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Tail-Sitter Aircraft
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Abstract—This paper presents a wind estimation method for a
dual-rotor tail-sitter unmanned aerial vehicle (UAV) with all flight
phases. The large flight envelope and the slipstream generated
by the propellers introduce extra challenges to estimating the
wind field during flight for dual-rotor tail-sitter aircraft. In this
method, a synthetic wind measurement is proposed based on a
low-fidelity aircraft model and operated as a virtual sensor. This
synthetic wind measurement and the data from the pitot tube
are fused with an extended Kalman filter (EKF). The simulation
and experimental results of the developed estimation method
show a good estimation of the wind speed and direction in the
hovering phase, transition, and cruising phases. The proposed
wind estimation method was also tested in the hovering phase
using the aerodynamic coefficients of NACA 0012 airfoil and a
flat plate instead of the vehicle’s model to provide a compromise
solution for vehicles with no precise aerodynamic model.

Index Terms—Tail-sitter, Unmanned Aerial Vehicle (UAV),
VTOL, Wind Estimation, Air-Data Systems.

I. INTRODUCTION

IN recent years, unmanned aerial vehicles (UAVs) have been
rapidly developed and applied to various civil applications,

such as aerial photography [1], delivery [2], and search and
rescue operations [3]. Vertical take-off and landing (VTOL)
UAVs, especially tail-sitter vehicles, are among the most
promising platforms. The tail-sitter design was proposed in the
late 1940s, which includes the Lockheed XFV-1, the Convair
XFV-1, and the Ryan X-13. [4] A tail-sitter vehicle takes off
and lands on its tail and rotates its whole body to make the
transition to cruising for efficient high-speed flight, as shown
in Fig. 1. The simplicity in mechanisms and good efficiency
lead to several UAV designs in tail-sitter layouts, such as
Golden-eye 50 and ISTAR [5], etc. This configuration reduces
the complicated mechanisms for transition but increases the
susceptibility to wind in the hovering phase due to the large
wing surface [6], which results in challenges to the control
system design. At the same time, the vehicle’s weight is
supported by thrust in the hovering phase but by lift in the
cruising phase. Knowledge of wind information is demanded
to predict the aerodynamic forces during the transition when
designing the control system of a tail-sitter.

The wind estimation problem is commonly related to the
air data system for conventional fixed-wing aircraft [7]–[10].
Vane-type flow angle sensors or five-hole pitot tubes are
widely installed on large aircraft to measure the airspeed, angle
of attack (AOA), and angle of sideslip (AOS) [11]. Wind
field data can be further obtained using the “wind triangle”
relationship based on the flow angle and airspeed information.
However, these complex air data systems are normally only
applied to large aircraft due to the corresponding payload and

Fig. 1: Composite pictures of a tail-sitter mission profile.

cost. The AOA, AOS, and airspeed are observable and trustable
in these aircraft; however, this is generally not the case for
small aircraft or low-cost UAVs. In recent years, researchers
have begun to direct their attention to wind estimation meth-
ods on small UAVs [9]–[15]. Compared with commercial or
research aircraft, less accurate sensors at low cost are usually
installed in small UAVs, which have limited carrying capacity.
Today, it is practically infeasible to have an omnidirectional
airspeed sensor installed on a UAV with a maximum takeoff
weight of less than 2 kg. Methods of dealing with bias and
noise have been discussed and considered in many studies,
which can provide a good estimate for fixed-wing UAVs.
However, the large flight envelope of tail-sitter vehicles results
in extra challenges to wind estimation. Considering a nominal
mission of the tail-sitter, as shown in Fig. 1, during the cruise
phase, a single-directional airspeed sensor installed towards
the nose of the vehicle to provide the airspeed data, but at
the hovering attitude, this airspeed sensor can only measure
a very limited component of the coming flow velocity (e.g.,
the take-off phase) or even no measured data (e.g., the landing
phase). Providing a trustworthy estimation of wind for a tail-
sitter vehicle with those limited and noisy measurements is a
challenging goal.

The wind estimation methods reported in the literature fall
into two major categories. The first is to use the kinematic
relationship among the aircraft’s ground velocity, the aircraft
velocity relative to the surrounding air, and the wind speed,
also referred to as the “wind triangle”. This category makes
use of the general velocity relationship without considering
the aircraft’s dynamic model and thus is widely adopted. This
category was further developed into a constant model with a
Kalman filter and a time-varying model without a Kalman
filter [16]. Petrich and Subbarao presented an estimation
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method of the three-dimensional wind components using the
measurements from a global positioning system (GPS) unit, an
inertial measurement unit (IMU), a compass, and an airspeed
sensor [13]. The data were fused using a Karman filter.
Similarly, Pachter et al. [17] estimated the wind speed and
direction and the vehicle heading using rate gyros, a GPS
unit, and an airspeed sensor. An unscented Kalman filter was
used to capture the nonlinearities of the kinematic model and
measurement equation. Langelaan et al. [14] discussed the
wind estimation problem for gust soaring of small, low-cost
UAVs. Thus, the rate of change in the velocity and wind
gradient were emphasized in their estimation method. The
moving average was used as the smoothing filter. Their results
demonstrated that the accuracy of wind velocity estimates is
related to the vehicle’s airspeed and that the measurement
accuracy of airspeed and the vehicle’s orientation are the keys
to improving estimation. Cho et al. [12] proposed a method for
estimating constant wind for small UAVs that requires a GPS
unit and a pitot tube. The airspeed measurement is calibrated
while estimating the wind speed. An extended Kalman filter
(EKF) was used to handle the nonlinear observation function.
This estimation method requires variation of the vehicle’s
heading to estimate the wind direction.

The second approach achieves wind estimation using in-
formation from the aircraft dynamic model to predict the
effect of wind [18]–[20]. Divitiis applied the artificial neural-
network technique to calculate the aerodynamic and thrust
coefficients [18]. His study was motivated by the difficulties
of installing wind measurement instruments on a rotary-wing
vehicle because the flow field would be influenced by the
rotor flow. These studies showed that the estimation method
based on the aerodynamic model usually converged faster
than the wind triangle method. Later, motivated by the use
of analytical redundancy instead of hardware redundancy, a
synthetic air data system based on a sophisticated aircraft
model was discussed, without the use of any conventional air
data system or pitot tube measurement [11]. The federated
EKF estimation architecture was adopted, and the necessity
of the cascaded estimator structure was discussed, especially
when using low-cost inertial sensors.

One remarkable work on the wind estimation problem of
tail-sitter vehicles was published in 2017 [6]. The parame-
ter identification method based on the grey-box model was
adopted to discern the relationship between roll/pitch angle
and ground speed in conditions of no coming wind. The wind
triangle relationship was then used to calculate the wind speed
from the actual ground speed, on the basis of modeling the
attitude-velocity relationship. Because the researchers focused
on the hovering stage, the fitted model of the vehicle was
limited to a roll angle of [−10◦, 10◦] and a pitch angle range
of [−25◦, 25◦]. The data outside these ranges could not be
guaranteed. In other words, the developed method cannot be
directly extended to a full flight envelope.

The primary contribution of this paper is its proposition
of a wind estimation method that can be applied to tail-sitter
vehicles in all flight phases. To the best of our knowledge, this
study is the first to discuss this problem using a single pitot
tube combined with synthetic wind sensor, considering that

the technologies reported in the literature cannot yet provide a
practical solution. The proposed method includes a pitot-static
tube, a single-antenna GPS unit, and an IMU sensor, which
are all commonly installed on small UAVs.

The remainder of this paper is organized as follows. The
tail-sitter vehicle and its dynamic model are introduced in
Section II, followed by the details of the proposed wind
estimation algorithm in Section III. Section IV presents the
simulation results, the flight tests are presented in Section V,
and Section VI concludes the paper.

II. SYSTEM CONFIGURATION AND MODEL

Figure 2 shows a dual-rotor tail-sitter vehicle used to im-
plement and evaluate the wind estimation algorithm presented
in this study. The vehicle had the most common configuration
of dual-rotor tail-sitters [6], [21]–[26]. The take-off weight
of the vehicle is 0.86 kg, and its wingspan is 0.8 m. A
vehicle with this size is acceptable to be assumed to be a
rigid body. The vehicle’s motion is controlled by the thrust
generated by two propellers (RSl and RSr shown in Fig. 2)
and a pair of elevons (δl and δr shown in Fig. 2). Notably, for
this tail-sitter configuration, the wing is designed to be inside
the propeller wash to ensure the effectiveness of the control
surfaces in the hovering phase. As a result, the partial flow
conditions should be considered. The component breakdown
approach was adopted to model the vehicle’s aerodynamics
in our previous development of the hardware-in-loop (HIL)
simulation environment. To clarify the context of this paper,
the aerodynamic model is presented in this section. Other
components in the HIL simulation environment, including
nonlinear six degrees of freedom (DOF) equations of motion
(EOM) disturbance forces, can be found in our previous work
[27].

The world and body coordinate systems are defined in Fig.
3, with the world coordinates defined as the north-east-down
(NED) frame and the body coordinate system fixed to the
aircraft’s center of gravity. In this paper, superscript (·)I and
superscript (·)B indicate the term presented in the world frame
ΓI and the term presented in the body frame ΓB , respectively.

The six DOF EOM under the assumption of a flat earth can

Fig. 2: The dual-rotor tail-sitter UAV testbed.
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Fig. 3: Definitions of body ΓB and inertial ΓI axis systems.

Fig. 4: Wind component breakdown for aerodynamic calcula-
tions for dual-rotor tail-sitter UAVs.

be summarized as

Ṗ = Vg

V̇g =
RI

B(FB + FB
d )

m
JΩ̇ = −ΩJΩ +MB +MB

d

ė =
1

2
(eΩ + e0Ω)

e0 = −1

2
ΩTe.

(1)

where P and Vg represent the position and velocity of the
vehicle in the ΓI . RI

B is the rotation matrix that transforms
vectors in the body frame ΓB to the inertial frame ΓI .
The vehicle’s attitude is described in terms of quaternion
Q = [e0, e]T to avoid attitude singularity. The disturbances
and error of the model are described by FB

d and MB
d in

the ΓB . J is the vehicle’s inertial matrix, and Ω denotes the
angular velocity. The external forces and moments FB and
MB are described in the ΓB , including the contributions from
the propulsion system, aerodynamics, and gravity. They can be
written as

FB = FT + Faero + FG

MB = MT +Maero.
(2)

where the subscript (·)T represents the contribution of the
propellers, the subscript (·)aero represents the aerodynamics,
and FG is the gravitational force described in the ΓB . The
effects of the control surfaces were introduced in the aerody-
namic forces and moments. The contribution of the propulsion
system was modelled by the wind tunnel experiment [28]. The
rotation speeds of the propellers change in response to the
control commands, which affects the induced velocity and the

aerodynamics. Therefore, the aircraft’s main wing was divided
into six segments, as shown in Fig. 4: the left region l2 and
the right region r2 cover the slipstream, and the other regions
are exposed to the environment. The aerodynamic force and
moment on each side were calculated independently. The flow
condition of each segment was determined by the environment,
the flight state, and the propeller wash. The airspeed V B

a at
the aerodynamic center of each segment was calculated based
on the wind speed, the flying speed (ground speed), and the
contribution of the propeller wash, as shown in Eq. (3).

V B
a = RB

I (−V I
W + V I

g ) + V B
induce (3)

where the wind speed V I
W was described in the inertial

frame ΓI . The ground speed V I
g is measured by the GPS

unit and contains the components north, east, and down
[Vg,N Vg,E Vg,D] and is thus described in the inertial frame ΓI

as well. The velocity due to the propeller slipstream, V B
induce

can be estimated based on one-dimensional momentum theory
of propellers and the continuity equation [28].

The second wing segments (l2 and r2 in Fig. 4) are
enveloped within the propeller slipstream tube. The radius of
the slipstream tube can also be calculated based on momentum
theory. The effective AOA αeff and effective AOS βeff in the
slipstream region are defined as

αeff = tan−1
(
Va,z
Va,x

)
(4a)

βeff = tan−1
(
Va,y
Va,x

)
, (4b)

and the effective airspeed in the slipstream region is

veff =
√

(Va,x)2 + (Va,y)2 + (Va,z)2. (5)

Note that Va,x, Va,y , and Va,z are the components of V B
a

along the body axes.
The aerodynamic coefficients were determined by the calcu-

lated AOAs of both the right- and left-side wings. Considering
the large α during the transition, a database of lift coefficient
CL, drag coefficient CD, and moment coefficient CM at
various values of α from the wind tunnel experiments was used
to estimate the lift, drag, and aerodynamic moment without
linearization to reduce the error of the aerodynamic model.
The AOS was assumed to be small, so the side force coefficient
Cyβ was treated as a constant.

Once these coefficients are determined, the aerodynamic
forces and moments of each segment can be estimated as

L =

6∑
n=1

(
1

2
ρCLnv

2
eff,nSn

)
(6a)

D =

6∑
n=1

(
1

2
ρCDnv

2
eff,nSn

)
(6b)

Y =

(
1

2
ρCyββeff,nv

2
eff,nSside

)
n=3

, (6c)
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where n donates for the n−th segment and S is the immersed
area. The lift, drag, and side force in the body frame can be
expressed as

L =

 L sinαeff
0

−L cosαeff

 (7a)

D =

−D cosαeff
0

−D sinαeff

 (7b)

Y =

 Y sinβeff
−Y cosβeff

0

 , (7c)

Therefore, the aerodynamic forces and moments can be ex-
pressed in the body frame as

Faero = L+D+ Y (8a)

Maero =

6∑
n=1

MSeg

=

6∑
n=1

 Fnaero,zl
n
y

1
2CMn

ρv2eff,nSnc̄n + Fnaero,zl
n
x

Fnaero,xl
n
y

 . (8b)

III. WIND ESTIMATION ALGORITHM

The wind estimation for a tail-sitter vehicle must provide
a good estimation in both the hovering and cruising phases.
The motivation of the proposed algorithm comes from the
challenge of hovering control in prevailing wind conditions.
It has been observed that in the hovering phase, even a breeze
wind level can generate a great disturbing force and result
in an attitude change. This disturbing force is caused by the
large AOA when the vehicle is pitched up to 90◦ and the
wind directly faces the wing in the horizontal direction. The
AOA may reach 90◦ for the segments of the wing that are
directly exposed to the environment, thus yielding a large
drag coefficient. Further motivated by [11], we proposed to
use the aircraft’s dynamic model to form a synthetic wind
measurement that works as a supplementary virtual sensor.
Notably, the synthetic wind measurement is independent of
the conventional pitot tube. Stated differently, with the intro-
duction of a virtual sensor, two sensors are now installed on
the vehicle: one is more accurate in the cruising phase (the
pitot tube), and the other works mainly in the hovering phase
(synthetic wind measurement).

Several sensor fusion architecture options are available,
including the conventional Kalman filter, the constrained
Kalman filter, and the cascaded filter. However, it has been
shown that the use of prior sensor fusion approaches with
low-cost inertial sensors may yield poor results [11]. In this
study, a cascaded estimation architecture was adopted based
on the study of Reference [11]. The drawbacks of using the
conventional Kalman filter, the constrained Kalman filter to
generate synthetic air data estimation with low-cost sensors
are not discussed here since it have been comprehensively
discussed in [11]. The architecture is described in this section,
followed by an illustration of the synthetic wind measurement
and the measurement of a pitot tube.

A. Cascaded Estimation Architecture

It is common to break a problem into two filters to constrain
the estimation of different bias terms to their respective
subsystems [11], [29]–[32]. In view of the studies mentioned
above, the cascaded estimation architecture is proposed to
constrain the sensor bias and wind states. In this formulation,
a low-cost IMU is fused with a GPS unit in one filter, which
generates estimates of the vehicle’s position, ground speed,
attitude, angular rate, and acceleration. This kind of vehicle
estimator has long been studied and is well developed in the
UAV industry. The aerodynamic model then uses the outputs
of the first filter to mechanize a virtual measurement of the
wind field, and the attitude and ground speed are also used
for the time-update equations in the second filter.

By using separate filters to handle the vehicle’s states and
the wind field estimation problem, this architecture prevents
the aircraft dynamic model error from corrupting the state
estimation. A functional block diagram of the estimator ar-
chitecture is shown in Fig. 5. The estimation process contains
two steps. First, the position, ground speed, and attitude are
estimated with the vehicle estimator by fusing an IMU, a
barometer, a GPS unit, and compass sensors. The ground speed
and attitude obtained from this filter are then used as inputs
to the second filter.

This is a primary study to develop a wind field estimation
method for tail-sitter vehicles, so the vehicle estimator is
not the objective of the work described here. Therefore, the
estimator of the open-source PX4 firmware is adopted for
the first filter (“vehicle estimator” shown in Fig. 5), which is
commonly used for small UAVs. As discussed, this research
mainly concerns two-dimensional horizontal wind estimation.
It is a common assumption to model the wind shear as a
first-order Markov process [33]. The correlation distance of
wind shear is about 32 km [12], [33]. In this situation, the
wind was assumed to be constant in the estimation process.
The EKF method was thus implemented to the estimate wind
conditions.

Figure 6 shows the airspeed, ground speed, and wind speed
form the wind triangle and have the relationship of

V I
a = V I

g − V I
W . (9)

Note that the term V I
W shown in Section II and Fig. 6

donates the actual wind contribution to the airspeed, containing
the north, east, and down components in the initial frame
ΓI , that is V I

W = [VW,N VW,E VW,D]; meanwhile, in the

Fig. 5: Cascaded wind estimator structure.
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Fig. 6: Wind triangle and coordinates definition.

following context, the term W is the wind vector under a
two-dimensional horizontal assumption and can be expressed
as W = [WN WE 0]. The synthetic wind measurements of
the north and east wind components are then represented as
[WS

N WS
E ]T. The superscript (·)S indicates that the terms are

measured by the synthetic wind measurement, and vW donates
the magnitude of the wind speed.

The parameters being estimated are the wind speed, and the
wind direction, that is, the state vector x̄ = [vW φW ]T. These
states are modeled as random-walk processes.

The states transition functions are given by:

x̄(k + 1) = F x̄(k) +wk (10)

where wk is a random variable that represents process noise
and

F =

[
1 0
0 1

]
.

The measurement z(k) contains the dynamic pressure qpitot
measured by a pitot tube and the synthetic wind measurements
[WS

N WS
E ]T. WN and WE donate the wind components along

the north and east axes, respectively. The nonlinear observation
system is

z̄(k) =

qpitotWS
N

WS
E

 = Hx̄+ vk, (11)

where vk is a random variable that represents measurement
noise,H is the Jacobian matrix of observation functions h(x̄),
which contains the observation functions of the pitot tube
hp(x̄) and the synthetic wind measurement hs(x̄):

h(·) =

[
hp(·)
hs(·)

]
.

If wind information from other sources is available, it could
be used as an initial guess of the filter, which can decrease
the convergence time of the filter. The measurements and their
observation functions hp(x̄) and hs(x̄) are discussed in the
following section.

B. Synthetic Wind Measurements

The synthetic wind measurement was generated using an
analytical model, which is the vehicle’s aerodynamic model
in this study. In general, the synthetic wind measurement
is performed by evaluating two expressions of the forces.
Convergence of the solutions is reached when these two
expressions of forces are equal.

1) The First Expression of Force: aF is obtained from the
aerodynamic model in this study. The aerodynamic coefficients
of the vehicle can be described by the following nonlinear
relationship:

CL = FL(α, β,Re, δcs) (12a)
CD = FD(α, β,Re, δcs). (12b)

where FL and FD represent the nonlinear relationships mod-
eled from the wind tunnel experiments, which are presented in
table format in this study. The deflection angles of the control
surfaces on small UAVs are generally not measured. The
variations in lift and drag coefficient caused by the deflection
of the control surfaces are ignored in this study because
the control surfaces serve mainly to change the moment
coefficient. The tail-sitter vehicle in this study was designed
to fly in a lowReynolds-number region and the vehicle will
operate with a narrow Reynolds-numbers region. Therefore,
the derivatives of CL and CD due to Re were ignored in this
study. At the same time, the CLβ and CDβ of the tail-sitter
vehicle shown in Fig. 2 are also small and were ignored in
this study. Note that the induced velocity of the propellers in
the hovering phase is around 10 m/s, whereas the airspeed in
the cruising phase is around 12 m/s. With these assumptions,
the relationship of Eq. (12) is simplified to

CL = FsL(α)β=0,va=10,δcs=0 (13a)
CD = FsD(α)β=0,va=10,δcs=0, (13b)

where α ∈ [−180◦, 180◦]. Recall that the partial-flow
conditions of the vehicle cannot be ignored for this dual-
rotor tail-sitter vehicle, and six segments are proposed to
predict the forces and moments in a simulation environment.
Each segment has its effective AOA (αeff ), AOS (βeff ),
and airspeed. The airspeed at the aerodynamic center of each
segment was calculated based on the wind speed, the flying
speed (ground speed), and the contribution of the propeller
wash, as shown previously in Eq. (3).

As mentioned, under the assumption of a constant northeast
wind, the wind speed is defined as W I = [WN WE 0]T. With
the cascaded estimation architecture, the vehicle’s attitude has
been updated with the vehicle estimator, and we obtain the
rotation matrix with the updated attitude

RB
I =

R11 R12 R13

R21 R22 R23

R31 R32 R33

 ,
that transforms the relevant expression from the ΓI to ΓB at
the current time step. The flying speed can also be expressed
in ΓB as V B

g = [Vg,x Vg,y Vg,z]
T. To simplify the estimation

problem, it is assumed that the difference in rotation speed
between the two propellers is ignored. The vehicle is then
divided into two segments instead of six segments in the
simulation environment. Segments l2 and r2 formed segment
P to cover the propeller wash region (subscript (·)P indicates
values inside the propeller wash), while the others form
segment E, which is exposed directly to the environment
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(subscript (·)E indicates values exposed to the environment).
Therefore, Eq. (3) can be rearranged as

V B
a = V B

g −WB +

{
V B
induce in Segment P

0 in Segment E
. (14)

where

WB = RB
I W

I =

 R11WN +R12WE

R21WN +R22WE

R31WN +R32WE

 (15)

First, we consider the flow condition over the segment P . The
effective total airspeed (VP ), AOA(αP ), and AOS (βP ) have
the following relationships:

V 2
P = (−R11WN −R12WE + Vg,x + up)

2

− (R21WN −R22WE + Vg,y)2

− (R31WN −R32WE + Vg,z)
2

(16a)

αP = tan−1
−R31WN −R32WE + Vg,z

−R11WN −R12WE + Vg,x + up
(16b)

βP = tan−1
−R21WN −R22WE + Vg,y

−R11WN −R12WE + Vg,x + up
. (16c)

Hereafter, using αP and βP , the aerodynamic coefficients are
determined based on Eq. (13). The first estimated expression
of the forces in segment P in the aerodynamic model can be
expressed as Eq. (17).

aFB,xP =

Lift︷ ︸︸ ︷
qP (WN ,WE)SPFsL[αP (WN ,WE)] sin[αP (WN ,WE)]

− qP (WN ,WE)SPFsD[αP (WN ,WE)]︸ ︷︷ ︸
Drag

cos[αP (WN ,WE)]

(17a)

aFB,yP =

SideForce︷ ︸︸ ︷
qP (WN ,WE)SSideCyβ [βP (WN ,WE)] cos[αP (WN ,WE)]

(17b)

aFB,zP = −

Lift︷ ︸︸ ︷
qP (WN ,WE)SPFsL[αP (WN ,WE)] cos[αP (WN ,WE)]

− qP (WN ,WE)SPFsD[αP (WN ,WE)]︸ ︷︷ ︸
Drag

sin[αP (WN ,WE)]

(17c)

where S is the immersed area, and q is the dynamic pressure.
Note that the dynamic pressure q AOA αp, and AOS βP are
functions of (WN , WE), as shown in Eq. (16b). Similarly,
we can also obtain the force expression aFE in segment E.
Therefore, the first expression of forces of the vehicle based
on the aerodynamic model can be obtained as

aF = aFP +a FE . (18)

2) Second Expression of Force: sF for evaluating the body
forces is in terms of the body-axis acceleration and is given
by

sF = ma. (19)

The acceleration a can be measured by the autopilot IMU
sensor.

3) The Equivalent: of the force in the first expression (Eq.
(18)) and the second expression (Eq. (19)) should be achieved.
We have

f(W ) = aF − sF = 0. (20)

A common approach to the use of an aerodynamic model
for conventional fixed-wing aircraft wind estimation is to
rearrange Eq. (20) to obtain the state transition function of
(V, α, β) and to further obtain the wind field. However, the
challenge of this study is that the flow condition over each seg-
ment of the tail-sitter wing is different but not independent. In
addition, unlike the common approach for conventional fixed-
wing aircraft wind estimation, it is not suitable to introduce the
CLα in the large AOA region in which FsL is highly nonlinear.
This may also cause challenges to the solution of Eq. (20). In
this study, the values of the (WN ,WE) that fulfill Eq. (20)
at each time step are obtained with an iterative procedure. A
Newton-Raphson method is adopted in the iterative algorithm
given by

W ⇐W − δW , (21)

where

δW = J−1
f(W )f(W ), (22)

Jf(W ) is the Jacobian of the function f(W ). Each solution
for wind speed (WN ,WE) begins with the value from the
precious time step. After each iteration, the wind estimation
result is updated by δW . It has been suggested that two
or three iterations can generally obtain convergence [34].
Five interactions were conducted in each epoch in this study.
The synthetic wind measurements (W s

N ,W
s
E) have now been

obtained. The observation functions hs(x̄) in Eq. 11 are

hs(x̄) =

{
W s
N = vW cosφW

W s
E = vW sinφW .

(23)

To further fuse the synthetic wind sensor with the pitot
tube, the noise and covariance of synthetic wind measurement
should be determined. It can be noticed that the key to
synthetic wind estimation is Eq. (14), which is related to the
ground speed Vg , and attitude RBI . Here, we treat Eq. (14) as
a measurement function to update the noise and covariance of
the virtual wind sensor in each time step. The measurements
zsyn consist of the ground speed Vg and attitude [φ, θ, ψ],
which were estimated in the first vehicle filter. Notably,
zsyn have time-correlated errors. In order to account for the
correlated error, the states vector is augmented with the terms
that modeled the correlation [35]. The first-order GaussMarkov
model is used to model the correlated errors in measurement,
which can be written as:

ḃ =
1

τ
b+ n. (24)

Therefore, the states were augmented with six terms for
time-correlated error. After augmentation of the state vector,
Eq. (14) can be rewritten as a nonlinear measurement function:
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Vg,x
Vg,y
Vg,z
φ
θ
ψ


Filter1

=

[
RB

I 03×3

03×3 I3×3

]

WN

WE

0
φ
θ
ψ

+


Va,x
Va,y
Va,z
bφ
bθ
bψ

+ nsyn.

(25)
where [Va,x, Va,y, Va,z, bφ, bθ, bψ] are the terms to account

the time-correlated errors, nsyn denotes the uncertainty of
the ground speed and attitude estimation from the first vehicle
filter. Notably, Va,x, Va,y and Va,z include the estimation of
the airspeed Ṽa as well as the time correlation errors in the
measurements. The noise nsyn was assumed uncorrelated in
time since the time correlated error have been separated from
the total uncertainty of the measurements. The correlation of
each other can be obtained from the state covariance in the
first filter. Recall that the states estimated in the first vehicle
filter are position, ground speed, attitude and acceleration. The
measurement noise covariance matrix Q can be extracted from
the state covariance matrix Σ as

Q = E(nsynn
T
syn) = ΣFilter1[4 : 9, 4 : 9]. (26)

To obtain a linear measurement equation, the measurement
vector is linearized with

δzVg = V I
g |Filter1 −(R̂B

I Ŵ + V̂a), (27)

and

δzΨ =
[
δφ δθ δψ

]
=
[
δŘ(2, 3) δŘ(1, 3) δŘ(1, 2)

] (28a)

δŘ = RI
B |Fliter1 R̂I

B − I3×3. (28b)

The linearized measurement vector is defined as δz =
[δzVg δzΨ]T , one have the measurement equation as

δz = Hδx+ nsyn (29a)

H =

[
RI

B R̂I
BV̂a I3×3 03×3

03×3 I3×3 03×3 I3×3

]
. (29b)

The measurement update at time step k is

Kk = Σ−
kH

T
k (HkΣ−

kH
T
k +Qk)−1 (30a)

Σ+
k = (I −KkHk)Σ−

k . (30b)

The covariance of the synthetic wind sensors is

Σsyn =

[
Σ+

k (7,7) Σ+
k (7,8)

Σ+
k (8,7) Σ+

k (8,8)

]
.

C. Pitot Tube

The pitot measurement method is on basic of method
developed in reference [12]. The pitot tube in this study was
mounted along the x-axis of the vehicle as shown in Fig. 3. The
conversion of the measured pitot speed Vpitot to the airspeed
Va at the aerodynamic center, follows

Va = RE
BVpitot, (31)

where REB is the rotation matrix that transforms the expression
from the body frame to the frame of coming flow, which is
also called the stability axis. Note that the flow velocity at
segment E (outside the propeller wash), VE , is taken to be
Va, that is, V a = V E .

The AOS and AOA sensors are needed for accurate mea-
surement of the vehicle velocity relative to the air. In the earlier
study [12], the researchers used the varying heading angle of
the vehicle during one flight as an extra variable. Therefore,
the wind field for a vehicle flying at different headings can be
estimated with a GPS unit and a single pitot tube.

The measured pitot speed, Vpitot, is calculated from the
dynamic pressure obtained by two pressure sensors,

qpitot = Ppitot − PStatic (32a)

qpitot =
1

2
kρV 2

pitot, (32b)

where ρ is the air density and k is a correction factor of
the sensor [12]. The correction factor was introduced to
compensate for installation errors of the Pitot Tube and for
assumptions made when using Pitot Tube, such as assumptions
of a perfect gas, steady flow alone streamline, etc. Note that
the Vpitot is the component of the Va along the x-axis in the
body frame, which can be expressed in terms of AOA and
AOS (Fig.3):

Vpitot = |Va| cosα cosβ, (33)

Noted that Vpitot is limited to a positive value in PX4
firmware due to numerical issues. In this study, the measure-
ment data of pitot tube will be treat as unavailable if the
value of data is too small or negative. Recall that the wind
is under a two-dimensional horizontal wind assumption. The
wind triangle relationship of Eq. 9 can be rewrite as

Va = V g −W . (34)

Based on the law of cosines, the wind triangle gives a
relationship that

V 2
a = V 2

g +W 2 − 2VgW cos(φw − φg). (35)

Combine Eq. (16b), (16c), (32b) and (35), we can obtain the
measurement function of the dynamic pressure

hp(x̄) = qpitot

= K[V 2
g +W 2 − 2VgW cos(φw − φg)]

cos2[αE(WN ,WE)] cos2[βE(WN ,WE)], (36)

where

K = k
ρ

2
.

The bias of the dynamic pressure was not introduced in
this method because it could be measured and recorded
before takeoff. The correction factor and wind conditions were
estimated. The measurement noise of the pitot tube sensor
vk|pitot ∼ N(0,Qk|pitot) (Eq. (11)), and Qk was set as
36 (Pa2) in EKF implementation.

So far, the observation functions hp(x̄) and hs(x̄) required
by Eq. (11) have been derived. Based on Eq. (10) and Eq. (11),
the wind estimator can be developed using the EKF method.
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Fig. 7: Wind field estimation of a tail-sitter in the hovering simulation.

The algorithm of the EKF method is not repeated here. The
initial covariance of the EKF for wind estimator is assumed to
be diagonal and set as Σ0 =

[ (5 m/s)2 0

0 (π rad)2

]
. The process

noise covariance R =
[
2×10−3 0

0 3.5×10−6

]
.

IV. SIMULATION RESULTS

The wind estimation algorithm was tested in an integrated
HIL simulation environment. The HIL simulation environment
includes (1) a nonlinear six DOF EOM, (2) an aerodynamic
model for full AOAs, (3) models of the wind, and (4)
disturbance forces. The actual avionics were implemented in
the system, and the sensor noise and bias could be directly
obtained. The details of the component can be found in [27].

The wind estimation method was evaluated with hovering
and cruising simulations. In the simulations, the environment
included the horizontal prevailing wind model, the wind gust
model, and the wind shear model. The wind gust model and
wind shear model implemented the mathematical representa-
tion in Military Specification MIL-F-8785C [36]. The turbu-
lence model of wind was not considered in the simulations.

Figure 7 shows the estimation results in the hovering
simulation. The prevailing wind from the northeast was 30◦ at
1 m/s. Gusty wind was not introduced in this simulation. The
initial condition of the filter was set as “no wind.” The figures
on the left-hand side of Fig. 7 are the results of estimation,
and those on the right-hand side are estimation errors, together
with 3σ bounds. Fig. 7 shows that the proposed estimation
method with EKF successfully captured the wind field in both
magnitude and direction. The estimation converged in a few
steps at the beginning and was stable and precise.

As discussed in the Introduction, very few studies discuss
the wind estimation problem for tail-sitters. Therefore, only the

cruising estimation result was compared with the estimation
method proposed by Cho et al. [12], which was developed for
fixed-wing aircraft. The wind in the simulated environment
came from 30 degrees northeast at 4 m/s. The UAV was
instructed to fly in a straight line towards to north at 50 m
above the ground. The wind estimation results for cruising
flight are presented in Fig. 8. The method of Cho et al. [12]
and the method proposed in this paper both used EKF in the
simulations. In the right-hand side of Fig. 8, the 3σ bounds
of method proposed in this paper and method proposed by
Cho et al. are shown with gray shadow and blue shadow,
respectively. The magnitude of the wind was well predicted
using either the method of Cho et al. [12] or the proposed
wind estimator. One limitation of the method of Cho et al.
[12] is that it requires the vehicle to fly at various headings,
such as in banking turns and circular maneuvers. Therefore,
the current HIL simulation using the method of Cho et al.
[12] cannot predict the wind direction because there is no
heading change in the flight, whereas our proposed method
takes advantage of the side force in the aerodynamic model
and gives a rough prediction of the wind direction without the
yaw angle change.

The results of estimation without pitot tube are also plotted
in the left-hand side of Fig. 7 and Fig. 8. It can be noticed
that the wind estimator performance follows the expectation: in
the hovering phase, the estimations by using only the synthetic
wind sensor are very close to the results by fusing the pitot
tube and the synthetic sensor, while the estimator which fuses
the pitot tube and synthetic sensor shows a good improvement
in the cruise phase compared with the one which only uses
the synthetic wind sensor.

The developed wind estimator was also tested with two sim-
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Fig. 8: Wind field estimation of a tail-sitter in the cruising simulation.

ulations of slow time varying wind. The results are presented
in Appendix A. The wind speed and direction were set as
[1+0.2 sin(0.3πt)]m/s and [30+15 sin(0.1πt)]◦, respectively,
with the vehicle commanded to hover at the location. The
wind speed is relatively small considering the limited control
moments of the flaps. In the cruise flight simulation, the wind
speed was set to be [4 + 0.5 sin(0.2πt)]m/s and the wind
direction was set to be [25 + 5 sin(0.2πt)]◦.

V. FLIGHT TEST RESULTS

Flight tests with ground wind measurement were conducted,
including 6 hover flights and 2 operation flights to further ex-
amine the effectiveness of the proposed algorithm. The indoor
experimental results were used to validate the wind estimation
algorithm in the hovering phase. The outdoor flight tests with
a typical tail-sitter operation scenario were then conducted to
evaluate the proposed algorithm during the forward transition,
cruising phase, and transition to hover. One hover flight and
one operation flight were presented in this section. The results
are discussed as follows.

A. Scenario 1: Indoor Hover Flight

The hover flight experiment was conducted in the aviation
laboratory of The Hong Kong Polytechnic University, Hong
Kong. The validation flowchart of the hover flight test is shown
in Fig. 9, and the experimental setup is delineated in Fig. 10.
As shown, the nonuniform artificial wind field in the hover
flight test was generated by fans. The average wind speed
distribution with the position was first constructed using a
Testo 480 multi-parameter climate meter with a Testo thermal
flow velocity probe (Testo 0635 1050). Ninety points in the
testing field were measured, and the data were acquired for

Fig. 9: Validation flowchart of wind estimation algorithm in
hover flight experiment.

20 secs at a sampling frequency of 1 Hz for each point.
The corresponding time-averaged wind speed distribution is
presented in Fig. 11.

The time step of the wind estimation algorithm was de-
termined by the updating rate of the developed estimator.
At each time step, the position of the vehicle was provided
by the Vicon motion capture system. The vehicle’s trajectory
in this hover flight test is superimposed in Fig. 11 with the
black dashed line. The estimated wind field at various time
steps vw(t) in the flight test was compared with the ground-
measured wind data at the same position vw(p).

Figure 12 shows the results of the wind estimation algorithm
compared with the ground measurements. These results were
replotted in the timescale for a clearer view, as shown in Fig.
13. The heading of the vehicle is presented in the right y-axis
of the lower figure in Fig. 13. Noted that the heading of the
vehicle in the hover phase is the roll angle with defined inertial
axis system ΓI (shown in Fig. 3). Notably, the true wind
direction remains 150◦ since it is determined by the setting
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(a) (b)

Fig. 10: (a). Experimental setup of indoor hover test; (b).
Instrument for ground measurement.

Fig. 11: Wind speed distribution, with vehicle trajectory (black
dashed line).

Fig. 12: Wind speed estimation results compared with ground
measurements based on position.

of the fans. At the same time, the wind speed changes along
with the distance to the wind source (fans). The proposed wind
estimation algorithm provides a good prediction of the wind
direction. The estimated wind speed varies around 1.5 m/s,
which is also close to the ground measurement. These results
demonstrate the effectiveness of the proposed wind estimation

Fig. 13: Wind speed estimation results compared with ground
measurements in time scale. Data of vehicle heading are
plotted on the left y-axis, the others are plotted on right y-
axis. Noted that the range of the left and the right y-axis are
different.

Fig. 14: Wind data measurement instrument Wind Master 3D
sonic anemometer with its specifications.

algorithm for a tail-sitter in hover flight.

B. Scenario 2: Tail-sitter Operation Flight

The outdoor flight tests were conducted with typical tail-
sitter operation to evaluate the wind estimation algorithm in
all flight phases. The wind data were measured and recorded
with a Wind Master 3D sonic anemometer (Gill Instruments
Ltd.), as shown in Fig. 14. The anemometer was 2.5 m above
the ground, and the data were recorded at 1 Hz.

The wind speed at the vehicle’s altitude was predicted using
the wind profile power law, which is commonly adopted for
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Fig. 15: Wind data from Wind Master 3D sonic anemometer
during flight.

Fig. 16: Two-dimensional flight trajectory of the tail-sitter
vehicle. Started from the red star.

the atmospheric wind speed profile of estimation. The wind
profile power law is given as [12],

uh = uref (h/href )p (37)

where uh is the magnitude of the wind at height h, uref is the
wind speed at reference height href , and p is the power-law
exponent. p = 0.25 is used in this study.

With the wind profile power law, the approximate wind
speed used as the reference ground measurement is shown
with a solid blue line in Fig. 15. The UAV’s altitude was read
from the flight log. The measured wind data and flight log
were synchronized via the GPS time. The wind came from
the north at approximately 2.5 m/s (averaged) before 19 mins
20 secs based on the wind profile power law. Notably, it is
used as a reference, not as the standard for comparison.

Figure 16 shows the tail-sitter’s horizontal trajectory, and
Fig. 17 shows its attitude in the experiment. The tail-sitter
vehicle took-off from the red star point as shown in Fig.
16 and made two turns before transition to hover attitude.

Fig. 17: Pitch and yaw attitude of the tail-sitter vehicle in the
wind estimation experiment.

Fig. 18: Wind estimation results with a typical tail-sitter
operation mission.

Fig. 17 shows that forward transition, cruising, and backward
transition were included in this flight. The vehicle made two
circle turns. Fig. 18 shows the results for the estimated wind
speed and direction using EKF. Notably, for a clear compari-
son, the wind direction is plotted in a range of [−180◦, 180◦]
in this flight segment. The angle 0◦ indicates that the wind
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Fig. 19: Ground speed, measured pitot airspeed, and predicted
airspeed of the vehicle.

Fig. 20: Predicted airspeed and AOA of the vehicle. Data
of SegE are plotted on left y-axis, the others are plotted on
right y-axis. Noted that the range of left and right y-axis are
different.

comes from the north. At the beginning of this flight segment,
the wind estimation filter was initialized. The initial guess
was set as the zero wind condition. During the flight, the
EKF operated at 5 Hz. The results show that the algorithm
performed well in both speed and direction until 19:35. The
large deviations in both wind speed and wind direction after
19:35 were due to the inaccurate power law approximation
from the ground measurement, not due to failure of the wind
estimator. This can be proved by further plotting the airspeed
along the vehicle’s body x-axis and the ground speed in Fig.
19, which are raw data measured by the pitot and by GPS,

Fig. 21: Aerodynamic coefficients of the tail-sitter vehicle,
NACA 0012 airfoil, and the flat plate model.

respectively. It clearly shows differences of around 2 to 4
m/s between the ground speed and the pitot airspeed after t
= 19:35. Therefore, the author concluded that the vehicle was
still cruising in windy conditions that were not captured by the
wind data anemometer. From time 18:20 to 19:30, the mean
square root error of wind speed and direction are 0.61 m/s
and 19.38◦, respectively.

Also presented in Fig. 18 are the comparison of the es-
timated wind speeds and wind directions by the estimators
with only the synthetic sensor and with the pitot tube and the
synthetic sensor fused. The result is similar to the performance
shown in the simulation. In the majority of the cruise phase,
the estimator with the pitot tube and the synthetic sensor fused
improved the estimation results, compared to that with the
synthetic sensor alone. In the transition phase, the estimation
difference between the estimators with or without the pitot
tube is very small. Notably, after t = 19 : 55, the measured
data of the pitot tube was treated as unavailable since it
dropped to zero (shown in Fig. 19). Therefore, the results of
two estimators overlapped after t = 19 : 55.

As mentioned in the introduction, the wind field information
indirectly indicates the AOA and airspeed of the vehicle, which
are important states for aircraft control. Fig. 20 presents the
airspeed and AOA of this tail-sitter operation flight. Recall
that, the testing tail-sitter UAV adopts dual-rotor configura-
tion and therefore, the partial flow condition over the wing
must be considered. The black solid lines donated as SegE
show the parameters of the segments directly exposed to the
environment, which are, in this study, Segment l1, l3, r1, and
r3 shown in Fig. 4. It can be noticed that the wing segments
in slipstream region were operated in a reasonable low AOA
region with a maximum AOA of 15◦, even in the landing
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phase. During landing, the segments directly exposed to the
environment operate in high AOA region and reached around
130◦ as expected.

C. NACA 0012 Aided Estimation

The proposed wind estimation algorithm requires knowl-
edge of the tail-sitter’s aerodynamic model covering the full
range of AOA. However, the airfoil aerodynamic data for the
full range of AOA are not generally provided by manufacturers
of low-cost UAVs. As mentioned previously, the synthetic
wind measurement was developed mainly for hover flight at
a high AOA. It is well known that in the high AOA region,
the wing behaves like a flight plate and the differences in
the aerodynamic characteristics caused by different airfoils
are reduced [37], [38]. Therefore, it would be interesting
to determine the sensitivity of the use of different airfoil
aerodynamics in the current wind estimation algorithm. A
NACA 0012 airfoil model [39] and force coefficients of a flat
plate with AR = 3.58 [40] were chosen for the comparative
study.

The airfoil aerodynamic coefficients of the tail-sitter vehicle,
flat plat and NACA 0012 are first compared in Fig. 21. It
can be noticed that the lift coefficient and drag coefficient
with AOA ranging from 40◦ to 140◦ can be fitted as sine and
cosine curves, respectively. The corresponding wind estimation
results are presented in Fig. 22. As shown in the results, the
estimation method with synthetic sensors using either NACA
0012 or flap plate aerodynamic parameters provided a wind
speed estimate with acceptable error. The synthetic wind sen-
sor with flat plate model shows larger errors in both magnitude
and direction estimation. This suggests a big advantage in
using the known airfoil data as a compromise solution for tail-
sitter wind estimation, if the accurate aerodynamic model is
not available or if a wind tunnel experiment is not accessible.
It will be of great helpful conducting a sensitivity study to

model how parameter errors effect the synthetic estimation
error, which is, however, beyond the scope of this paper.

VI. CONCLUSIONS

In this paper, a wind estimation framework for a tail-sitter
vehicle to cover all flight phases is presented and developed
using a low-cost GPS unit, an airspeed sensor, and an IMU
sensor. The proposed algorithm is based on the “wind triangle”
method and further makes use of the aerodynamic relationship
to achieve the estimation in high AOA. This generic wind
estimation framework was validated with flight tests. The
results show the verification of the wind estimation based
on the standard, simple and low-cost onboard sensor suite.
The estimated magnitude and direction of the wind were in
agreement with the results inferred from the ground measure-
ments, with an approximate error below 20◦ in wind azimuth
and 0.6 m/s in speed. The wind estimation framework was
also tested in the hovering phase using the NACA 0012
airfoil and flat plate aerodynamic coefficients, which provided
compromise solutions for vehicles with no vehicle model.
Those testing cases showed that the proposed wind estimation
method has the capability of easy generalization to other dual-
rotor aircraft models.

The wind estimation method can provide the wind field
information around the vehicle, which indicates airspeed and
AOA information indirectly. Based on the information, one
can estimate the aerodynamic forces and moments. The hover
controller can make use of the information to implement
the disturbance rejection control, e.g. introduced as measured
disturbance with MPC control method [41], [42]. It was also
noticed that most of transition optimization control methods
are rely on the prediction of aerodynamic force to achieve a
smooth transition from using thrust against gravity to using
wing lift [21], [25], [43]. A wind field estimation like one
proposed in this paper will enhance the vehicle dynamic
estimation. With a good aerodynamic force and moment

Fig. 22: Wind Estimation results using NACA 0012 airfoil and flat plate model in hover flight.
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prediction, transition control can be discussed and optimized,
such as transition without losing altitude [43]. In addition, it
was found that the vehicle’s AOA should be limited within
some range during the whole transition phase to ensure the
effectiveness of the control surfaces, especially for dual-rotor
tail-sitters [27]. The stall prevention control can be discussed
in the future especially for dual-rotor tail-sitter in the transition
to hover phase. The wind field discussed in this method
is limited with a uniform wind filed assumption. The wind
estimation with non-uniform will be worth to be discussed in
the future, which will be very helpful for vehicle’s operation
in urban area.

APPENDIX A
SIMULATION RESULTS WITH SLOW-TIME VARYING WIND
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