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Abstract—A synthetic air data system (SADS) is an analytical
redundancy technique that is crucial for unmanned aerial vehi-
cles (UAVs) and is used as a backup system during air data sensor
failures. Unfortunately, the existing state-of-the-art approaches
for SADS require GPS signals or high-fidelity dynamic UAV
models. To address this problem, a novel synthetic airspeed
estimation method that leverages deep learning and an unscented
Kalman filter (UKF) for analytical redundancy is proposed. Our
novel fusion-based method only requires an inertial measurement
unit (IMU), elevator control input, and airflow angles while GPS,
lift/drag coefficients, and complex aircraft dynamic models are
not required. Additionally, we demonstrate that our proposed
temporal convolutional network (TCN) is a more efficient model
for airspeed estimation than the renowned models, such as ResNet
or bidirectional long short-term memory (LSTM). Our deep
learning-aided UKF was experimentally verified on long-duration
real flight data and has promising performance compared with
the state-of-the-art methods. In particular, it is confirmed that
our proposed method robustly estimates the airspeed even under
dynamic flight conditions where the performance of conventional
methods is degraded.
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Fig. 1. Schematics of our deep learning-aided unscented Kalman filter (UKF)
framework for analytical redundancy to estimate airspeed.

I. INTRODUCTION

N recent years, there has been an increased demand for

a robust and certifiable synthetic air data system (SADS)
to protect against the breakdown of air data systems (ADSs).
Basically, ADS is a vital component of the existing sensor
suite for both manned and unmanned aerial vehicles (UAVs)
and directly provides some measurements, including the angle
of attack (AOA), side slip angle (SSA), and airspeed. These
parameters contain essential information about an aircraft’s
performance and safety in both normal and abnormal condi-
tions [1], [2].

Unfortunately, ADSs are usually deployed outside an air-
craft fuselage; thus, ADSs are likely to be exposed to condi-
tions which can cause malfunctions. That is, moisture, icing, or
water accumulation can cause blockage faults, which impede
the ADSs from measuring precise air data [3] and thus can
lead to catastrophic accidents. In fact, since 2003, commercial
aircraft have had more than 35 recorded incidents due to ADS
faults [4].

To tackle this issue, many solutions have been proposed in
terms of hardware and software. First, hardware redundancy
refers to a mechanical solution to prepare for the failure of one
sensor by attaching multiple sensors to a commercial manned
aircraft [5]. Accordingly, the method is usually based on a
voting system, which can detect and discard false measure-
ments [6]. This method is reasonable for large aircraft, yet it
is not always appropriate for small UAVs because hardware
redundancy does not usually meet the size, weight, and power
(SWAP) constraints of UAVs.

For these reasons, analytical redundancy, which is also
referred to as SADS for this application, has been actively
explored as an alternative to hardware redundancy. Analytical
redundancy refers to a method for estimating the relevant
quantities (i.e., the airspeed, altitude, pressure, air temperature,
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Mach number, AOA, and SSA) without requiring a direct
measurement [7], which satisfies the SWAP constraints. For
instance, analytical redundancy usually utilizes an inertial
measurement unit (IMU) combined with a dynamic or kine-
matic UAV model and other measurement systems, such as
GPS, to predict the airspeed, AOA, and SSA [4], [7], [8].
For this reason, SADS is used to monitor anomalies, such as
sensor or system failures, in primary ADS; thus, it can serve as
a backup system by providing the air data quantities through
software [9].

However, previous analytical redundancy methods have two
main potential limitations. First, some methods use GPS
measurements as a necessary input. Unfortunately, when GPS
is not available due to some situations, such as jamming
or spoofing [10], the synthetic airspeed estimate will not be
available. Second, most of the previous studies utilized high-
fidelity vehicle dynamic UAV models to estimate the air data
[11]-[13]. However, obtaining an accurate high-fidelity UAV
model is a very complex, costly, and time-consuming task.
Furthermore, the estimated parameters of the aircraft model
can change over time due to wear and tear on the airframe
and propulsion system [7], [9] or in certain environments.
In aviation, when an aircraft passes through air containing
water droplets (moisture), icing can occur if the temperature
at the droplet point is below 0°C. The icing on these aircraft
causes structural changes in the UAV and changes in the lift or
drag coefficients. In such cases, model-based SADS can yield
inaccurate estimation results. Since the icing is a common
source of ADS failure, SADS must be accurate under these
circumstances.

Moreover, in the current era of deep learning [14], numerous
attempts have been made to implement neural networks for
various regression tasks, e.g., [15]-[18]. In particular, some
researchers have adopted these machine learning-based ap-
proaches to aerospace applications. For example, Guo et al.
[17] proposed a novel method for UAV sensor fault diagnoses
using convolutional neural networks (CNNs). Allison et al.
[19] proposed a machine learning approach for wind velocity
estimation based on quadcopter state measurements without
a wind sensor. Furthermore, in our previous study [20], we
successfully showed that the long-short term memory (LSTM)-
based AOA/SSA estimation method outperforms conventional
model-aided methods for analytical redundancy.

In this paper, a novel deep learning-aided airspeed estima-
tion framework is proposed for analytical redundancy and is
presented in Fig. 1. To the best of our knowledge, this study
is the first to attempt to introduce deep learning to estimate
airspeed without direct GPS and airspeed measurements or
relying on a complicated UAV model. The key contribution of
this paper is fourfold:

1) A novel, fusion-based filter method that leverages a deep
learning model and the unscented Kalman filter (UKF) is
proposed for estimating the airspeed without direct GPS
measurements or a high-fidelity UAV dynamic model.

2) The proposed deep learning model for synthetic airspeed
estimation is shown to outperform conventional methods
with small mean error and variance values. In addition,
the temporal convolutional network (TCN) is shown to

provide the most promising results compared with other
deep learning models (i.e., ResNet [14] and bidirectional
LSTM [15]) for synthetic airspeed estimation.

3) The performance of all estimation techniques is evalu-
ated on long-duration real flight data from a fixed-wing
UAV. Our deep learning-aided method shows robust and
promising performance over the state-of-the-art meth-
ods, which implies that our proposed method overcomes
the aforementioned limitations of previous approaches.

II. PRELIMINARY

From the wind triangle relationship, the airspeed vector, v,
the AOA «, and the SSA [ are defined in the body-fixed frame
as follows [21], [22]:

ul® V,cos a.cos 8
vB=lv| = V,sin B (1)

w V,sin v cos 8

w v
=1t -1z S i 2
o = tan (u), B = sin (Va) )

where V, = vu? + v2 4+ w? is the magnitude of the airspeed
[21] and the superscript © indicates the body axis coordinate
frame.

A. Synthetic Airspeed Estimation

According to [23], the acceleration in the z-direction of the

2

body axes, a., can be defined as a, = p;:;; SC,, where m and
S denote the mass and area of the wing, respectively; p is the

local air density and C, is the lift coefficient in the z-direction.

Substituting C', = —C, cosa — Cpsina, a, is expanded as
follows:
V2
a, = Pla S(—CLcosa—CDsina) 3)
2m

where Cp and Cp refer to the lift and drag coefficients,
respectively, which depend primarily on the AOA «.

First, in (3), C can be represented by the summation of
four major lift coefficients as follows:

CrL = CLO —I—OéCLu +6eCL5€ +

c
2V,
where Cpr, and Cp_ denote the constant and linear lift
coefficients, respectively. ¢ denotes the mean aerodynamic
chord of the wing. CL56 and Cp, are lift coefficients with
respect to elevator deflection . and pitch rate ¢, respectively.
¢ denotes the mean aerodynamic chord of the wing.

In (4), because most fixed-wing UAVs are designed to fly
with nonaggressive maneuvers, the effect of pitch rate, Cp,,
can thus be neglected, yielding

CL’R‘JCLO-FO&CLQ-F(;&CL&E. (%)

qCL, “4)

Next, the drag coefficient C'p in (3) can be represented in
terms of o with the following nonlinear relationship [23]:
(CLy+aCr,)’ ©

meAR
where Cp, is the constant drag coefficient from the parasitic
drag effect, AR = b?/S is the wing aspect ratio, b is the
wingspan, and e is the Oswald efficiency factor. The last term
in (6) represents the induced drag effect.

CD:CDP+
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The small v assumption is generally reasonable because the
flight trajectory of a fixed-wing UAV usually does not include
aggressive flights in which « is large [24]. Thus, assuming a
small angle approximation for « in (6), the following linear
relationship is obtained for the drag coefficient:

Cp~Cp,+aCp, N

where Cp, and Cp,_ denote the constant and linear drag
coefficients, respectively.
With a small angle approximation for « (i.e., sin « = « and
cosa = 1—a?/2) and substituting (5) and (7) into (3) yields:
V2
a, ~ _PVa S(CLO + Oé(CLa + CDO) + de CL&E

2m

+06%(Cp, — (Cuy +Cr,, +0C,)[2). ®)

Additionally, it is reasonable to assume nonaggressive flight
maneuvers (i.e., |a| < 5°) so that the o term is negligible and
that the C'r, coefficient is much smaller than C7p,_, allowing
for the term a2 - Cr,/2 to be neglected in (8). With these
reasonable approximations, the z-axis acceleration can be
simplified with the following equation:

PV
CLZ%—%S (OLO+QCLQ+5eCL5E)- )

Rearranging (9), the synthetic airspeed measurement, V, syn,
can be expressed as:

‘7 ~ B 2maz
a,syn ~ pS (CL, +aCr, +6:.CL,,)

where the symbol ~ denotes a synthetic measurement that
differs from the actual measurement. From (10), it can be
deduced that Va,syn is affected by the acceleration on the z-
axis and the lift force. More specifically, assuming that the
lift coefficients (i.e., Cr,, CL,, and Cp, 5.) are available, the
synthetic airspeed Va,syn can be computed accordingly.

(10)

B. Second Order CF for Airspeed Estimation

The dynamic equation for the airspeed state V, can be
defined in terms of measured accelerations by [25]:

v, =a, cosocos 3+ a,sin B + a, sinacos 5
+ g(—cosacosﬁsinH + sin B sin ¢ cos 0

+sinacosﬂcos¢c050) (11)

where g represents the acceleration due to gravity (i.e.,
9.80665m/s%); a, and a, denote the acceleration in the z-
and y-directions, respectively; and ¢ and 6 are the roll and
pitch of a UAYV, respectively.

The complementary filter (CF), which consists of second-
order high-pass and low-pass filters, is another attractive
method to reconstruct airspeed with low computational com-
plexity. In summary, given [a; a, a.]", [¢ 0]7, [« B]", and
d¢, the proposed second-order CF, the airspeed V¢, can be
reconstructed by integrating the high-frequency part of V, and
the low-frequency synthetic measurements ‘N/a,syn as follows
(1], [26]:

Voot = s . 2(cpwers + w2

Va Va )
;syn
82 + 2(cpwers + wk 82 + 2(opwers + wi

12)

Element-wise d= d= d=D
addition — )

@ Leaky ReLU = g <) Q>)~. . _8

JORS o8& 2'E

= B = L %g

L) & -

X = © =
(T, 1) 3?k
(L,T)

(L,T+1I) (W, TxI) (W,TxI)

Fig. 2. (a) Overview of our temporal convolutional network (TCN) that
consists of dilated convolutional layers and skip connections, each of which
is followed by elementwise addition and a leaky rectified linear unit (ReLU).
(b) Visual description of the operation of each dilated convolutional layer. The
same colored lines represent the pipeline between the corresponding input and
output layers (best viewed in color).

where (. and w. denote the damping ratio and break
frequency of CF, respectively. In (12), f/a,syn and V, are
computed by utilizing (10) and (11), respectively. The tuning
of CF involves only two parameters, (s and wcg, which
determine the bandwidth and frequency responses of the filter,
respectively.

III. END-TO-END SYNTHETIC AIRSPEED ESTIMATION
A. Limitations of Conventional Methods

The aforementioned synthetic airspeed estimations work
reasonably well in general, yet there are four limitations. First,
the methods are based on the premise that UAVs operate with
a small pitch rate so that the C'z term is negligible; however,
this assumption sometimes fails in regard to soaring or dive
flying. Second, in a drastic dive flying situation, a, could be-
come positive, so the term in the root in (10) becomes negative,
which leads to catastrophic SADS failures. Third, the small
angle approximation could induce nonnegligible errors when
UAVs meet severe turbulence, which sometimes leads to large
o values. Finally, the lift coefficient parameters (i.e., Cr,,
Cr,,and Cp, ;.) are assumed to be already known, which are
usually measured by wind tunnel experiments. Unfortunately,
these experiments take considerable time, are expensive, and
require field expertise. Furthermore, the parameters acquired
always contain uncertainty and even change as time goes on
for the reasons mentioned above (i.e., wear and tear, icing, or
moisture on the wings or the sensor suite of UAVs) [3], [4],
[27].

B. Temporal Convolutional Networks

To resolve these problems, we propose a learning-based
method with TCN for robust synthetic airspeed estimation to
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overcome the aforementioned limitations of the conventional
approaches. TCN [18] has strong advantages over the typical
variants of recurrent neural networks (RNNs), such as LSTM
and the gated recurrent unit (GRU) [15], in that TCN avoids
the exploding/vanishing gradient problem, which is a major
issue of RNNs. In addition, TCN needs a small amount of
memory when training [28]. Furthermore, empirically, TCN
outperforms variants of RNNs in various sequence modeling
tasks [18], and it shows promising results compared with other
deep learning models with fewer floating point operations
(FLOPS) on our synthetic airspeed estimation task (see Section
VIL.O).

As shown in Fig. 2(a), our TCN model consists of dilated
convolutional layers and skip connections, each of which is
followed by elementwise addition and leaky ReLU. Each
dilated convolutional layer is comprised of two 1D causal
convolutions with kernel size x and dilation size 29—, where
d denotes the d-th depth level of the layer whose total depth is
denoted as D, as shown in Fig. 2(b). The causal convolution
operates in a biased way to prevent future information from
leaking into the past. That is, when convolved, the output at
time step k is solely based on the elements within k£ to the
earlier step, i.e., k — (k —1)-2971, in the previous layer. Note
that the size of each hidden layer of the causal convolution
is the same as that of the input layer, so zero-padding with a
size of (k — 1) - 297! is employed for the d-th layer.

C. Input/Output of TCN

It is sufficient to estimate V,, solely based on minimal input
parameters, which consist of a,, a, and J. in (10); however,
in our previous study, it was verified that taking all available
parameters as input rather than taking the minimal parameters
resulted in better performance [20]. This is because a ., o, and
d. are not the only parameters affecting the estimation of V,,
so applying only these terms may lead to potential information
loss. For this reason, the k-th input parameter, my,, whose total
number of parameters is I (in our case, I = 11), is defined as
follows:

my = [agk Gy k Qo Pk Gk Tk Oe,k Oak Ok ok Bi] €RM (13)

where pg, g, and r; denote the angular rates of an IMU in
the x, y, and z directions of the body frame at time k, i.e., roll
rate, pitch rate, and yaw rate, respectively; é,_ and ;. ;, denote
the aileron and rudder deflections, respectively. Accordingly,
the input of the network, Xy, is defined as follows:

Xk = }"({mk_TH,mk_T_,_g,...,mk}) (14)

where T and F(-) denote the k-th input parameters, which
are the sequence length, and a normalization function, re-
spectively. Note that F(-) is an elementwise min-max scaler
because the scale of each parameter is different. For example,
az ) ranges in value from —6.67 to 6.06 m/s2, whereas 0,k
ranges in value from —0.14 to 0.17 rad in our training data
set.

When training the network, X, € REXT*! where B is the
batch size; however, X}, is flattened because TCN consists of
1D causal convolutions, as illustrated in Fig. 2(a). After that,
TCN outputs Y., which is expressed as:

Yy = { ;,(;chTJrlv Van,(;chTJr% .-

In fact, our target (i.e., the k-th estimation, V;‘}crm) is a

normalized term within the range of O to 1. Therefore, our

final output V,, ,, can be estimated after denormalization with
]—'*1(-). That is, V, tcn = F*I(V;fgm).

., Vnomy, (15)

D. Training Loss

Since our goal is to achieve regression with TCN, by letting
© and O* be all parameters of our network model and the
optimal parameters, the loss term is defined as follows:

N
0" = n——— Y.-Y 16
AT 7y Z | Yk Kl (16)
k=T-1
where || - |1 denotes the L; loss term and N denotes the total

number of sequences in the training data set. Y, denotes the
k-th normalized ground truth measurement set.

IV. DEEP LEARNING-AIDED SYNTHETIC AIRSPEED
ESTIMATION FRAMEWORK

A. UKF for Airspeed Estimation

The state x, input u, and measurement z for the proposed
filter are defined as:

x = [Va]

u=la, ay a, ¢ 6 a B 6"
2= |V a7
and note that Va can be replaced With Va,syn or ‘A/(LTCN (see
Section VI.C). The dynamic equation V,, for the airspeed state
V, can be obtained from (11).

In this paper, the nonlinear state-space equation in the
discrete-time domain is considered as follows:

X = fp(Xp—1, Up—1, Wi—1) (18)

z, = hy(xp, ug, vi) (19)

where k is the time index. x; € R”, u, € R!, and z;, € R™
are the state, system input, and measurement, respectively, and
fi. () and hy, () are the state transition and measurement func-
tions, respectively. The process noise wj and measurement
noise vy are assumed to be uncorrelated white Gaussian noise
(WGN) as follows:

Wi ~ N(O7 Qk)
Vi ~ N(O, Rk)
E [ka}g] = 0

(20)

where N (ur, ,.) denotes a Gaussian distribution with mean
i, and covariance ).
In (11), the state equation is given in a continuous-time

nonlinear state space format as follows:
%x. = f.(x¢, u, w) (21)

where x. denotes the state in a continuous domain and f,.
is the nonlinear continuous-time state transition function. To
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implement this equation in a discrete time UKF framework, a
first-order discretization is used as follows:
X = X (kT)
X = Xp—1 + Tofo(Xp—1, Up—1, W_1)
= fi(Xp—1, Wp—1, Wi—1) (22)

where T is the sampling period.
In the UKF, the parameters are defined as follows [29]—[31]:

Aukt = aikf(Ls + Hukf) — L
0 = Auke/(Ls + Akt )

m =
6 = Aukt/(Ls + Auke ) + 1 — a4+ Buxe
U = W6 = 1/[2(Lo+ Aaxt)], @ =1, -, 2L,
(23)

where A ks refers to an additional scaling parameter, Ly refers
to the size of the augmented state vector, and ;" and U§
denote the weight of the mean and covariance corresponding
to the i-th sigma point, respectively. ayis, Suke, and kyye are
the primary, secondary, and tertiary scaling parameters for the
UKF. The spread of the sigma points is determined by the
primary scaling factor: 107* < ¢ < 1. Typical values for
the secondary and tertiary parameters are B,k = 2 (assuming
a Gaussian distribution) and k¢ = 0.

According to the nonadditive noise assumptions as in (18),
the state vectors of the UKF can be extended with additional
states to model nonadditive process noise as follows:

X
Wi

where x? is the augmented state vector, which includes a
process noise state wy that retains a mean value of zero
throughout the filter operation. However, this augmentation
provides a means for introducing nonadditive process noise
into the system through the spread in the sigma-points for these
states with the block diagonal augmented error covariance P¢,

as follows:
a __ Pk: 0
FTLO0 Qi

Then, a set of 2Ls + 1 sigma points x; ,_, are generated
according to the prior mean X;_1|;_1, the augmented covari-
ance PZ—1| x_1 and the parameter \,x¢ as follows:

(24)

(25)

_ Ja
Xik—1 = Xp—1|k—1
fori =20

0
+ \/(LS+>\ukf)‘/P%71‘k71 fore=1,--+,Lg
—\/(Ls+)‘ukf)q/P%_1|k_1 for i = Lg,--- ,2Ls.

(26)
Then, the UKF time update equations are given as [32]:
Xiklk—1 = f (Xik—1, Wxg—1,0), @ =0, 1,---, 2L
Xk|k—1 = ji:)‘lflm X k|k—1
2L,

Prieo1 = > Ui(Xiklh—1 — Rijo—1) (X k-1 — Kijp—1)"
1=0

Fig. 3. (a) Our UAV system (b), (c), and (d) Trajectories of our test data set:
sequence 1, sequence 2, and sequence 3.

TABLE I
Geometric/inertial specifications for a UAV

Description | Symbol | UAV

Wingspan b 2.6m

Wing area S 0.724 m?
Mass m 5.9kg

where Xpr—1 and Py, are the predicted state and its
covariance, respectively.

Then, the UKF measurement update equations are given as
[32]:

2L,
Zik—1 = > v Pik|k—1
i=0
2L,
_ -~ ~ -~ A~ T
P.r=> ‘I’f(‘Pi,k|k—1 - Zk|k—1)(‘Pi,k|k—1 - Zk|lc—1)
i=0
+ Ri
2L, T
Poyr = > ‘I’f(Xi,k\k—1 - xk\k—l)(‘Pi,k\k—l - Zk\k—l)
i=0
— T
Prp =P — KPP 1 K
Rl = Xgjh—1 + Ki(Ze — Zgjp—1)

where
K;. = Poy P,
¢i7k|k—1 = h(Xi,k|k—17 U, 0)7 i=0,1,--, 2L

V. EXPERIMENTS
A. UAV Configuration

As shown in Fig. 3(a), our UAV, which was developed by the
Korea Aerospace Research Institute (KARI), is equipped with
an open-source Pixhawk autopilot system, an IMU (LSM303D
integrated accelerometers/magnetometers and L3GD20 gyro-
scope), a barometer (MS5611, TE Connectivity), an airspeed
sensor (MS4525DO, TE Connectivity), and a GPS receiver
(NEO-MS8N, u-blox) [33]. Note that the GPS data are not
used in any of the presented estimation filters. The geo-
metric/inertial specifications of the UAV are summarized in
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Table I. The identified lift coefficient parameters of Cr,,, Cr,,
and Cp, are 0.0628, 0.2757rad™!, and 2.9682rad™! by
conducting a least squares analysis on flight data involving
elevator flight maneuvers, respectively [34].

B. Flight Data Sets

Four sets of flight experiments with different altitudes were
performed to acquire data in various situations. Consequently,
a total of 107,824 samples of data were acquired. Three partial
flight sequences were chosen as the test data set, namely,
sequence 1, sequence 2, and sequence 3, which are shown
in Figs. 3(b)-3(d), respectively. In short, the data set was
split into 84,919 samples for training and 22,905 samples for
testing.

C. Training the Network

For training, the Adam optimizer [35] was utilized with a
learning rate of 0.003, momentum of 0.9, and weight decay of
0.0001. We also set the the learning rate decay factor to 0.9
and the decay step to 1 (i.e., the decay occurs every epoch).
Training was conducted for 40 epochs with a batch size of 96
on a NVidia TITAN Xp GPU.

D. Parameter Settings of the Deep Learning-aided UKF

The tuning of the UKF for flight experiments is very
complicated due to the multiple parameters within the fil-
ter. In this paper, the sampling interval T; was 0.02s, and
process noise covariance Qi and Ry were empirically set to
diag([0.05- I3 5 (m/s%)?, 0.0001- I; 4 (rad)?]) and 1.5 (m/s)?,
respectively.

The initial state of V, is calculated from the body fixed
velocity [u v w]|", which is provided by the flight control
computer as: V,, = vu? + v? + w?. Then, the proposed filter
starts when the airspeed V, is greater than 5m/s, which means
that the UAV has completed takeoff and started flying. The
initial error covariance P was set to 0.1 (m/s)?.

VI. RESULTS AND DISCUSSION
A. Ablation Study

Impact of sequence length and depth level As shown in
Fig. 4, it is observed that a larger D leads to performance
improvement when the sequence length is large enough. This
is due to the increase in nonlinearity, as well as the expansion
of the receptive fields. That is, a larger D helps TCN learn
intertemporal and intermodal relationships better because the
dilated size becomes larger, so the receptive fields of the kernel
in TCN are expanded. Additionally, as T becomes larger, the
performance generally increases because the large size of T
can provide networks with more temporal information.
However, it is noted that a saturation of performance occurs
when D is large, yet T is somewhat short. This is attributed to
the fact that the number of zero-padding dilutes the inherent
information of the feature. When 7' is short, the ratio of zero-
padding to input data is relatively large compared to that when
T is large, so the number of meaningless floats increases.
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Q) »
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Fig. 4. Performance changes with varying sequence lengths for input 7" and
depth levels for TCN D when the kernel size is set to x = 7. (L-R, T-B): the
RMSE, standard deviation, 90th percentile, and 95th percentile of the errors,
respectively. For all metrics, the lower the value is, the better the result is.

Therefore, this implies that even though nonlinearity and re-
ceptive fields increase, an appropriate amount of temporal data
is necessary for precise airspeed estimation. Consequently, T’
is set to 256 and D is set to 10.

Impact of kernel size After choosing 7" and D, the effect
of k was analyzed. As shown in Table II, a larger « gives rise
to performance improvement because a larger x increases the
receptive field of TCN. Thus, it allows the network to learn
better inter-temporal relationships. Therefore, « is set to 7 for
our framework.

B. Effectiveness of Fusion-based Framework

As shown in Table III, our deep learning-aided UKF im-
proves the overall performance compared with when TCN is
used alone. Therefore, the effectiveness of our fusion-based
method is verified. While the UKF leads to only a minor
improvement in performance, it plays an important role as
a fail-safe strategy. In fact, the UAV system can collapse
due to just one outlier measurement when only deep learning
methods or synthetic airspeed methods are used. However,
UKEF is based on a Bayesian filter, so it makes the system
more robust against any outliers. The significant decrease in
the 99th percentile of errors supports this rationale.

C. Comparison with the State-of-the-art Methods

Finally, our fusion-based method was quantitatively com-
pared with both the conventional and deep learning-based

TABLE II
Performance with different kernel sizes, k, on our UAV data set (unit: m/s)
Kernel size RMSE  Median  Stdev 90% 95% 99%
k=3 0.794 0.500 0.501 1.286 1.547 2.169
K=25 0.788 0.511 0.489 1.282 1.556 2.115
k=T 0.785 0.493 0497 1264 1.524 2.082
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TABLE III
Comparison with the state-of-the-art methods. Stdev and 99% denote the standard deviation and the 99th percentile of errors, respectively. For RMSE, Stdev,
and 99%, the unit is m/s and the lower the metrics are, the better the result is

Type Method FLOPS Sequence 1 Sequence 2 Sequence 3 l;[‘;/[teslia
RMSE  Stdev 99% RMSE  Stdev 99% RMSE  Stdev 99%
Synthetic - 1.421 0.920 4.230 1.935 1.134  4.832 3.011 1.587 6.561 2.235
Conventional CF - 1.238 0.785  3.466 1.817 1.029 4.151 2.823 1473  6.140 2.077
UKF w/ Synthetic - 1.129 0.697  3.051 1.778 1.003  3.933 2.247 1.188  4.886 1.781
ResNet—18 [14] 11M 0.819 0.499  2.138 0.863 0.530 2.185 1.028 0.641  3.015 0.912
Learnine-based ResNet—50 [14] 24M 0.854 0.527  2.093 0.962 0.603 2.571 0.983 0.657 3.377 0.938
g Bi-LSTM [15] 243K 0.744 0.457  1.950 0.795 0.482 2.145 0.930 0.607 2.942 0.829
TCN (Proposed) 85K 0.728 0442 1919 0.768 0.469 2.012 0.851 0.565 2.624 0.785
Fusion UKE w/ TCN 85K 0725 0446 1905 0766 0467 1999 0848 0563 2542 0782
(Proposed)
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30 Fig. 6. (T-B): Pitch rate and error with respect to time in the harsh case. In
‘ soaring flight, it is not safe to assume that the lift coefficient term is negligible;
thus, the errors of the conventional methods, i.e., CF and UKF w/Synthetic,
281 | J become larger. In contrast, the deep learning-based methods show smaller
i i \h d l ki errors due to their nonlinearity. In particular, our proposed method presents
a6l Al / l im ! ‘4‘ H bief smaller errors than all the other methods.
<z kA iyl b | \ {
= WMl Wk DA
= o BT N AU 0 TR ; f T .. .
. F [ LI methods, namely, Synthetic in (12), CF in (14), UKF that takes
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o0l ‘ ' Py y | in ResNet and Bi-LSTM to suit our task.
; As shown in Table III and Fig. 5, other methods show
15l ‘ ‘ ‘ ‘ ‘ ‘ ‘ reasonable airspeed estimations. However, the conventional
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Time (sec) methods struggle in some cases where their assumptions are
no longer met, which is mainly represented in Fig. 6. In
34 particular, the error approximately from 426 s to 440 s becomes
32 larger because ¢ grows and fluctuates; thus, the CF and UKF
30 w/Synthetic show worse performance than the learning-based
. methods because the effect of pitch rate, C L,» Was neglected
5 in (5).
52" On the other hand, all learning-based methods show better
1% I . .
w2 performance than the conventional methods, overcoming the
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Fig. 5. (T-B): Synthetic airspeed estimation results on sequence 1, sequence
2, and sequence 3 (best viewed in color).

limitations mentioned in Section III.LA. Among them, our
fusion-based method shows the most promising results. It
is noted that sometimes ResNet and Bi-LSTM have large
errors, which are manifested as sharper spikes with respect
to the ground truth, than those of our method, as represented
in Figs. 5 and 6. In particular, ResNet is likely to be less
sensitive when encountering sudden airspeed changes, which
is presented approximately from 440s to 444 s in sequence 3.
Therefore, our proposed method is confirmed to be a more ap-
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propriate and robust method for synthetic airspeed estimation
and can help UAVs protect themselves against sensor failures
even during aggressive flight maneuvers. Besides, our method
only takes 6.7 msec for inference in offline mode because
it requires a few FLOPS compared with other deep learning
models [14], [15].

VII. CONCLUSIONS

In this study, a robust deep learning-based synthetic airspeed
estimation method has been proposed. Our proposed method
was demonstrated to overcome the limitations of conventional
methods via the nonlinear estimation of the deep learning
model. In particular, our method provides a precise synthetic
airspeed with smaller error and variance in performance, which
enables UAVs to utilize our proposed method as a backup
system via software without a direct airspeed measurement
system. Therefore, this paper has successfully demonstrated
the feasibility of the proposed algorithm for analytical redun-
dancy. In future works, we plan to investigate the effect of our
deep learning-aided method in more severe cases or to devise
a more sophisticated end-to-end method that is more robust
against the partial disconnection of input signals.
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