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Abstract

Performance models are needed for trajectory optimization and guidance design
but can be difficult to obtain for small research aircraft. This paper uses onboard
data from six remotely piloted flights to identify a nonlinear point-mass performance
model for a 9-ft-wingspan fixed-wing research aircraft. The data were synchronized,
filtered, segmented by flight phase, and fitted using least squares. The identified
functions map airspeed, pitch, bank angle, and motor command to vertical speed,
curvature, and airspeed rate. Leave-one-flight-out cross-validation produced test
R? values of 0.93 and 0.93 for the climb and curvature models, respectively. The
identified curvature coefficient was ¢, = 0.78. The airspeed-rate model produced
a test R? of 0.61 for the gravity-corrected response and captured the dominant
longitudinal behavior. An in-sample forward simulation reproduced the measured
airspeed over a representative interval without divergence. The resulting model
supports preliminary three-dimensional trajectory generation within conservative,
flight-supported design bounds and can be reidentified as the vehicle configuration
changes.



1 Introduction

Trajectory optimization and guidance design require models that relate inputs to vehicle motion
across an operating region. For fixed-wing aircraft, these models describe performance relationships
such as vertical speed, curvature, and airspeed rate. This work identifies these relationships from
recorded flight data for trajectory-level prediction.

Obtaining these functions can be challenging for small research aircraft. Their structures and
configurations may be sensitive to small changes, and limited space constrains instrumentation.
Low mass and inertia, low wing loading, and low Reynolds numbers can further complicate dy-
namic modeling [1]. Small excitations may be obscured by atmospheric disturbances, whereas
larger excitations can drive the aircraft into nonlinear regimes. Flight-data-based identification
provides a practical means of characterizing the current vehicle configuration using available on-
board measurements. The objective of this work is to identify the empirical performance functions
and flight-supported bounds needed for trajectory-level prediction.

Prior research demonstrates the use of scaled aircraft for flight-dynamics and control-system
experiments, including the NASA AirSTAR testbed [2]. More recent work has addressed dynamic
modeling for a quarter-scale distributed electric propulsion (DEP) aircraft [3]. NASA’s SUbsonic
Single Aft eNgine (SUSAN) Electrofan was a hybrid-electric transport concept associated with DEP
research [4]. Related studies examined DEP architectures and control allocation [5-7]. Full system
identification was not possible because the aircraft lacked instrumented actuators and differential-
thrust allocation. This study therefore develops a baseline performance model for trajectory-level
applications.

This paper develops an empirical performance model for the DEP Research Drones v1 (DE-
PRD vl), a 9-ft-wingspan fixed-wing unmanned aerial vehicle operated by NASA as a low-cost
DEP research platform. The available sensing and actuation constrain the states, inputs, and tran-
sient behavior that can be identified from the recorded flights. DEPRD v1 uses a lightweight foam
airframe that supports configuration changes and iterative flight testing. The identified relation-
ships map measured states and commands to response variables without resolving the contribu-
tions of individual actuators. These preliminary flights did not include instrumented actuators or
differential-thrust allocation.

The proposed model combines empirical performance relationships with nonlinear point-mass
equations of motion. The climb relationship maps airspeed and pitch to vertical speed, the curvature
relationship maps airspeed and bank angle to heading rate, and the airspeed-rate relationship maps
motor command, airspeed, and pitch to V. Pitch, bank angle, and airspeed rate are treated as
trajectory-level control inputs. A separate empirical function maps motor command to airspeed rate
when a command-based representation is required. The model represents trajectory-level behavior
over the conditions contained in the flight data. It does not characterize transient aircraft modes,
identify individual actuator effects, or replace an aerodynamic database.

Data recorded onboard DEPRD v1 during six remotely piloted flights are used to identify the
model parameters. The data are synchronized, filtered, and segmented into operational phases
before the performance relationships are fitted using least squares. Leave-one-flight-out cross-
validation evaluates consistency across flights, and an in-sample forward simulation evaluates air-
speed propagation.

The principal contributions are a flight-data-based performance model for DEPRD v1, conser-
vative bounds for preliminary trajectory design, and an evaluation of model consistency across six
flights. The flight-supported bounds identify conditions sufficiently represented in the available
data for preliminary trajectory design. They do not represent the physical limits, certified flight
envelope, or complete empirical envelope of DEPRD v1.



Potential applications of this model include optimal motion-planning methods based on Bern-
stein approximations [8-10] and evaluation of trajectories generated by learning-based methods
[11, 12]. Because the parameters are identified from onboard flight data, the procedure can be
repeated as the airframe, propulsion system, or test configuration changes. Additional flights with
more varied maneuvers and actuator measurements will be required to expand the supported op-
erating region and identify a dynamic vehicle model.

The remainder of this paper is organized as follows. Section 2 presents the nonlinear point-
mass model and empirical performance functions. Section 3 describes the flight-data processing,
phase segmentation, parameter-identification, and cross-validation procedures. Section 4 presents
the flight-supported trajectory-design bounds, identified coefficients, and model-evaluation results.
Section 5 summarizes the findings and identifies directions for future work.

2 Model Formulation

The aircraft is represented by a nonlinear point-mass model in which pitch, bank angle, and
airspeed rate serve as trajectory-level control inputs. Airspeed rate is treated as a virtual input
rather than modeling motor command directly in the equations of motion. A separate empirical
function, f,(V,T,#), maps motor command to airspeed rate when a command-based representation
is required. This formulation separates trajectory planning from the vehicle-specific relationship
between motor command and airspeed rate.

The state and trajectory-level control vectors are

x=[zyhoV]", u=[0¢a, (1)

where x and y are horizontal position coordinates, h is altitude, ¢ is heading, V is airspeed, 6 is
pitch angle, ¢ is bank angle, and a = V is airspeed rate. Angles are expressed in radians when
evaluating the model.

The point-mass dynamics are

& = Vp cos,

y = Vpsiny,

h = fu(V,0), (2)
¥ = Vifu(V.9),

V =a,

where
Vi =1\/V2—h? (3)

is the horizontal component of airspeed. The position equations neglect wind. If wind is included,
the horizontal wind-velocity components must be added to & and y.

The empirical functions use the following parameterizations. Vertical speed is modeled as a
linear function of airspeed and pitch:

fh(V, 9) =by + b1V + bob, (4)

where by, by, and by are identified coefficients.
Planar curvature is modeled as

1oV, §) = cﬁ% tan b, (5)



where g is gravitational acceleration and ¢, is an empirical scaling coefficient. This planar approx-
imation neglects three-dimensional kinematic effects, taking Vi = V cosy ~ V for small flight-path
angles, || < 1.

Airspeed rate may be specified directly through the virtual input a. When a command-based
representation is needed, a is replaced by

a=fu(V,T,0) = co+ 1T + caT? + 3T — kpV? — gsin6, (6)

where T' € [0, 1] is the throttle command, ¢y through c3 define its empirical contribution, and kp is
an effective quadratic airspeed coefficient. In this form, the control vector is [§ ¢ T]7, and airspeed
rate is determined by Eq. 6.

The identified parameter vector is

n= [bOa b17 b2a Ck, Co, C1, C2, C3, kD]T (7)

Trajectory generation is restricted using conservative bounds supported by the analyzed flight

data:
1

Vmin < Vv < Vmax; hmin < h < hmaxy ‘H’ < Rmax = 55—
Rmin

(8)

3 Methods

Flight data were collected from a 9-ft-wingspan foam aircraft equipped with a Pixhawk Cube
Orange flight controller running PX4 autopilot software. Data from six remotely piloted flights
were recorded using PX4’s ULog system and extracted using the pyulog library.

The recorded data streams had different sampling frequencies: vehicle angular velocity was
recorded at 50 Hz, attitude and acceleration at 20 Hz, local position estimates at 10 Hz, and
airspeed at 5 Hz. The local-position timestamps were used as the common time vector. All other
continuous signals were linearly interpolated onto this vector, resulting in a nominal sampling rate
of 10 Hz. A third-order Savitzky—Golay smoother with a 51-sample window was applied to airspeed,
vertical speed, pitch, and bank angle. Airspeed rate was obtained by applying the corresponding
first-derivative Savitzky—Golay smoother to the interpolated airspeed signal. Heading derived from
the attitude quaternion was unwrapped and differentiated to obtain heading rate. The processed
signals were used for flight-phase segmentation, model identification, and evaluation.

A rule-based segmentation algorithm separated each flight into takeoff (TO), landing (LND),
and three airborne maneuver categories: straight and level (S&L), ascent/descent (A/D), and turn
(TURN). Altitude was referenced to the first local-position sample in each flight log. The landed
state was obtained from the PX4 vehicle_land.detected topic. The algorithm calculated
the median altitude among samples above 5 m and defined the transition altitude as 5 m below
that value. Samples between liftoff and the first crossing of the transition altitude were classified
as takeoff. Samples after the final crossing of that altitude and before landing were classified as
landing. Samples above the transition altitude were classified according to bank angle and vertical
speed:

e TURN: bank-angle magnitude greater than 8.0°;
e S&L: bank-angle magnitude of 8.0° or less and vertical speed within +0.5 m/s; and

e A /D: bank-angle magnitude of 8.0° or less and vertical speed outside +0.5 m/s.



Figure 1 shows a representative flight path
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Figure 1: Three-dimensional flight path color- straight-and-level and ascent/descent segments ac-
coded by operational phase: takeoff, straight- cording to vertical speed.

and-level, ascent/descent, turn, and landing. The climb and airspeed-rate models were iden-

tified using an in-air dataset defined independently

of the maneuver classifications. A sample was included when the aircraft was not classified as

landed, airspeed exceeded 5 m/s, and altitude exceeded 2 m above the local reference. The climb

model in Eq. 4 used vertical speed as the response and airspeed and pitch as predictors. The

airspeed-rate model in Eq. 6 used differentiated airspeed as the response and motor command,

airspeed, and pitch as predictors.
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Figure 2: Altitude and bank-angle time histories color-coded by operational phase for a represen-
tative flight.

A separate steady-turn dataset was defined to identify the curvature coefficient in Eq. 5. The
dataset was intended to exclude brief roll transients and other nonsteady maneuvers. Samples
were required to satisfy the in-air criterion, have a bank-angle magnitude of at least 5.0°, have a
heading-rate magnitude of at least 5.0°/s, have a pitch-angle magnitude below 5.0°, and have an
airspeed-rate magnitude below 0.5 m/s?.



All coefficients were identified using least
squares. For the climb model, vertical speed was
regressed against the constant, airspeed, and pitch
terms in Eq. 4. Figure 3 shows the fitted climb
surface overlaid on the measured data.

For the airspeed-rate model, the known grav-
itational term was moved to the response side
P of Eq. 6, such that a 4+ gsinf was used as the
> pren €% regression target. This response was regressed

against a constant, the linear, quadratic, and cubic

motor-command terms, and the negative squared-
Figure 3: Fitted climb surface overlaid on mea- airspeed term. The fitted function fo(V, T’ 0) maps
sured flight data, mapping vertical speed as a motor command, airspeed, and pitch to airspeed
function of airspeed and pitch. rate.
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For the curvature model, heading was un-
wrapped and differentiated to obtain the measured heading rate, ». Measured heading rate was

regressed against the kinematic prediction from Eqs. 2 and 5. The regression was constrained to

pass through the origin, and its slope provided c,. Figure 4 shows the resulting fit.
Conservative trajectory-design bounds were .
derived from the pooled data from all six flights. o Steny T D
Airspeed bounds were defined by the 2nd and % « a1
98th percentiles, and vertical-speed bounds were
defined by the 5th and 95th percentiles. Nomi-
nal airspeed was defined as the median airspeed
among straight-and-level samples. The bank-
angle value used to calculate the curvature bound
was the 95th percentile of the bank-angle magni-
tude in the steady-turn dataset. The minimum
design turn radius and maximum design curva-
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Model consistency across flights was evaluated using leave-one-flight-out cross-validation. For
each fold, a model was fitted using five flights and evaluated on the remaining flight. Predictions
from all six held-out flights were pooled before the test B2 and RMSE were calculated. Full-
data metrics were calculated from the model fitted to the pooled data from all six flights. For
the airspeed-rate model, the reported metrics were calculated for the gravity-corrected response
a + gsinf. The identified coefficients and evaluation metrics are summarized in Table 2.

Forward simulation was used to evaluate the airspeed-rate model separately from its instanta-
neous regression fit. The simulation was initialized with measured airspeed and propagated using
explicit Euler integration of the airspeed rate predicted by f,(V,T,0) at the recorded time inter-
vals. At each subsequent time step, the propagated airspeed was supplied to the model in place
of measured airspeed. The recorded motor-command and pitch histories were retained as inputs.

Because the displayed flight was included in the full-data identification set, this simulation is an
in-sample evaluation rather than independent validation.



4 Results

Table 1 summarizes the flight-supported design values derived from the six analyzed flights.

Table 1: Flight-supported design values derived from the six analyzed flights.
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Rin (m)
66

Bounds

Figure 5 shows the distributions of measured and derived flight variables across the segmented
phases. Elevated heading rates and bank-angle magnitudes align with the TURN classification.
The A/D phase spans positive and negative vertical speeds, corresponding to ascent and descent,
while takeoff is associated primarily with positive vertical speed. These distributions show the
conditions represented in the identification data.
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Figure 5: Distributions of flight variables across the five operational phases for the six analyzed

flights.

The bounds and distributions are derived from six flights covering similar operating condi-
tions. Although these data support preliminary modeling within the observed conditions, broader
trajectory design will require additional flights with deliberately varied maneuvers.

Table 2 presents the identified climb, curvature, and airspeed-rate parameters and their leave-
one-flight-out cross-validation metrics. The climb coefficients use airspeed and vertical speed in
meters per second and pitch in radians. The curvature RMSE is calculated for heading rate, and
the airspeed-rate metrics are calculated for the gravity-corrected response a + g sin 6.

The climb and curvature models achieved test R? values of 0.93 and 0.93, respectively. The
differences between the full-data and test values were 0.002 for the climb model and less than 0.001
for the curvature model. These results indicate consistent performance across the six held-out
flights.

The curvature coefficient was identified as ¢, = 0.78. Over the analyzed steady-turn conditions,
the measured heading rate was approximately 78% of the kinematic prediction. The remaining
variation is not represented by the constant curvature coefficient.



The airspeed-rate model produced a test R? of 0.610 for the gravity-corrected response. Airspeed
rate was obtained by differentiating airspeed and was therefore sensitive to measurement noise
and numerical-differentiation error. Wind variation, propulsion-response dynamics, and battery-
voltage variation may also contribute behavior not represented by the static function f,(V,T,6).
Nevertheless, the model captured the dominant relationship among motor command, airspeed,
pitch, and airspeed rate.

Table 2: Identified model parameters and leave-one-flight-out cross-validation results.

Model Identified parameters Evaluation results
Climb by = —3.106, by = 0.0829, by = 23.377 Full-data R?: 0.929
Eq. 4 Test R?: 0.927
Test RMSE: 0.738 m/s
Curvature c. =0.778 Full-data R?: 0.932
Eq. 5 Test R?: 0.932
Test RMSE: 0.0581 rad/s
Airspeed rate co = —0.822, ¢y = 6.837, co = —2.795 Full-data R?: 0.673
Eq. 6 c3 = 3.217, kp = 0.00598 Test R?: 0.610

Test RMSE: 0.681 m/s?

Figure 6 provides an in-sample evaluation of the airspeed-rate model using a representative
flight. The top panel compares measured airspeed rate with the instantaneous prediction from
fa(V,T,0) using measured airspeed, motor command, and pitch. The bottom panel shows a for-
ward simulation initialized from measured airspeed and propagated by integrating the predicted
airspeed rate. At each subsequent time step, the simulated airspeed was supplied to f,(V,T,0)
while the recorded motor-command and pitch histories were retained as inputs. The full-data
model reproduced the measured airspeed over the selected interval without divergence. Because
the evaluated flight was included in the identification dataset, this result demonstrates in-sample
consistency rather than independent predictive performance.

5 Conclusions

This work identified a nonlinear point-mass performance model for a subscale fixed-wing re-
search aircraft using onboard data from six remotely piloted flights. The available flight logs
supported identification of the vertical-speed, curvature, and airspeed-rate relationships required
by the selected model.

The climb and curvature models performed consistently across the six held-out flights. The
identified curvature coefficient, ¢, = 0.7777, indicates that the measured heading rate was approx-
imately 78% of the kinematic prediction over the analyzed steady-turn conditions.

The airspeed-rate model had greater prediction error because it relies on differentiated air-
speed and does not represent wind variation, propulsion transients, or battery-voltage variation.
Nevertheless, it captured the dominant response to motor command, airspeed, and pitch. The
full-data model also reproduced measured airspeed over a representative in-sample interval without
divergence.

The resulting parameter set supports preliminary trajectory optimization and guidance design
within the flight-supported bounds established in this study. Broader application will require flights
with more varied maneuvers, instrumented actuator and propulsion measurements, and independent
evaluation of generated three-dimensional trajectories.
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Figure 6: Instantaneous airspeed-rate prediction (top) and forward-simulated airspeed (bottom)
compared with recorded data over a representative in-sample flight interval.
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in-sample forward simulation reproduced the measured airspeed over a representative interval without divergence. The resulting model supports
preliminary three-dimensional trajectory generation within conservative, flight-supported design bounds and can be reidentified as the vehicle

configuration changes.
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