.2 Temporal-DEC

An end-to-end deep clustering framework adapting the Deep
Embedded Clustering objective [16] to time series via a BiL-
STM encoder. Representation learning and cluster assign-
ment are jointly optimized by minimizing a combined recon-
struction and KL-divergence loss.

3.3 BiLSTM Autoencoder + K-means

A modular pipeline separating representation learning from
clustering [10]. A bidirectional LSTM autoencoder with
temporal attention compresses each sequence into a fixed-
size latent vector; K-means is then applied in the latent
space. The bidirectional architecture captures both antici-
patory and reactive control patterns.

3.4 Transformer + K-means

A modular pipeline replacing the recurrent encoder with
a Transformer architecture [15] using sinusoidal positional
encoding. The encoder projects input sequences through
multi-head self-attention blocks into a latent vector; K-
means is applied in latent space. Hyperparameters for the
three deep methods were optimized with Optuna [1] (30 tri-
als) using a composite objective balancing ARI stability, Sil-
houette, and Davies-Bouldin.

4. RESULTS
4.1 Rotation Phase (S6)

Table 1 reports clustering performance across the four meth-
ods on the 112 rotation sequences. Modular deep ap-
proaches outperform both G-WVDTW and Temporal-DEC
on all metrics. G-WVDTW yields a weak Silhouette (0.383)
and insufficient stability (ARI = 0.866). Temporal-DEC



achieves intermediate results but remains below modular
approaches in cluster separation. Following the interpre-
tation scale of [6], BILSTM (S = 0.608) and Transformer
(S = 0.647) both fall in the “reasonable structure” range
(0.51-0.70).

Table 1: Clustering performance on the rotation phase (S6,
n=112).

Method K Sil.t+ DB] ARI
G-WVDTW + K-medoids 2 0.383 0.990 0.866
Temporal-DEC 3 0.530 0.562 1.000
BiLSTM + K-means 5 0.608 0.452 0.998
Transformer + K-means 2 0.647 0.469 1.000

The BiLSTM Silhouette is maximized at K = 2; however,
K =5 is retained as the optimal compromise: it maintains
a reasonable Silhouette (S = 0.608) while achieving the low-
est Davies-Bouldin index across all tested values of K (DB
= 0.452), indicating compact and well-separated clusters.
This K = 5 solution suggests five algorithmically-derived be-
havioral groupings distinguished by dynamic profile shape:
a progressive profile (CO, n = 26), high-gain inputs (C1,
n = 18), delayed pitch-up onset (C2, n = 28), oscillatory
corrections (C3, n = 23), and low-gain inputs (C4, n = 17).
C1 and C4 appear consistent with the High-Gain and Low-
Gain categories described in the literature [8]; CO, C2, and
C3 suggest intermediate profiles extending beyond the bi-
nary paradigm. These labels are assigned post-hoc by vi-
sual inspection. A preliminary review by a domain expert
confirmed the operational coherence of the five groupings
given the available data, though this does not constitute a
systematic validation of their educational or instructional
significance.

To better characterize the structure of the discovered pro-
files, we further examined their distribution across pilots
and expertise levels. The resulting patterns indicate that
the five clusters are shared across the cohort rather than
being confined to isolated individuals. The pilot-by-cluster
matrix nonetheless reveals mild pilot-specific tendencies in
a few clusters, such as a relative concentration of P13 and
P7 in C2 and of P11 in C4. These patterns should be in-
terpreted as partial skews within a broader multi-pilot dis-
tribution rather than as exclusive cluster ownership, while
the expertise distribution confirms that experts and novices
contribute to each cluster to varying degrees.

Figure 2 illustrates the dynamic shape differences underlying
these post-hoc labels. C1 exhibits the earliest and steepest
pitch stick input, producing the fastest pitch rate and the
shortest rotation, consistent with high-gain control. C4 dis-
plays the opposite pattern: low and delayed stick deflection,
slow pitch rate, and the longest rotation, consistent with
low-gain control. C2 shows a delayed onset of pitch-up de-
spite eventually reaching comparable angles, while C3 com-
bines an early stick input with intermediate dynamics. CO
occupies an intermediate position with a smooth, progres-
sive trajectory. Across all clusters, vind_kias evolves nearly
linearly, confirming that cluster separation is driven by con-
trol input dynamics rather than by airspeed differences.

Figures 3 and 4 provide a finer-grained view of how the
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discovered clusters are distributed across pilots and expertise
levels.

The Transformer (K = 2, S = 0.647, ARI = 1.000) yields a
different separation: the two clusters differ primarily in ro-
tation duration rather than dynamic shape, consistent with
the expected sensitivity of sinusoidal positional encoding to
absolute sequence position. At K = 5, the Transformer
produces a Silhouette of 0.603 but the five groups remain
organized along a continuous duration gradient rather than
exhibiting distinct behavioral modes.

Latent space analysis reveals that both architectures pro-
duce quasi-2D representations (PCA explains 99.7% and
99.8% of variance for BiLSTM and Transformer respec-
tively), but with fundamentally different geometries: a V-
shaped structure with discrete cluster positions for the Bil-
STM (separation by dynamic shape), versus a continuous
linear gradient for the Transformer (separation by dura-
tion). Expertise level does not drive cluster assignment in
either model; experts, licensed pilots, and novices are dis-
tributed across clusters, though this observation should be
interpreted cautiously given the small sample size (n = 12
pilots).

4.2 Cross-Phase Validation (S5, S7)

The two best-performing methods (BiLSTM and Trans-
former) were applied to S5 (115 sequences, 12 variables) and
S7 (89 sequences, 13 variables) to assess whether behavioral
diversity is phase-dependent. Results are reported in Table
2.

Table 2: Cross-phase validation results (BiLSTM and Trans-
former).

Segment Method K Si.T DBJ| ARI
S5 (Ground Roll) BiLSTM 2 0.568 0.629 0.992
Transformer 2 0.381 1.017 1.000
S7 (Initial Climb) BiLSTM 2 0.587 0.473 0.989
Transformer 2 0.760 0.394 1.000

Both methods converge to K = 2 on S5 and S7. On S5,
the BiLSTM suggests a 76.5%/23.5% split between stan-
dard and non-standard pitch input patterns, consistent with
the constrained Airbus nose-down procedure between 80
and 100 KIAS. The Transformer yields a weaker separation
(S =0.381, DB > 1.0), suggesting the duration-based bias is
less discriminative on longer, higher-dimensional sequences.
Neither method extracts exploitable stylistic diversity on S5.

On S7, the BiLSTM isolates a single atypical sequence
(n = 1/89, 98.9% in the nominal cluster), indicating near-
uniform behavior consistent with the highly standardized
initial climb procedure (flight director, V2 + 10 KIAS, gear
and flap retraction). The Transformer achieves the highest
Silhouette across all segments (S = 0.760), though driven
by duration rather than behavioral content: the divergence
between the two clusters appears only at the end of longer
sequences, with no difference in pilot inputs in the early
seconds. This confirms that on standardized phases, the
Transformer transitions from behavioral profiling toward
sequence-length anomaly detection.
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Figure 2: Mean denormalized trajectories (£10) of the four S6 variables across the five BILSTM clusters.

These results confirm that behavioral diversity is phase-
dependent: S5 and S7, being procedurally constrained, yield
binary structures without stylistic diversity. Only S6 pro-
duces a rich multi-cluster structure (K = 5) suitable for
further investigation as candidate learner profiles.

5. DISCUSSION
5.1 Inductive Biases and Method Selection

The performance gap between modular deep methods and
distance-based or end-to-end approaches suggests that sep-
arating representation learning from clustering appears ad-
vantageous on this small, high-dimensional flight dataset.
G-WVDTW, despite its interpretable distance metric, suf-
fers from the quadratic complexity of pairwise DTW com-
putation and produces coarse separations. Temporal-DEC’s
joint optimization may cause the clustering objective to in-
terfere with representation quality on limited data.

The contrasting behaviors of BiLSTM and Transformer re-
veal complementary inductive biases. The BiLSTM accumu-
lates sequential state across timesteps, naturally capturing
local dynamic transitions such as pitch rate oscillations and
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anticipatory stick movements. The Transformer’s sinusoidal
positional encoding embeds absolute temporal position into
every representation, making sequence duration a primary
discriminating factor. These biases are not defects but re-
flect different aspects of pilot behavior: the BiLSTM cap-
tures how the rotation is performed, while the Transformer
captures how long it takes.

5.2 Relevance for Learner Modeling in ITS
The five BiLSTM groupings constitute candidate profiles
whose operational coherence has been confirmed by a pre-
liminary domain expert review [11, 12], suggesting they cap-
ture recognizable piloting patterns rather than statistical ar-
tifacts. Operational coherence does not, however, establish
educational validity or instructional actionability. If vali-
dated against learning outcomes, such profiles could inform
differentiated feedback strategies — for instance, exercises
targeting smooth control for high-gain pilots or timing drills
for delayed-onset patterns. The high clustering stability
(ARI = 0.998) is a necessary but not sufficient prerequisite
for consistent profile assignment.

The Transformer’s duration-based separation, while less
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suited to style profiling, could complement the BiLSTM per-
spective by monitoring rotation efficiency — a metric rele-
vant to procedural compliance assessment.

Overall, this work provides a methodological foundation
rather than a validated ITS component. The transition
from coherent clusters to educationally actionable profiles
requires systematic multi-assessor validation and integration
into a tutoring loop with measurable learning outcomes.

5.3 Limitations

Several limitations warrant acknowledgment. First, the
dataset comprises 12 pilots and at most 115 sequences, which
is sufficient for a proof-of-concept but not for establishing a
generalizable taxonomy [9]. Small-sample settings can am-
plify apparent structure and make estimates optimistic, so
the observed patterns should be interpreted as methodolog-

ical candidates rather than definitive learner categories [13,
14].

Overfitting risk on 112 rotation sequences is mitigated by
three design choices: (i) purely reconstructive training with-
out label supervision, (ii) constrained latent dimensionality
(8-16 units) tuned via Optuna with dropout and weight de-
cay, and (iii) clustering stability verified across 50 random
initializations (ARI > 0.99). Latent representations may
nonetheless encode pilot-specific idiosyncrasies, making the
per-pilot distribution analysis (Figure 3) essential to inter-
pret groupings as shared patterns rather than pilot signa-
tures.

Other limitations include the use of a desktop simulator
(simulator fidelity), post-hoc visual labeling validated by a
single expert [11, 12], the inability of internal metrics to es-
tablish educational meaningfulness, and the restriction to
the takeoff phase.

6. CONCLUSION

We presented an unsupervised pipeline for extracting candi-
date pilot behavioral profiles from multivariate flight simula-
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tor data, comparing four temporal clustering methods across
three takeoff phases. On the rotation phase (S6), modu-
lar deep approaches outperform distance-based and end-to-
end methods: the BiLSTM autoencoder suggests five be-
haviorally distinct groupings extending beyond the binary
High-Gain/Low-Gain paradigm [8], while the Transformer
yields a complementary duration-based separation. Cross-
phase validation confirms that behavioral diversity is phase-
dependent: only S6 produces a multi-cluster structure, while
S5 and S7 converge to binary splits reflecting procedural con-
straints.

These results provide a methodological foundation for data-
driven learner diagnosis in aviation I'TS. The complementar-
ity between BiLSTM (control style) and Transformer (tem-
poral efficiency) perspectives suggests richer learner models
combining both. Future work will focus on broader expert
validation, larger pilot populations, and integration into an
ITS prototype to assess profile-specific feedback effects on
learning outcomes.
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