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Abstract— Hybrid unmanned aerial vehicles (H-UAVs) are
highly versatile platforms with the ability to transition between
rotary- and fixed-wing flight. However, their (aero)dynamics
tend to be highly nonlinear which increases the risk of intro-
ducing safety-critical modeling errors in a controller. Designing
a safe, yet not too cautious controller, requires a credible model
which provides accurate dynamics uncertainty quantification.
We present a data-efficient, probabilistic semi-parametric dy-
namics modeling approach that allows for online, filter-based
inference. The proposed model leverages prior knowledge using
a nominal parametric model, and combines it with residuals
in the form of sparse Gaussian processes to account for
possibly unmodeled forces and moments. Uncertain nominal
and residual parameters are jointly estimated using Bayesian
filtering. The resulting model accuracy and the reliability of its
predicted uncertainty are analyzed for both a simulated and a
real example, where we learn the 6DoF nonlinear dynamics of
a tiltwing H-UAV from a few minutes of flight data. Compared
to a residual-free nominal model, the proposed semi-parametric
approach provides increased model accuracy in relevant parts
of the flight envelope and substantially higher credibility overall.

I. INTRODUCTION

H-UAVs are versatile aircraft that transition between fixed-
wing and rotary-wing flight modes and thus feature both
efficient and fast cruise flight as well as vertical take-
off/landing (VTOL) capabilities. The large flight envelope of
H-UAVs enables many attractive applications such as long-
range point-to-point parcel delivery. However, it often entails
highly nonlinear and vastly different flight dynamics from
hover to cruise. This considerably complicates accurate mod-
eling and increases the risk of creating a model with errors
that degrade the performance of model-based controllers or,
more critically, impair controller stability and thereby system
safety. The latter risk is further stressed considering that
the data used to train and/or improve a model might only
be available through actual flight tests, e.g., when wind-
tunnel testing is infeasible due to costs or does not provide
the required range of data. As such, the UAV needs to be
controlled using a model which is initially uncertain. To
still enable safe data collection for model improvement—
and safe flight in general—it is therefore key that a dynamics
model also provides reliable uncertainty quantification which
can be used in a probabilistically safe control framework.
Furthermore, an accurate indication of model uncertainty can
be leveraged for targeted, active exploration of the dynamics
[1]–[3], which is highly desirable considering the limited
flight time available in practice.
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Fig. 1. The presented online semi-parametric learning framework estimates
the nonlinear (aero)dynamics of H-UAVs from flight data and provides
reliable model uncertainty quantification. Dynamic states, model parameters
and residual terms based on sparse Gaussian processes (SPGP) are jointly es-
timated in real-time using filter-based inference. For qualitative illustration,
we show a collection of mean estimates for states (blue), system parameters
(red), and a residual component R3 → R in the form of slices (right).

Ultimately, we aim to develop safe, active learning ap-
proaches to create accurate models online during flight. The
work presented in this paper is a critical component to reach
this goal: a dynamics modeling and learning framework that
provides:

• Expressiveness for high accuracy and model-based con-
trol.

• Credibility for accurate uncertainty quantification to
encourage probabilistically safe, yet not too cautious,
control and exploration.

• Sample efficiency to learn from limited real-world data.
• Real-time learning for online model adaptation and

prompt (re-)planning of exploration trajectories in flight.

1) Related Work: Parametric grey-box approaches based
on domain knowledge and first principles form a strong
prior for learning dynamics models, including H-UAVs [4]–
[6]. The informed structure and embedded prior knowledge
allow for fast and sample-efficient learning, and offer good
generalization. However, we cannot generally assume that
these models can capture all nuances relevant to a particular
application. For example, the model structure presented in [6]
fails to explain the pitch dynamics of the H-UAV in Fig. 1
during backward flight, predicting available control margins
when, in fact, the controller saturates the system.

To improve accuracy, so-called semi-parametric model-
ing approaches combine prior-knowledge based parametric
(hereafter nominal) components for sample efficiency with
general-purpose, data-driven residual terms to compensate
for remaining errors. Successful applications are demon-
strated on several different robotics platforms, including
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unmanned aerial vehicles (UAVs), with popular residual
terms including neural networks [7], [8], mixture models
[9] and full- or sparse Gaussian processs (GPs) [10]–[14].
However, while these works achieve potentially high accu-
racy, they only provide a single (e.g. maximum likelihood)
point estimate of the dynamics or, with GP residuals, only
the residual carries uncertainty. Without full probabilistic
inference, the desired accurate uncertainty quantification is
missing.

Further, in these works, learning is posed as regression
problem, where the input, i.e. the system’s kinematic state,
is known. On UAVs however, without access to wind-tunnel
testing or high fidelity instrumentation, (model-independent)
state knowledge cannot be assumed and both the state (a
hidden variable) and the model need to be estimated simul-
taneously. Among different available methods, joint filtering
[15], where the model parameters are augmented to the
state, allows for the recursive, fully probabilistic treatment
of the problem necessary for accurate online uncertainty
quantification.

2) Contributions: We leverage semi-parametric modeling
and filtering-based, online probabilistic inference to learn the
nonlinear dynamics of H-UAVs with both high accuracy and
credibility.

• We propose a semi-parametric model structure that is
tailored to improve accuracy of (H)-UAV dynamics in
critical and difficult-to-model flight phases such as the
hover-cruise transitions of tilt-wing aircraft.

• We show how to use the model formulation within
a joint unscented Kalman filter (UKF) for credible
online, nonlinear state- and model estimation. Particular
attention is paid to the inclusion of the selected sparse
pseudo-input Gaussian process (SPGP) residual terms
in the filter.

• We validate the accuracy and credibility of the proposed
approach on the example of learning the highly nonlin-
ear 6DoF dynamics of a tiltwing H-UAV in real-time,
using data from both simulated and real systems.

Improvements in accuracy at relevant states and a signif-
icant increase in credibility over the residual-free baseline
model suggests that the proposed learning framework is a
viable candidate to enable future efforts in probabilistically
safe control and active exploration for dynamics learning.

II. PROBLEM STATEMENT

We focus on semi-parametric modeling and credible online
learning for H-UAVs, which are challenging as they exhibit
highly non-linear and only partially observable process dy-
namics. While the presented inference approach could be
applied to other state-space problems, accurate probabilistic
inference is known to be worst-case intractable and approx-
imations have to be validated.

For many applications, UAVs are sufficiently modeled as
a single rigid body, subject to gravity g as well as forces F
and moments M from aerodynamic and inertial/gyroscopic
sources (1). In (1), the state x ∈ Rnx is composed of position
and ground-speed (Ir, Bv), body attitude and angular rate

(qIB or RIB , Bω), actuator states δ and inertial wind
Ivw. u ∈ Rnu is the control input, and the (potentially
uncertain) dynamics are parameterized with nominal Θ ∈
RnΘ (including mass m and moment of inertia BI) and
residual Φ ∈ RnΦ parameters1.

I ṙ = RIB · Bv (1a)

q̇IB =
1

2
qIB ⊗ Bω (1b)

Bv̇ = m−1
BF(x;Θ,Φ)− Bω × Bv + Bg (1c)

Bω̇ = BI
−1 (BM(x;Θ,Φ)− Bω × BIBω) (1d)

δ̇ = fδ(δ,u) (1e)

I v̇w = nw (1f)
y = h(x;Θ,Φ) + ny, (1g)

F and M further include the state-dependent uncertainty
carried by the SPGP-based residuals, see III-C. Actuator
states δ (servo positions, propeller rotational speeds) are
propagated using separate, e.g., rate-constrained first order
systems fδ , and the wind dynamics are approximated as
random walk with nw,i ∼ N (0, σw,i). Leading subscript
denote body B() and inertial I () frames of reference, vector-
and matrix quantities are in bold face.

The system is assumed to be observed through noisy mea-
surements y, with noise ny,i ∼ N (0, σy,i), from 1) global
navigation satellite system (GNSS) position and ground-
speed, angular rates and linear acceleration from an inertial
measurement unit (IMU) and 3D magnetic field as well as 2)
1D airspeed va,x and possibly angle-of-attack and sideslip.
The former set is central to the estimation of the inertial
pose and twist, while the latter provides air-relative quantities
relevant for wind estimation.

III. METHODOLOGY

To estimate the dynamics of the partially observable pro-
cess defined above, we follow the practice of joint filtering
[15] by augmenting the process model (1) with [Θ̇, Φ̇] =
0 and treating the model parameters as part of the state
x′ = [x,Θ,Φ].

A. Nominal parametric model

The forces and moments in (1), are approximated using
common parametric models for the aerodynamic lift- and
drag of airfoils and the fuselage as well as propeller forces
and torques. For a lack of space, we have to refer to detailed
descriptions of these components in previous work [16] and
aerodynamic modeling literature, e.g. [4], [17], [18].

Several H-UAVs types, such as the presented tiltwing and
some tailsitter designs [19], make use of the forced flow on
wing segments located behind propellers. The additional lift,
drag and reduced flow-separation effects on these segments
are relevant to the dynamics and should not be neglected.
A first approximation is obtained by superposition of the

1While the approach is conceptually semi-parametric, when implemented
it is conventional to use a finite parameterization to avoid growth with data.
The model, like other sparse GPs and neural networks, is still non-parametric
in the sense of being entirely data-driven.
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free-stream airflow and the propeller slipstream [16], [19] as
well as terms lumped to propeller forces, cf. ram-drag in
[18]. Due to the complex (turbulent etc.) flow phenomena,
however, more accurate yet general modeling is difficult and,
instead, data-driven residual terms are included to further
improve accuracy.

B. Sparse Gaussian process residuals

Assuming the rigid-body assumption holds, and in the
absence of external disturbances, any non-reducible errors
in the nominal formulation of (1) can be attributed to either
structural errors in F and M or the overall reduced order
of the dynamics model due to, e.g. the disregard of the
state of the fluid surrounding the H-UAV. In this work, we
compensate for the former, by adding residual components
rF (x;Φ), rM (x;Φ) where deemed necessary.

GP-based residuals allow for flexible function approxima-
tion with encoded uncertainty about unseen parts. However,
recursive state and model estimation using parameterized
dynamics combined with standard GP residual terms is
generally not possible. Since GP residuals, model parameters
and states all enter the observation model, the GP targets
will become correlated with parameters and states through
observations. For inference, it would be required to keep
track of the increasing set of GP targets and their joint
distribution with the state and model parameter estimates.

A more practical solution, which allows for recursive up-
dates and which offers constant update and prediction com-
plexity, is obtained by adopting the SPGP formulation from
[20]. It approximates the full inference problem by consid-
ering a finite, constant-size set of values Φ (pseudo-targets)
of the GP at selected input locations xGP ∈ XGP (pseudo-
inputs). The SPGP can thus be seen as a function param-
eterized by Φ, with (noise-free) predictions r ∼ N (µr,Σr)
given by the standard GP observation likelihood [21]

µr(x
∗) = kn(x

∗)TK−1
n Φ

Σr(x
∗) = k(x∗,x∗)− kn(x

∗)TK−1
n kn(x

∗)

and [kn(x
∗)]i = k(x∗,xGP,j), [Kn]ij = k(xGP,i,xGP,j) the

Gram matrices with kernel k(·, ·) and query location x∗.

C. Filtering with SPGP residuals

Given its parametric form, updating the SPGP ties natu-
rally into the adopted filtering framework where we estimate
Φ along with other model parameters Θ and the system
state x to capture the full joint probability p(x,Θ,Φ). While
the residual’s mean µr is, technically, just an additional
parametrized function, we leverage the covariance Σr to
retain the key property of a GP to provide an input (i.e. state)
dependent uncertainty that grows with increasing distance to
observation locations. It will therefore remain uncertain away
from xGP , even if Φ̂ converges. This is desirable, since it
reflects the inability to make global residual predictions with
information compressed to the sparse finite set Φ. Formally,
this is achieved in the process and measurement model by
treating the residual probabilistically as r ∼ N (µr,Σr) with
Σr depending on both the belief [x̂, Φ̂] ∼ N (µx,Φ,Σx,Φ)

in (2b) and the GP prediction uncertainty in (2c)—which
persists away from xGP and represents the uncertainty in
the residual where the SPGP cannot learn.

µr(x̂, Φ̂) =kn(µx)
TK−1

n µΦ, (2a)

Σr(x̂, Φ̂) =JT
µr
Σx,ΦJµr (2b)

+ k(µx, µx)− kn(µx)
TK−1

n kn(µx) (2c)

(2b) depicts a linearized uncertainty mapping with Jacobian
Jµr

= ∂µr/∂[x̂, Φ̂]. This is implicitly accounted for through
µr when using sampling-based uncertainty propagation, e.g.
within a UKF.

D. Performance criteria

We use the mean absolute error (MAE) to measure the
average accuracy of predicted linear and angular acceler-
ations, and the inclination index (II) and non-credibility
index (NCI) [22] to evaluate the quality of the associated
uncertainty predictions. These metrics are obtained from a
set of sampled filter realizations j per experiment, see IV-C.

The II and NCI evaluate a ‘difference’ between the
distributions of the actual- and the expected prediction
errors. Let x̃ be the model prediction error. The matrix
of mean squared prediction errors, P ∗, is estimated from
M sampled model predictions as P ∗ = 1

MΣM
j=1x̃j x̃

′
j . It

is compared with the predicted variance P by means of
the credibility ratio ρj = x̃T

j P−1
j x̃j/x̃T

j P∗−1x̃j [22]. If the
predicted distribution of estimation errors is ‘wider’ than
the true/sampled one, the credibility ratio will be less
than one (the model is ‘pessimistic’). This is not ac-
curate, but still safe for bounding the estimated system
dynamics. A ‘narrower’ (optimistic) estimate would also
not be accurate, but could additionally be unsafe as it is
incorrectly over-confident. II(k) = 10

MΣM
j=1 log10(ρj) and

NCI(k) = 10
MΣM

j=1 |log10(ρj)| reflect this optimism or pes-
simism and overall accuracy by considering the sum of
signed or absolute logs, respectively. For high credibility,
the goal is to minimize NCI (≥ 0) while, for safety, a
tendency towards conservative uncertainty estimates (II ≤
0) is desired.

IV. EXPERIMENTAL VALIDATION

We demonstrate real-time inference with the proposed
framework for learning the full 6-DoF nonlinear dynamics
of a small tiltwing H-UAV from on-board measurements.
In previous work [6], we showed that a batch-optimized
(nominal) parametric model provided a good approxima-
tion of the translational dynamics. However, it failed at
predicting the pitch dynamics during transitions. Here, we
investigate possible improvements attained through semi-
parametric learning, both in terms of accuracy and model
credibility through probabilistic inference.

A. Tiltwing Model

The considered tiltwing H-UAV (Fig. 1) is a custom
platform [23] with a wingspan of 2m, a take-off weight of
7kg, and a cruise speed of up to 25m/s.
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Fig. 2. Illustration of the component build-up underlying the dynamics
model. Individual airfoil segments, propellers, and the fuselage contribute to
the net wrench based on local inflow conditions and, if applicable, actuator
states.

1) Dynamics: The process model of the filter is based
on (1) with aerodynamic forces and moments summed from
individual contributions of airfoil segments, propellers and
the fuselage as detailed in III-A and [16], see Fig. 2. Notably,
we apply the described propeller-wing interaction modeling
for the fully blown wing. Servo and propeller dynamics are
modeled as rate- and input-constrained first order systems.
Overall, nx = 26 including the states of all nu = 11
actuators.

A set of nΘ = 27 nominal model parameters is esti-
mated in the following experiments. It includes the mo-
ments of inertia (Ixx, Iyy, Izz, Ixz), center of gravity lo-
cation (−dx,−dz), time constants for control surfaces,
main- and tail-propeller (τcs,ele, τcs,ail, τpm, τpt), propeller
thrust coefficient cT,J , aerodynamic coefficients for the
wing (cL,0, cL,α, cL,δail

, cL,fp, cD,0, cD,α2 , cD,fp) and a sub-
set thereof for the horizontal and vertical stabilizers. Fi-
nally, we include correction factors for ram-drag (κram),
propeller slipstream strength (κslip) and fuselage drag
(κcd,x, κcd,y, κcd,z). Further details can be found in [6], [16].

SPGP residual terms are added to less well-fitted com-
ponents of the parametric model, i.e., the body-z force
Z as well as the roll, pitch, and yaw moments L,M,N
using inputs known to affect these respective components.
The overall number of pseudo-inputs was maximized within
computational constraints, see IV-B.

rZ(va,x, δpm, δw;ΦZ) nΦZ
= 20

rL(∆δpm,∆δail, δw;ΦL) nΦL
= 10

rM (va,x, δpm, δw;ΦM ) nΦM
= 20

rN (va,x, va,y, ωz;ΦN ) nΦN
= 10

The residual’s pseudo input locations are uniformly dis-
tributed across the projection of the flight envelope onto the
corresponding inputs, i.e., they are placed close to states
the UAV typically operates at. These operating points can
be obtained from existing flight data or a model prior. We
use squared-exponential kernels with a diagonal covariance.
Their length scales and variance are not specifically opti-
mized. As a preliminary heuristic and for the purpose of
demonstrating the overall approach, we choose the length
scales proportionally to the distance between pseudo-input
points. If they are chosen too small, the SPGP can only learn
close to the xGP , if they are too large, there is a risk for

overly confident extrapolation.
Overall, nx′ = 113 for the semi-parametric model Msp

and nx′ = 53 for the nominal parametric model Mp.
The dynamics used to simulate the platform and generate
synthetic data feature, for most components, an identical
structure to the filter process model. Differences stem from
simplifications made to the process model, and purposely
introduced mismatches in the simulated propeller-wing in-
teraction to be captured by the residual terms of the semi-
parametric model.

2) Measurements: Obtained from the onboard (simulated
and real) Pixhawk 4 autopilot [24] with its IMU, barometer,
and magnetometer, as well as a GNSS unit and a 1-D
airspeed probe. For convenience and lack of instrumentation,
respectively, magnetic field B and angle-of-attack AoA are
reconstructed from the flight controller’s internal kinematic
state estimate.

signal sensor fupd σ

Ir GNSS
(ublox Neo-M8N)

5Hz [1, 1, 1] m

Iv 5Hz [.2, .2, .2] m/s

Bω IMU
(BMI055/ICM-20689)

20Hz [.025, .025, .025] rad/s

BaIMU 20Hz [.25, .37, .53] m/s2

BB pseudo-measurement 20Hz [.1, .1, .1] [−]

va Pitot, (flow-based, SDP33) 5Hz 1 m/s

AoA pseudo-measurement 5Hz .2 rad

B. Filter

In all experiments, filtering is performed using a UKF
due to its superior performance on nonlinear problems
compared to, e.g., an extended Kalman filter (EKF), which
was found to diverge for a majority of initial conditions
with the considered dynamics. We use identical settings for
process and measurement noises for comparability amongst
all experiments. The C++ implementation of the UKF with a
maximum of nx̂′ = 113 states for the semi-parametric model
achieves an update rate of > 20Hz on a laptop-grade CPU
(2.9GHz Intel-i7, single core). Hence, real-time inference is
possible with the employed time-discretization of 0.05s in
all experiments. Note that the complexity of a UKF scales
with O(L2) in number L of parameters/pseudo-inputs [25].

C. Evaluation methodology

The baseline parametric Mp and the semi-parametric
model Msp are estimated using recorded input and mea-
surement trajectories u(k), y(k) from simulated and real
flights. At any time k during the filtering process on a given
trajectory T , the instantaneous belief of model [Θ̂, (Φ̂)]k|k
can be evaluated based on its accuracy and credibility in
predicting linear (a) and angular accelerations (α)

B âIMU = m̂−1
BF(x; Θ̂, Φ̂) + B âc (3a)

Bα̂ = B Î
−1

(
BM(x; Θ̂, Φ̂)− Bω × B ÎBω

)
(3b)

at some state x. B âc = B
ˆ̇ω × Bd̂ + Bω × (Bω × Bd̂)

are the Coriolis and centrifugal accelerations measured by
an IMU offset from the center of gravity by d. The pre-
diction errors are formed with the measured acceleration
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BaIMU (x) and the time derivative of the measured angular
rate Bω̇IMU (x). To evaluate II and NCI , the required error
statistics are approximated by sampling 100 prior model
means µj

Θ,Φ,0|0 ∼ N (µ∗
Θ,Φ,ΣΘ,Φ,0|0), and therefore filtering

runs j, per learning trajectory. Assuming µ∗
Θ,Φ lies close to

the ground truth, we therefore initialize each filter j with a
credible estimate.

In (3), when evaluating the models learned from real flight
data, we do not have access to the ground-truth state x.
Instead we need to rely on an estimate x̂ which will, since
its obtained jointly with the model, inevitably be biased
towards the model to a degree depending on the filter tuning.
E.g., the joint estimate of the wind and the dynamics might
give correct (instantaneous) acceleration predictions, while
both wind and dynamics model are, however, wrong. It is
then specific to the application, whether an accurate motion
prediction or an accurate model itself is desired. We therefore
present two choices for obtaining x̂ when evaluating models
learned from real data. The first uses, for each model struc-
ture m ∈ {Mp,Msp} and filter realization j, the individual,
UKF-smoothed [26] state estimate x̂m,j

k |y0:N . Alternatively,
to counteract potential biases introduced with this method,
we also evaluate the model using the sample mean and
covariance of the smoothed state means µm,j

x,k |y0:N over all
model structures and filter realizations. To reduce potential
biases of x̂ in the first place, the filter noise values are tuned
to obtain similar smoothed state trajectories between models
and filter realizations.

For the actual choice of x in (3), we consider the full flown
training trajectory Ttrain and, in simulation, an additional
test trajectory Ttest. Hence, when evaluating an intermediate
belief of the model, both past/seen, as well as future, possible
unseen, states are included. This allows to simultaneously
investigate two desired properties of the learning method: 1)
to not forget about the past (and locally overfit) as well as
2) to reliably extrapolate to new states.

D. Results

For ease of comparison and presentation, we summarize
the statistics of selected performance metrics over all states
of a given trajectory using boxplots, cf. Fig. 3 and Fig. 4.
The MAE, as well as the II and NCI are evaluated per
state, and are themselves statistics (averages) over all 100
filter realizations. For the predicted Mahalanobis distances
dM (the numerator in ρ, see III-D), the boxplots summarize
over both states and filter realizations j.

1) Learning from simulated data: In simulation, Ttrain is
(heuristically) designed to achieve observability of approxi-
mately steady translational- and decoupled angular dynamics.
The H-UAV gradually transitions from hover- to cruise
flight, and back. At several intermediate wing tilt angles,
all three axes roll, pitch and yaw are individually excited
using step-like inputs. Ttest on the other hand, is more
dynamic, involving rapid transitions and coupled changes in
the attitude references.

Fig. 3 shows the accuracy and credibility attained with
the filtered ()f beliefs of the nominal parametric (Mf

p ) and

Fig. 3. Initial, intermediate, and final prediction error and credibility
statistics for the models learned from simulated data.

the semi-parametric (Mf
sp) models at three different times

during learning. Medians of axis-wise MAEs and results for
batch-optimized ()b models M b

p , M b
sp are detailed in Table I.

At t = 0.25T , i.e. a quarter into the training trajectory,
errors are still comparably high, since only a subset of states
has been visited. E.g., the dynamics of cruise-flight, and rel-
evant model parameters such as lift coefficients, have not, or
only partially become observable at this point. Compared to
Mf

sp, however, the credibility of Mf
p is already significantly

degraded and will reduce further as model beliefs converge
with additional data until t = T , rendering Mf

p over-
confident and therefore unsafe. Mf

sp on the other hand, de-
spite a slower learning rate and similar or lower accuracy on
the angular dynamics, retains its comparably high credibility.
The lower accuracy of Mf

sp on the test set might indicate
over-fitting to the training set, albeit in a credible way,
i.e., where larger prediction errors are paired with higher
prediction uncertainty. Since the simulated dynamics and Mp

are still very similar, the additional expressiveness of Msp

is likely to hamper extrapolation accuracy, with residuals
making up for parts that Mp could, and ideally should,
explain. A similar tendency is observed when comparing the
absolute error statistics of the corresponding batch-optimized
models M b

p , M b
sp in Table I.

2) Learning from real data: As described in IV-C, when
using real data, the hidden state x needs to be estimated.
In the following, ()ego refers to the use of an estimate x̂
individual to each filter realization, and ()uni to the use of

TABLE I
MEDIAN PREDICTION MAE AT t = T ON SIMULATED DYNAMICS

trajectory model
a [m/s2] α [rad/s2]

ax ay az a αx αy αz α

Ttrain
Mf

p 0.35 0.01 0.18 0.42 0.04 0.69 0.04 0.83
Mf

sp 0.22 0.01 0.31 0.43 0.07 0.65 0.06 0.78

Ttest

Mf
p 0.29 0.03 0.45 0.65 0.15 0.79 0.13 1.00

Mf
sp 0.19 0.04 0.54 0.65 0.18 1.33 0.23 1.68

Mb
p 0.21 0.03 0.29 0.43 0.12 0.38 0.09 0.56

Mb
sp 0.18 0.02 0.24 0.39 0.12 0.66 0.09 0.83
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Fig. 4. Initial, intermediate, and final prediction error and credibility
statistics for the models learned from real data.

TABLE II
MEDIAN PREDICTION MAE AT t = T ON REAL DYNAMICS

trajectory model
a [m/s2] α [rad/s2]

ax ay az a αx αy αz α

T ego
train

Mf
p 0.17 0.15 0.24 0.42 0.28 0.34 0.36 0.76

Mf
sp 0.16 0.13 0.23 0.40 0.29 0.30 0.31 0.71

Tuni
train

Mf
p 0.17 0.14 0.29 0.46 0.34 0.41 0.36 0.84

Mf
sp 0.17 0.15 0.31 0.47 0.31 0.36 0.32 0.77

Mb
p 0.11 0.14 0.23 0.37 0.30 0.32 0.33 0.73

Mb
sp 0.09 0.14 0.18 0.32 0.25 0.27 0.30 0.64

an averaged, single x̂. The trajectory Ttrain involves two
successive, rapid transitions with mostly smooth changes in
attitude references and hence covers states common to a
typical mission profile.

Fig. 4 shows again an overall similar final MAE statistic
between Mf

p and Mf
sp and a significantly higher credibility

attained by Mf
sp. On T ego

train, Mf
sp achieves lower mean and

median MAE for both linear- and angular accelerations, see
Table II. While the average difference over the full trajectory
is small, a closer inspection of particular phases of Ttrain

reveals consistent model improvements attained with Mf
sp.

Notably, we observe the desired gain in accuracy for the
pitch dynamics during transition, where we added a residual
specifically to compensate for the deficiencies of the nominal
model found in previous work [6]. In Fig. 5 we compare
predictions on states of a transition back from cruise to
hover. This part of the flight requires considerable pitch
stabilization effort, due to strong deceleration forces coupled
with shifts in the center of pressure. Accurate modeling is
thus particularly relevant to enable safe control and, e.g.,
prevent control saturation by reducing transition speeds.
Both model realizations M

fj
p , M

fj
sp fail to predict αy at

unseen future states initially, but Mf
sp does so, on average,

with higher credibility. Once the transition is fully observed
(middle), the errors are reduced. Compared to Mf

sp, however,
all realizations of Mf

p consistently overestimate αy shortly
after t = 530s, as shown by the distributions of all 100 filter’s
mean predictions on Tuni

train in Fig. 5, bottom.

Overall, Mf
sp mainly improves accuracy on the angular

dynamics, see Table II. This agrees with previous experience
[6], which indicates sufficient descriptiveness of a similar Mp

for the translational dynamics of a tiltwing. Furthermore,
by the placement of residuals, Msp’s expressiveness and
potential for improvement over Mp, is mainly increased on
the angular dynamics in the first place.

Fig. 5. Vertical linear (az) and pitch angular acceleration (αy) predictions
of single realizations M

fj
p , M

fj
sp before (t = 525s, top row) and after

(t = 550s, middle row) observing the transition dynamics from cruise- to
hover flight. The grey shaded part delimits future, unseen states. Bottom row:
68th-95th-99th percentiles of predicted means over all 100 filter realizations
at t = 550s, using Tuni

train, showing that Msp performs better as desired.

V. CONCLUSIONS AND FUTURE WORK

We proposed a semi-parametric framework for estimation
of H-UAV dynamics that allows us to add SPGP residuals
for critical and difficult-to-model flight phases such as the
hover-cruise transitions of tiltwing H-UAV. We showed that
the SPGP residual terms allow the model to maintain higher
credibility throughout the learning process, i.e. with both
low- and high dynamics observability, while the correspond-
ing residual-free model quickly becomes over-confident and
therefore unsafe. We also showed that the added expres-
siveness of residual components leads to improved accuracy
as intended in the difficult-to-model angular dynamics of a
real H-UAV. Finally, we showed that our UKF-based filter
implementation allows online, real-time learning at > 20Hz
from real flight data on a laptop-grade CPU. Future steps
include evaluation of the learning framework for use with
safe predictive control, as well as further consideration of
the number and placement of the SPGP psuedo-input points.
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