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ABSTRACT

This paper presents a dual-method approach for the automated evaluation of flight maneuver quality, addressing lim-
itations in current flight test practices that rely heavily on subjective visual assessments, manual data quantization, or
static thresholds. For steady maneuvers, a statistical formulation is introduced in which flight parameter behavior is
modeled as an empirical probability distribution. A new metric, termed redundant cross-entropy, quantifies trim qual-
ity by measuring the divergence of the observed data from ideal trimmed behavior which is modeled as a Gaussian
distribution. This metric enables consistent comparison across parameters with differing physical units. For tran-
sient maneuvers, a fully convolutional network augmented with Squeeze-and-Excitation blocks is proposed to classify
maneuver success using real and simulator data from the T625 Gokbey multirole utility helicopter developed by Turk-
ish Aerospace. The architecture supports variable-length time series through masked global pooling and leverages
downsampling to extend the model’s receptive field without increasing complexity. Evaluation results demonstrate the
model’s capability to identify high-quality flight segments and reliably assess maneuver outcomes based on predefined
success criteria. The proposed framework offers a scalable and interpretable solution to enhance the reliability and
efficiency of maneuver evaluation in aircraft flight testing.

NOTATION v,0,¢ Yaw, pitch, and roll angles, deg
* u,v,w Translational velocities in body axes, m/s
Symbols p,q,r Angular velocity components in body axes, rad/s

Seontrols Control inputs (cyclic, collective, pedal), % or deg
AH Redundant cross-entropy (trim error), dimensionless
Vario Vertical speed, ft/min

E[x] Expected value of random variable x, same units as x ) )
trest Duration of resting phase after flare, s

H(p,q) Cross-entropy between distributions p and ¢, nats
(p.q) Py p q Ah Altitude loss during flare, m

H'(g) Entropy of the distribution g, nats .
vmax Maximum allowable ground speed at touchdown, knots
N Number of samples or parameters, unitless
p(x) Observed (empirical) probability distribution, unitless
q(x) Ideal probability distribution, unitless Acronyms

o Standard deviation of a distribution, same unit as variable ERF European Rotorcraft Forum

U Mean of a distribution, same unit as variable VFS Vertical Flight Society
Q Main rotor rotational speed, RPM FCN Fully Convolutional Network
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INTRODUCTION

Flight testing is one of the most crucial and critical compo-
nent of lifecycle of a newly designed aircraft. It begins with
the aircraft’s initial flight and continues until certification is
achieved. During this phase, engineers carefully observe the
aircraft’s performance to make necessary design adjustments.
Following developmental testing, the aircraft undergoes cer-
tification tests to demonstrate compliance with international
aviation standards and regulations. Aircraft testing is an ex-
pensive and risky operation usually subjected to time con-
straints due to project schedules. Hence, efficient and safe
testing is important. Tests are conducted as follows. A team
of design engineers, led by a flight test engineer, monitors
critical parameters from a ground station known as telemetry
to ensure safety and intervene if problems arise. Their pri-
mary objectives are to ensure the collection of high-quality
data and the safe conduct of tests. A typical test involves exe-
cuting a series of maneuvers specified by the design team. As
each maneuver begins, the flight test engineer marks the time
and informs the pilot; the end time is noted similarly. During
testing, right after the maneuver, the team reviews the data to
determine its usability for further analysis, marking whether
the test point was executed correctly. However, these assess-
ments are often performed through quick visual inspections,
heavily relying on subjective judgments. Such evaluations can
introduce significant challenges in interpreting results, partic-
ularly when certification flights must meet specific success
criteria for maneuvers. Inaccurate evaluations of maneuver
quality can render flight data unusable, underscoring the need
for more quantitative and reliable evaluation methods in the
evaluation of flight maneuver quality. On the other hand, even
when flight test is executed perfectly, engineers usually use
only the marked test points while rest of the flight still con-
tains valuable data. Hence, an automated system that assesses
maneuver quality can significantly enhance the efficiency of
flight testing by providing immediate feedback during tests
and extracting valuable segments from post-data.

On the other hand, there has not been significant attention fo-
cused on the area of flight maneuver quality assessment. Most
of the works are centered around pilot performance evalua-
tion. In some of these works (Ref. 1), (Ref. 2), pilots are asked
to fly through a route precisely defined by GPS positions, and
their performance is evaluated in terms of tracking errors. In
the work of Zahed et al. (Ref. 2), flight data is labeled directly
based on the experience level of the pilots, and classification
with tracking error is performed using decision trees. In the
work of Jong (Ref. 3), data is collected in a similar manner,
but instead of calculating tracking error, deep neural networks
are directly implemented to establish classification. Another
method in the literature involves determining a set of pilot
performance metrics, extracting these metrics from raw flight
data, and classifying pilot performance based on these met-
rics. For example, Zhang et al. (Ref. 4) utilized a CNN archi-
tecture, while Li et al. (Ref. 5) used a fuzzy comprehensive
evaluation method on pilot performance indicators. Although
these works may provide valuable insights, they are not aimed

at sensitive maneuver quality evaluation but rather focus on a
general understanding of pilot performance.

One of the few approaches that directly address the challenge
of maneuver quality assessment was proposed by Lerro et
al. (Ref. 6), who developed a method to identify quasi-steady
flight segments using a statistical scoring function. The algo-
rithm evaluates multiple parameters (e.g., pitch rate, altitude
variation) across fixed-length time windows and computes a
heuristic score to identify suitable training data for synthetic
sensor design. While the objective of their study differs from
that of the present work, it demonstrates that steady flight vali-
dation can be effectively automated using parameter-level cri-
teria. Another related study is the work of Tian et al. (Ref. 7),
which trains a variational autoencoder and uses its encoder as
a feature compression network for maneuver quality classifi-
cation. Their approach relies on a standard maneuver library,
which is a collection of typical maneuver executions used as
a reference. The quality of a maneuver is estimated by com-
paring its latent space representation with those in the library
using dynamic time warping. However, since the VAE is not
trained to distinguish between good and poor executions, dis-
tances in the latent space may not reliably capture maneuver
quality. Moreover, maneuver execution varies due to factors
like weight, center of gravity, and altitude. Thus, instead of a
single standard maneuver, an exemplary maneuver should be
defined as a collection of well-executed maneuvers.

In this work, the problem of maneuver quality assessment is
investigated by first categorizing maneuvers into two types:
steady and transient. Steady maneuvers (e.g., level flight,
turns, and climbs) involve maintaining a trimmed state and
moving steadily along a trajectory. Success criteria are typi-
cally defined by maximum deviations from target values over
a specific duration. For instance, during level flight testing,
airspeed may be allowed a +1-knot deviation within a 30-
second data window. However, some criteria are operationally
unrealistic, while increasing allowable deviations may incor-
rectly classify oscillatory data as satisfactory. To address this
issue, a statistical metric is proposed to quantify trim qual-
ity. In this approach, time-series data are treated as an empir-
ical probability distribution, and success is assessed based on
proximity to ideal distributions of selected parameters. These
ideal probability distributions, representing trimmed flight,
are defined in a manner that preserves existing industry suc-
cess criteria while more accurately reflecting the nature of de-
viations observed during flight testing.

Transient maneuvers (e.g., landing, takeoff, flare) involve a
sequence of actions performed for operational purposes. Un-
like steady maneuvers, each transient maneuver has unique
success criteria that require manual quantization by engineers
based on predefined conditions. Consequently, a statistical
approach cannot be directly applied. Instead, time-series clas-
sification is performed using a fully convolutional network
(FCN) augmented with squeeze-and-excite blocks. The FCN
architecture is selected primarily for its exceptional ability
to handle data of varying durations. Furthermore, given the
challenge of data scarcity in the aerospace domain, FCNs are
preferred for their demonstrated sample efficiency and robust



generalization capabilities in time-series classification tasks
(Ref. 8).

QUALITY ASSESSMENT OF STEADY
MANEUVERS

In the context of flight mechanics, trim refers to a steady-state
flight condition in which all the forces and moments acting on
the aircraft are balanced (Ref. 9). Mathematically, this corre-
sponds to a solution of the equations of motion where the time
derivatives of translational and angular velocities are zero, and
control inputs remain fixed

Trim validation in flight test practice is generally implemented
by defining thresholds for key flight parameters (such as air-
speed, pitch attitude, altitude, or heading), and requiring these
parameters to stay within the given limits over a time window
— often 30 seconds. For example, the US Naval Test Pilot
School (USNTPS) notes suggest thresholds of =1 knot in air-
speed and +20 feet in pressure altitude for assessing trimmed
level flight in helicopters (Ref. 10). These values are intended
to prevent false positives due to drift or sustained oscillations
and to ensure the aircraft remains close to a single equilibrium
point.

However, this threshold-based approach has inherent limita-
tions:

1. Sensitivity to Momentary Disturbances: Even if the air-
craft is mostly trimmed, a small disturbance (e.g., tur-
bulence, pilot correction) might briefly push a parameter
outside the threshold and cause the data segment to be
rejected. As aresult, a genuinely trimmed interval might
be discarded due to single outlier events.

2. Threshold Tuning Dilemma: If thresholds are tightened,
many intervals may be deemed invalid due to noise or
small oscillations. If thresholds are loosened, an highly
oscillatory data may be classified as satisfactory or the
criteria may fail to distinguish between two different
trimmed states in the same time window. For instance,
allowing +2 knots for a 70-knot trimmed flight might in-
correctly group two distinct trimmed conditions at 68 and
72 knots as a single trim state.

3. No Measure of Trim “Quality”: Threshold-based logic
yields only binary results — either a condition is
trimmed or it is not. It does not quantify how well a flight
condition satisfies the desired trimmed state, leaving no
room for graded assessments or nuanced interpretation
of marginal cases.

To address these limitations, a distribution-based approach is
proposed for trim validation. Rather than treating time-series
data as sequences to be evaluated against static thresholds,
they are modeled as empirical probability distributions. Each
parameter’s behavior over time (e.g., airspeed, altitude) is cap-
tured in its distributional shape. An ideal trimmed distribution
is then defined for each parameter, serving as a boundary con-
dition that reflects the expected behavior in a trimmed flight.

Cross-entropy is used as a statistical measure to quantify the
proximity between the observed and ideal distributions. This
enables the evaluation of not only whether the aircraft was in
trim, but also how closely it matched the expected trimmed
behavior.

Cross-Entropy for Evaluating Trimmed Flight Segments

Overview of Cross-Entropy Cross-entropy is a fundamen-
tal concept in information theory that measures the average
number of bits (or nats) required to encode data from a true
distribution p(x) using a model distribution ¢(x) (Ref. 11). It
quantifies how well the model approximates the actual data.

The cross-entropy between p(x) and ¢(x) is defined as:

H(p,q) = */p(x) logg(x)dx (1

In practice, when the true distribution p(x) is only available
through samples, the cross-entropy can be approximated us-
ing Monte Carlo integration:

1 N
H(p,q)~ =5 Y logq(xi), xi~ p(x) )
i=1

Motivation for Use in Trim Evaluation In this study, cross-
entropy is used to assess how closely a flight segment aligns
with a predefined ideal distribution that characterizes trimmed
flight. The ideal distribution g(x) is modeled as a Gaussian
representative of steady flight behavior.

By computing the cross-entropy between observed flight data
p(x) and the ideal model g(x), a numerical score is obtained
that reflects how “trimmed” the data is. Crucially, cross-
entropy favors distributions that are more concentrated around
the mode of ¢(x), even if their shapes differ. This property
aligns with the objective of trim assessment, as low-variance
segments indicate steadier and more controlled flight behav-
ior.

This behavior contrasts with other divergence measures such
as Kullback-Leibler (KL) divergence, which penalize mis-
matches in distribution shape and might assign lower scores to
higher-variance data that visually appears closer to the ideal.

Figure 1 illustrates this concept using three Gaussian distri-
butions with equal means but different standard deviations.
Although the distribution with o = 5 appears visually closer
to the ideal o = 4, the narrower distribution with o = 1 yields
a lower cross-entropy score. This is because its values are
more tightly clustered near the mean, making them easier to
encode, which is a property aligned with trimmed flight.

Implementation of Cross-Entropy The probability density
function (PDF) of a Gaussian (normal) distribution with mean

u and variance o7 is given by:
1 (x—u)?
2 — R S S A
N (x| u,0%) = T exp ( 752 (3)



Comparison of Gaussian Distributions with Equal Mean
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Figure 1. Comparison of Gaussian distributions with
equal means and different standard deviations.

Let p(x) = A (x | u,0}) represent the empirical distribution
of a flight parameter, and let ¢(x) = .4 (x | u,03) be the pre-
defined ideal trim distribution. Assuming both distributions
share the same mean , the cross-entropy between them is
expressed as:

1 2 012
H(p,q) = 3 log(27moy) + 72
2

“4)
In Equation 4, the second term accounts for how well the
variance of the real distribution p is represented by the ideal
model g. However, the first term depends solely on the vari-
ance of the model ¢. This is problematic, as different flight pa-
rameters may have ideal distributions of vastly different mag-
nitudes. As a result, cross-entropy values may vary signifi-
cantly across parameters, making them difficult to interpret or
compare directly.

To address this, the special case is considered where the real
and ideal distributions are identical, i.e., 6] = 6> = ©. In this
case, the cross-entropy reduces to the entropy of the Gaussian:
H

1 1
H(g,q) = H'(g) = 5 log(276?) + 5 5)

This case is interpreted as the ideal, fully trimmed condition.
To normalize and make the cross-entropy values comparable
across different parameters, the entropy of the ideal distribu-
tion H'(q) is subtracted from the cross-entropy H(p, q), yield-
ing what is referred to in this work as the redundant cross-
entropy or trim cost when evaluating steadiness of flight seg-
ments:

AH =H(p,q)—H'(q) (6)

Placing 4 and 5 into 6, we obtain

2
_o 1 (7

205 2

In practice, as o1 — 0 (i.e., the real distribution becomes
perfectly concentrated around the mean), the relative cross-
entropy approaches:

1
AH%fE ()

This scaling naturally centers the scoring such that:

if p is better trimmed 9)
(10)
if p is perfectly trimmed (11)

H(p,q)—H'(q) <0
H(p,q)—H'(q) >0
H(p,q)—H'(q) =—-0.5

if p is less trimmed

In this work, the value AH is interpreted as a scalar measure of
trim quality and referred to as the trim error. Lower trim cost
values indicate closer adherence to the ideal trimmed condi-
tion, while higher values correspond to more transient or os-
cillatory behavior.

Although AH = H(p,q) — H'(q) is a straightforward differ-
ence of standard information-theoretic quantities, it is not
commonly isolated or employed as a standalone metric in the
literature. In this work, it is interpreted as a form of expected
code length redundancy which is measuring the excess de-
scription cost incurred by encoding observed data using a ref-
erence model, normalized by the model’s own entropy. To our
knowledge, this specific formulation has not previously been
formalized or applied in the context of trim quality assessment
or elsewhere.

Determining Ideal Distributions

The empirical rule states that for a Gaussian distribution, ap-
proximately 68% of the data lies within y £+ 10, 95% within
u=x20, and 99.7% within 4 +30. Figure 2 demonstrates
how the data is distributed for a Gaussian. Benefiting from
empirical rule, ideal distributions can be designed such that
encompassing traditional thresholds and allowing reasonable
deviations. In this manner, parameters of interest and corre-
sponding i and o values should be determined.

Determining Trim Parameters Trim is identified by the
steadiness of the states. When modeling only the six rigid-
body degrees of freedom, the state vector x includes the three
translational velocity components (u,v,w), the three angular
velocity components (p,q,r), and the Euler angles (9,6, y),
which define the aircraft’s orientation (Ref. 9).

For translational velocity and Euler angles, accelerometers
and angular rate sensors can theoretically be used to measure
the time derivatives directly. However, there are practical lim-
itations when assessing steadiness through these derivatives.
Specifically, the total change in a velocity component over a
time window can be calculated by integrating the acceleration
along the corresponding axis:

N
AV =Y a(n) At (12)
n=1



Table 1. Trim parameter behavior for different flight maneuvers.

Parameter Rectilinear Flight Coordinated Turn  Autorotation  Autorotative Turn
IAS Steady Steady Steady Steady
SideSlip Steady Steady Steady Steady
Vario Steady Steady Steady Steady
p 0 Steady 0 Steady
q 0 Steady 0 Steady
r 0 Steady 0 Steady
¢ Steady Steady Steady Steady
0 Steady Steady Steady Steady
v Steady N/A Steady N/A
Q N/A N/A Steady Steady
TQ Steady Steady 0 0
Ocontrols Steady Steady Steady Steady

Normal Distribution and the Empirical Rule

0.40 —— Standard Normal Distribution
+30 (99.7%)
+20 (95.5%)

 +10 (68.3%)

Probability Density
o
N
o

Value (x)
Figure 2. Demonstration of empirical rule

To ensure that the velocity remains steady, this integrated sum
should be close to zero. Since the flight data is sampled at a
fixed rate, this implies the conclusion in 13 :

Za(n) ~0

From a probabilistic perspective, this condition corresponds
to a histogram of acceleration values centered at zero. The
discrete expected value of such a distribution is:

13)

Elx] =Y P(x;)x; =0 (14)

where, x; are the histogram bin centers and P(x;) represents
the empirical probability mass at x;.

This implies that the center of mass of the acceleration his-
togram should be close to zero. However, achieving a low
cross-entropy value does not necessarily enforce this symme-
try. Figure 7 illustrates an example, where a yaw rate segment
yields low cross-entropy despite causing a continuous drift in
yaw angle, resulting in a uniform distribution with high cross-
entropy.

One possible solution is to reduce the ideal standard deviation
for the yaw rate, forcing the distribution to be more centered.

Yet, this approach often imposes an overly strict constraint
that excludes segments with minor oscillations of yaw angle.

On the other hand, if a parameter has low cross-entropy (i.e.,
it follows the ideal distribution), its time derivative tends to
exhibit a symmetric distribution around a zero mean — which
also leads to low cross-entropy. However, this relationship
breaks down when the time-derivative data contain relatively
high-frequency oscillations.

Based on these observations, the steadiness of state variables
is evaluated directly through their values rather than their
derivatives. In accordance with flight test practice, indicated
airspeed (IAS), vertical speed (vario), and sideslip angle are
used as substitutes for the body-frame velocity components
(u,v,w). Angular velocity and attitude sensors provide the re-
maining states (p,q,r,¢,0,y). Assuming the helicopter em-
ploys a rotor speed governor, the main rotor speed €2 becomes
relevant only in power-off conditions. Additionally, control
inputs (collective, longitudinal and lateral cyclic, and pedal)
and total torque are included to ensure force-moment balance.

Determining Ideal it Trim is the condition where states con-
verges to specific values that makes state derivatives zero. In
our approach, instead of calculating these specific values, we
assume the states have the trimmed value if they are steady.
Hence, ideal u value is directly calculated as the mean of time
window being investigated. However, special considerations
are needed for different maneuvers. In rectilinear flight the
angular rates p,q,r are expected to be zero. On the contrast,
for the coordinated turn manuever, angular rates are expected
to be steady with a mean value. In this case, the yaw an-
gle continuously change. In Table 1, details of utilized trim
parameters and mean value approaches specific to flight ma-
neuvers are presented.

In addition, our method does not restrict the user from select-
ing the target mean. For example, ideal IAS u can be set to 80
in order to calculate how well the 80 kts level flight trim is es-
tablished. Morever, for autorotation, torque should be setted
to zero indicating maneuver is in real power-off condition.



Table 2. Standard deviation bounds for each parameter.

Parameter +10 (68%) +20 27%) =30 (4.7%)
1AS 0.8 1.6 2.4
SideSlip 1 2 3
Vario 60 120 180
p 0.5 1.5 2
q 0.5 1.5 2
r 0.5 1.5 2
¢ 0.8 1.6 2.4
0 0.8 1.6 2.4
74 1 2 3
Q 1 2 3
TQ 1 2 3
5controls 1 2 3

Determining Ideal o Ideal standard deviation values are se-
lected based on the empirical rule, as illustrated in Figure 2.
For a Gaussian distribution, approximately 68% of the data
lies within the interval p &= 10. Therefore, the standard de-
viation ¢ should be chosen small enough so that this level of
deviation can be considered negligible under trimmed flight
conditions.

Following this, about 27% of the data falls between u + 1o
and u + 20, which represents the maximum allowable de-
viation range. The remaining 4.7% of the data lies between
U =+20 and u +30, and is interpreted as representing brief,
momentary disturbances that can be tolerated.

Based on these considerations, the ideal standard deviation
values for each flight parameter are defined as shown in Ta-
ble 2. Although a single set of values is proposed here, it
is entirely possible—and often necessary—to tailor the ideal
distributions for specific maneuvers. Defining different suc-
cess thresholds is common in flight testing, as the difficulty of
maintaining control over certain parameters can vary signifi-
cantly depending on the nature of the maneuver.

QUALITY ASSESSMENT OF TRANSIENT
MANEUVERS

Transient maneuvers are an essential part of rotorcraft testing.
These maneuvers are typically mission-oriented and consist
of a sequence of actions and defined checkpoints. Analyzing
such maneuvers is more challenging than evaluating steady-
state conditions, as the time-series data must be segmented,
and success must be assessed based on the aircraft’s state at
specific checkpoints as well as the quality of transitions be-
tween them. This segmentation and evaluation process can
be difficult to encode using rule-based logic. As a result, a
data-driven approach based on neural networks is proposed to
facilitate robust assessment.

In this work, the autorotative flare maneuver is selected as a
representative transient case. The success of the maneuver is
evaluated based on the following criteria:

* The helicopter must reach a near-zero vertical velocity
and maintain this “resting” state for a duration of time

indicated by t,.5, without exhibiting a ballooning effect
(i.e., an unintentional climb following the flare).

* The total altitude loss from initiation of flare to the rest-
ing state must remain below a predefined value indicated
by Ah .

* The ground speed must be reduced to a v,,,4x value or less
by the end of the resting period.

e The rotational speed of the main rotor must remain
within transient limits.

This section details the data collection, preprocessing, and
model architecture. Training procedures and performance
evaluation are discussed in the Results section.

Data Collection and Preprocessing

This study utilizes real flight and simulator test data from the
T625 Gokbey helicopter, with sensor selection tailored to the
specific maneuver being assessed. For the flare maneuver,
ground speed, rate of descent, altitude, torque, and main rotor
rotational speed are collected.

The sensors record data at a sampling rate of 128 Hz while
simulator runs at 100 Hz, which are higher than necessary for
assessing maneuver quality. This high sampling rate increases
the required receptive field to capture sufficient duration, com-
plicating data processing. To manage the resulting data vol-
ume and ensure feasibility, the signals are downsampled to a
common frequency. The choice of downsampling factor and
its effect on the receptive field are discussed in the section on
Receptive Field.

Given the significant variability in the duration of flight test
points, the model architecture must accommodate variable-
length input. However, for efficient batch training, uniform
sample lengths are required. This is achieved through zero-
padding to standardize data lengths. However, during train-
ing, it is essential to prevent the model from learning from the
non-informative padded regions. To this end, masking is in-
corporated within the global pooling layer to ensure that the
model focuses solely on the meaningful portions of the data.
The implementation details of this masking technique are fur-
ther discussed in the section on Masked Global Pooling.

Model Architecture

The proposed model architecture is designed to classify
transient maneuvers from variable-length time series data.
It combines a fully convolutional backbone with attention-
enhancing Squeeze-and-Excitation (SE) blocks and integrates
masking strategies to handle zero-padded inputs during batch
training. This section outlines the structure and rationale be-
hind each architectural component. The base model structure
is illustrated in Figure 3.
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Figure 3. Fully convolutional network with squeeze and excite blocks

Fully Convolutional Networks FCNs are distinguished by
their architecture, which is composed entirely of convolu-
tional layers. Their implementation on time series classifica-
tion is first proposed by Wang et al. (Ref. 8). Their design en-
ables FCNss to effectively process time-series data. Typically,
an FCN includes several convolutional layers, each followed
by batch normalization and a ReLU activation function, which
introduce non-linearity and help stabilize the training process.

A key feature of FCNs is their ability to handle inputs of vary-
ing lengths, thanks to the inclusion of global average pooling
(GAP) at the end of the convolutional stack. This pooling
layer condenses the feature maps into a single value per map,
significantly reducing the number of parameters in the model.
This reduction not only helps in preventing overfitting but also
simplifies the network, making it more computationally effi-
cient.

The global pooling layer ensures that the network can accom-
modate different input sizes, which is particularly useful for
tasks involving variable data dimensions, without requiring
any adjustments to the input size or network architecture.

Squeeze and Excite Blocks Squeeze-and-Excitation (SE)
blocks are a type of enhancement for convolutional neural
networks that improve how the network focuses and uses its
features (Ref. 12). Each SE block starts by compressing spa-
tial information from the input into a smaller form through a
process called ’squeeze’. This is done using global average
pooling, which reduces the amount of data by summarizing
each channel of features into a single value.

After squeezing, the ’excitation’ step uses two simple layers
connected in a network and a sigmoid function to adjust the
emphasis on certain features over others. This allows the net-
work to better focus on important features while ignoring less
useful ones.

Researchers have found (Refs. 12, 13) that while the inclusion
of SE blocks introduces some additional parameters, the re-
sulting increase in computational cost is relatively small com-
pared to the performance gains achieved. This makes SE

blocks a cost-effective mechanism for enhancing neural net-
work performance by improving the network’s focus on rele-
vant features.

Receptive Field The receptive field (RF) in convolutional
neural networks (CNNs) is a fundamental concept that refers
to the portion of the input data that influences a specific re-
sponse at a particular layer. In practice, it represents the sec-
tion of the input that a given feature in the CNN can “’see” and
process.

The formula to compute the RF for a network of depth d with
each layer having a filter length equal to k; with i € [1,d] and
a stride equal to one is:

d
RF=1+Y (k—1)
i=1

(15)

Based on the model introduced by Wang et al. (Ref. &), which
employs kernel sizes of 8, 5, and 3, the resulting receptive
field spans 14 time steps. Given a sensor sampling rate of
128 Hz, this corresponds to a temporal window of approxi-
mately 0.11 seconds.

However, prior work by Fawaz et al. (Ref. 14) demonstrated
that longer temporal patterns require larger receptive fields to
be effectively captured. Thus, a receptive field of 0.11 seconds
is considered insufficient for reliably capturing the temporal
characteristics relevant to maneuver quality.

Although extending the receptive field by increasing kernel
sizes or network depth is a viable option, doing so signifi-
cantly enlarges the model by introducing additional parame-
ters. This increase in complexity can lead to overfitting, espe-
cially when data availability is limited.

To overcome this limitation, downsampling is applied during
preprocessing, as described in the section on Data Collection
and Preprocessing. Time data is downsampled to 16 Hz re-
sulting in effective receptive field duration of 0.875 seconds.



This adjustment enables the model to capture longer-term pat-
terns in the data without the need for excessive network depth
or parameter count, thereby maintaining a balance between
performance and generalizability.

Handling Zero-Padded Input with Masked Global Pool-
ing Masked global pooling is a technique developed to han-
dle variable-length data by ignoring padded regions during
global pooling operations. Hertel et al. (Ref. 15) appear to
be among the first to explicitly formalize and implement this
method. This method is particularly useful in neural networks,
where it is necessary to pad the input data to uniform lengths
for batch training.

To ensure that the zero-padded regions do not influence the
learning outcomes of the model, we calculate the effective
length of these regions in the global pooling layer using the
following formula:

d 1

Npadded eft = N, .
padded,e padded ,I:Il stride;

(16)

In this equation, d represents the number of layers in the net-
work, and stride; refers to the stride of each corresponding
layer. This calculation is crucial as it helps to effectively ex-
clude the padded areas during the pooling process, thus al-
lowing the network to focus solely on the meaningful, actual
data.

RESULTS

Results for steady and transient maneuver quality assessment
are presented under separate headings, as the methods used
for each are fundamentally different.

Steady Maneuver

In Figure 4, Figure 5, Figure 6, and Figure 7, the application
of the trim quality assessment metric—referred to as redun-
dant cross-entropy—is illustrated for individual parameters:
indicated airspeed (IAS), vertical velocity, yaw rate, and yaw
angle, respectively. This metric is defined in Equations 9, 10,
and 11. Redundant cross-entropy is computed over the flight
data using a sliding window approach, where segments yield-
ing the lowest scores are identified as the most steady inter-
vals. These steady segments are highlighted in blue on the
upper time-series plots.

The corresponding steady segments are also shown in the
form of histograms in the lower plots. Each histogram is nor-
malized to a probability density function, such that the total
area under the curve equals one, as described by Equation 17:

Count in bin

Height of each bin =
clgit ot each bin Total count x Bin width

7)

The bin width is set to one-tenth of the ideal distribution’s
standard deviation, i.e., Oigea1/10. Overlaid on each histogram
is the corresponding ideal probability density function, which

serves as a reference, enabling visual comparison between
the empirical and ideal distributions. The resulting redundant
cross-entropy values for each trimmed segment are provided
as legends in the top-right corner of the corresponding his-
tograms.

Figure 4 presents three test points, each containing a trimmed
segment for IAS. The columns are arranged from left to right
in increasing steadiness:

* The first column depicts a nearly trimmed condition.
* The second column shows a well-trimmed test point.

* The third column illustrates an almost perfectly steady
segment, with a redundant cross-entropy score of ap-
proximately —0.486.

Conversely, Figure 5 displays test points that do not contain
any steady segments for IAS. These plots are similarly orga-
nized from left to right in increasing trim cost:

* The first column represents a borderline trim condition.
* The second column represents a transitional condition.

e The final column corresponds to a highly transient flight
segment.

Additionally, in Figure 6, the trim error is calculated for the
vertical velocity parameter, whose ideal distribution is defined
with a standard deviation of 60 feet per minute (as listed in
Table 2). As seen in the figure, the trim error function penal-
izes non-ideal distributions with magnitudes comparable to
those observed for IAS, whose ideal standard deviation was
0.8 knot. This example demonstrates the inherent normaliza-
tion property of the metric, which enables consistent compar-
ison across parameters with different physical scales. This
property is essential for multivariate optimization tasks aimed
at identifying the best-trimmed segments.

A composite trim cost can be defined by summing the trim
error values across all relevant parameters:

N
Trim Cost = ZAH(pi,qi)

i=1

(18)

Here, i indexes the parameters listed in Table 2, and N de-
notes the total number of parameters considered in the trim
evaluation.

Finally, Figure 7 presents a special case in which the yaw rate
segment yields a low trim error, yet results in a continuous
drift in yaw angle. This occurs because maintaining steadi-
ness in yaw angle requires the yaw rate to exhibit a symmetric
distribution around a zero mean, as discussed in the section
on Determining Trim Parameters. However, symmetry is not
explicitly enforced by the cross-entropy formulation. Conse-
quently, steadiness should be evaluated directly on the state
variable of interest—such as yaw angle—rather than on its
derivative, such as yaw rate.



These results demonstrate the behavior of the proposed met-
ric across diverse flight segments and parameter distributions.
The trim error changes consistently in response to variation in
empirical distributions and is effectively shaped by the corre-
sponding ideal distribution. The redundant cross-entropy thus
penalizes deviations in a parameter-specific yet normalized
manner, supporting its utility as a scalable and interpretable
scoring function for steady maneuver quality assessment.

Transient Maneuver

Before implementing the proposed model, datasets were pre-
pared by identifying and labeling flare test points. Each test
point was extracted with a duration ranging from 13 to 20
seconds and downsampled to 16 Hz. The segments were
manually analyzed to quantify performance indicators related
to predefined success criteria: resting duration, altitude loss,
minimum ground speed, and main rotor speed range. These
metrics were then used for labeling.

The experiments aimed to achieve the simplest model config-
uration without compromising performance. During training,
substantial fluctuations were observed in both training and
validation loss, even after extended epochs. To ensure reli-
able model performance, early stopping was employed with
a patience of 100 epochs and a minimum delta of 0.005, us-
ing the Adam optimizer with a learning rate of 0.0005. Due
to data scarcity for flare maneuvers, the batch size was set to
16, and the reduction ratio of the squeeze-and-excitation (SE)
block was fixed at 16. Additionally, 5-fold cross-validation
was used to improve robustness given the limited sample size.

Some of the training results are presented in Table 3. The can-
didate configuration set includes models with three and four
convolutional layers. Channel sizes are systematically varied.
Accuracy results are reported as the mean and standard devi-
ation across five folds. The best performing model achieved
a mean accuracy of 0.874. However, the relatively high stan-
dard deviation indicates that model performance varies signif-
icantly across folds. This suggests that the dataset may con-
tain diverse conditions, and the number of samples may be
insufficient for the model to consistently capture those varia-
tions across different train-test splits.

Furthermore, no significant degradation in accuracy is ob-
served for the smaller configurations, indicating that model
complexity can be reduced without substantial loss in perfor-
mance.

In addition, model performance is evaluated specifically with
respect to altitude loss. This parameter is of particular interest
because detecting the initiation of the flare maneuver would be
challenging using a rule-based approach. For this evaluation,
the altitude loss of each flare sample is manually measured.
The dataset is then relabeled based solely on altitude loss, and
only altitude and vertical velocity sensor readings are included
in the input data. A low threshold for altitude loss is selected
to ensure a balanced number of samples in each class.

Figure 8 presents the classification results for samples with
varying altitude losses. The x-axis shows normalized altitude

loss, and the y-axis indicates the predicted probability of the
sample being classified as satisfactory. The model’s predic-
tions exhibit a clear trend: the probability of a sample being
satisfactory increases as altitude loss decreases. Notably, most
misclassified samples are concentrated around intersection of
the chosen threshold and the 0.5 probability line, suggesting
that the model is effectively learning to associate altitude loss
with maneuver quality.

CONCLUSIONS

This study addresses a fundamental limitation in current flight
test practices: the reliance on subjective, visual, and manu-
ally quantified assessments for evaluating maneuver quality.
Such approaches hinder consistency, traceability, and scala-
bility—particularly as datasets grow and test complexity in-
creases.

To overcome this, a dual-method framework was developed.
For steady maneuvers, a distribution-based metric—termed
redundant cross-entropy—was introduced to quantify trim
quality. Unlike classical approaches that define trim based
on fixed parameter thresholds, this method redefines trim as
a statistical distribution benefiting from Gaussian. For tran-
sient maneuvers, a fully convolutional network (FCN) was
proposed to classify success based on mission-relevant crite-
ria.

The redundant cross-entropy metric offers interpretable, unit-
normalized, and threshold-centered scoring. It enables con-
sistent comparison across parameters and reveals subtle de-
viations from trimmed behavior. The FCN architecture sup-
ports variable-length inputs through masked global pooling,
is lightweight, and performs reliably even under data scarcity.
With cross-validation, the model achieved a mean classifica-
tion accuracy of up to 87.4% on real and simulated autorota-
tive flare maneuvers.

These tools automate maneuver evaluation, reduce analyst
workload , and enable the extraction of previously unmarked
high-quality segments. The approach has strong potential for
real-time test support, reducing unnecessary retests and im-
proving flight test coverage across platforms and mission sce-
narios.

Future work includes extending this framework to other cer-
tification maneuvers, refining output to not only classify but
also quantify success metrics. Overall, this study proposes a
practical and scalable methodology suitable for adoption as a
flight maneuver analysis tool in modern flight test programs.
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Table 3. Validation accuracy for different convolution configurations.

Convolution Channel Sizes

Convolution Kernel Sizes

Mean Validation Accuracy  Std. Dev. of Val. Accuracy

128-256-128 8-5-3
128-256-128-64 8-5-3-3
128-256-128-128 8-5-3-3
32-64-32 8-5-3
32-64-32-16 8-5-3-3
32-64-32-32 8-5-3-3
16-32-16 8-5-3
16-32-16-8 8-5-3-3
16-32-16-16 8-5-3-3

0.840 0.063
0.846 0.052
0.853 0.050
0.826 0.042
0.874 0.067
0.833 0.055
0.860 0.049
0.832 0.045
0.819 0.044
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Figure 8. Classification probabilities versus normalized al-
titude loss. The vertical and horizontal lines represent the
altitude loss threshold and the model’s decision boundary,

respectively.
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