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Identification of Thrust, Lift, and Drag for Deep-stall Flight
Data of a Fixed-wing Unmanned Aircraft

Torbjørn Cunis,1 Tobias Leth,2 Luminita C. Totu,3 and Anders la Cour-Harbo4

Abstract— In this paper, we consider a small un-
manned aircraft and data collected during regular and
deep-stall flight. We present an identification method
for the thrust force generated by the propulsion
system based on the in-flight measurements where
we make use of the well-known linear and quadratic
approximations of the lift and drag coefficients, re-
spectively, for low angles of attack. This overcomes
the lack of propeller thrust measurements and the
obtained models are successfully evaluated against
CFD simulation. The identified thrust model proves
applicable beyond low angles of attack, thus enabling
force estimation in the full flight envelope.

I. Introduction

A particular feature of small unmanned aircrafts
(UAs) is the absence of landing gear. Promoting a
lightweight construction, it complicates landing. While
some existing drones simply “crash land” and separate [1]
or glide after impact [2], another technique exists. By
deliberately entering a deep stall, a drone lands by a
vertical descend and stays at the point of impact. [3, 4]
This is termed deep stall landing, and one such UA is the
Cumulus One.

To land on its belly and lest to shatter upon impact,
Cumulus maintains a pitch around zero degrees during
vertical descent. This requires controlled flight at high
angles of attack, exceeding the stall point. Various off-
the-envelope control approaches have been developed
[4–6], commonly approaches requiring accurate models of
the aerodynamics (see also [7] and references herein). In
[8, 9], the aerodynamics of small UAs were modeled based
on their geometry; and accurate measurement technolo-
gies have boosted the in-flight estimation of aerodynamic
coefficients [10–12]: the latter involves the computation
of forces during flight based on trajectories, which are
usually recorded using optical tracking technology. In or-
der to neglect the thrust force in these equations, studies
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were conducted for gliders or with the thrust simulated
based on the propeller shape [11]. Yet, identification
of the thrust provided by the vehicles’ propellers is a
separate task [13–15]. A few studies have been conducted
into thrust force estimation of marine propellers [16]
and aeronautical turbofan engines [17]. However, even
they required prior knowledge of the propulsion systems.
Instead, we will employ well-known approximations of
lift and drag forces at low angle of attack to separate the
estimated aerodynamic and thrust forces and identify a
thrust model using linear least-squares optimization [18].

This paper presents data from a flight of the Cu-
mulus UA, where deep stall landings are initiated but
aborted. The recorded flight data includes high angles
of attack, which yields an experimental validation of
the full-envelope aerodynamic coefficients. As there is
no propulsion model for the Cumulus propeller during
flight, we identify the applied thrust based on the flight
data for low angles of attack and extend the model to the
full envelope. Accurate drag and lift models over the full
flight envelope will allow us to derive control strategies
for precision descents and landing on moving targets.

(a) Digital rendering of Cumulus One ready for flight. [19]

(b) Photograph of Cumulus One in flight. [19]

Fig. 1: The Cumulus One UA. Note how the propeller
blades are folded back when not spinning.
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Fig. 2: Flight-path of Cumulus One with 22 aborted deep stall manoeuvres. The earth-fixed axis system is originated
in the initial position of the drone when arming.

II. The Cumulus One

This section introduces the Cumulus drone (Fig. 1),
its models, and the data from flight experiment which
is to be used in this study. The Cumulus UA is man-
ufactured and sold by the Danish company SkyWatch
for autonomous agricultural mapping, surveillance, and
reconnaissance.

A. Unmanned aircraft

Fig. 1a shows a digital rendering of the assembled
Cumulus UA. It has a wingspan of 1.65 m, a typical
mass of 1.7 kg, and an endurance of 150 min. With a
payload capability of up to 500 g it offers flexibility in
sensor combinations. Cumulus One has a range of 10 km
for beyond visual line of sight operations, a cruise speed
of 16 m/s, is just over one metre long, and it is hand-
launched. [19]

Cumulus is designed for deep stall landing. In Fig. 1b
a special shock-absorbing foam can be seen at the belly
of the aircraft. This enables repeated deep stall land-
ing without damaging the drone. Also shown are the
propellers that fold back when not spinning [20]. This
improves performance during deep stall where no thrust
is necessary and the flight angle is different from usual,
levelled flight. In order to be able to perform the deep
stall, Cumulus is equipped with an elevator which allows
for large negative deflections. This both serves to initiate
the deep stall and to maintain a desired attitude during
the descent.

The Cumulus UA is fully automated once it is
launched. Its onboard instrumentation includes inertial
measurement units (IMUs) with accelerometer, gyro-
scope, and magnetometer triads as well as barometric
sensors and a GPS unit.

B. Experimental flights

Fig. 2 shows the flight-path of an experiment contain-
ing 22 aborted deep stall manoeuvres and one deep stall
landing. The cruising altitude was 100 m, at which the
Cumulus passes a series of predefined way points prior to
each deep stall. Cumulus descends to an altitude of 50 m
at which point the deep stall manoeuvre is aborted and
a predefined recovery strategy is executed. The Cumulus
drone then returns to cruising altitude to perform the
next aborted deep stall manoeuvre. Some deviations in
the flight part are seen in Fig. 2. They are the result
of the operator taking manual control for adjusting
controller settings. When returned to autopilot Cumulus
resumes its original mission. After the 22 manoeuvres it
descents to an altitude of 30 m and performs a deep stall
landing. Tab. I shows the parameters of the particular
Cumulus One used during the experiment.

TABLE I: Parameters for the experiment.
flight mass1 m 1.55 kg

wing span b 1.66 m
mean chord cA 0.174 m

wing area S 0.277 m2

air density ̺ 1.16 kg/m
gravitational constant g 9.81 m/s2

C. Virtual instrumentation & Flight logs

The on-board software provides extensive logs of both
sensor data and actuator commands. Further navigation
variables are estimated by a 22-state Extended Kalman
filter (EKF) implementation. The EKF states include
the global position, the flight-path velocity VK, the

1Total mass at take-off, including payload
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Fig. 3: Lift-drag ratio CL/CD by CFD for zero elevator.

horizontal wind velocity VW, and the attitude. The air-
path velocity is then given as

VA = VK −VW, (1)

As common, we have air speed VA as norm of VA
and the angle of attack α and angle of side-slip β are
calculated as in [21]. The on-board accelerometers are
positioned close to the center of gravity of the plane and
the measurements are further post-processed by a low-
pass filter.

The aerodynamic coefficients of the Cumulus One
body have been simulated using Computational Fluid
Dynamics (CFD). The data, exemplary in Fig. 3, have
been used for verification of the in-flight identification.

III. Preliminaries
In this paper, we will refer to the axis systems of the

international standard [21] (Fig. 4): the body axis system
aligned with fuselage; the air-path axis system aligned
with the air-path velocity vector VA; the flight-path axis
system aligned with the flight-path velocity vector VK;
and the normal earth-fixed axis system. Variables with
respect to this axis systems are denoted by indices f, a,
k, and g, respectively. The rotation matrix from xs to xt
is given by Ωts with xt = Ωtsxs. We denote the vectors

xg
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Fig. 4: Longitudinal axes with angles and vectors.

of forces and accelerations by R =
[

X Y Z
]T and

a =
[

ax ay az
]T , respectively. Here, the forces are

marked by superscript A (aerodynamic), F (thrust), or
G (weight).
Accelerations are measured in the inertial reference frame
of the accelerometer, thus we have the measured accel-
erations ãf in the body axis system to

ãf = af −Ωfg





0
0
g



+∆af, (2)

where af is the actual acceleration of the body and ∆af
are measurement errors.

IV. In-flight force estimation
The accelerations of the aircraft are the result of the

sum of acting forces,
∑

i

Ri
f = maf, (3)

where m is the mass of the vehicle. During flight, the
aerodynamic forces, thrust, and weight act on the air-
craft:

maf = RA
f +RF

f +RG
f (4)

or, in the aerodynamic axis system,

mΩafaf =





−D

Q

−L



+Ωaf





F

0
0



+Ωag





0
0
g



 , (5)

where F is the thrust; and aerodynamic lift, drag, and
side-force are given by the aerodynamic coefficients as

L =
1

2
̺V 2

ASCL; (6)

D =
1

2
̺V 2

ASCD; (7)

Q =
1

2
̺V 2

ASCQ; (8)

with air density ̺ and reference area S. Re-ordering (5)
and applying (2), we get

mãa = RA
a +ΩafR

F
f . (9)

In the flight shown in Fig. 2 the autopilot is applying a
throttle command in almost the entire flight. Initially we
only know the thrust F during the aborted deep stalls
since the throttle command is zero. We can then cal-
culate the aerodynamic coefficients during the descents
by solving (6)–(9) for CL, CD, and CQ. Thus calculated
coefficients for pitch rate −0.1 °/s ≤ q ≤ 0.1 °/s are
exemplary shown in Fig. 5. The mean elevator deflection
here has been η ≈ −45°.

However, if the thrust is unknown and different from
zero, as for the full envelope range of the flight exper-
iments here, estimation of the aerodynamic coefficients
is difficult. To overcome this challenge, we will derive a
thrust model based on the force estimation at low angles
of attack and extend it to the full envelope.
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Fig. 5: Zero-thrust force estimation compared to CFD.

V. Parameter Identification
In this section we identify the parameters of the thrust

model for low angles of attack aerodynamic coefficients
based on the estimation of forces encountered during
flight.
A. Thrust model

The thrust generation of a propeller depends on its
geometry, the rotation speed, the air speed, and the
incidence angle [22]. We then have

F = ̺n2D4CF (10)
with the revolutions per second n, the diameter D and
thrust coefficient CF. We also introduce the advanced
ratio

J =
VA
nD

. (11)

In [23], a linear relation between thrust coefficient, revo-
lutions per second, and advanced ratio has been proposed
for a normal range of air speeds:

CF = CF0 + CFJJ + CFnn (12)
with the coefficients CF0, CFJ , CFn. This assumption was
then successfully evaluated in wind-tunnel experiments
for different propeller models and types. We further
assume a linear relation between motor rotation speed
and throttle command to the speed controller, n ∝ τ ,
and obtain

F = ̺n2D4

(

CF0 + CFJ

VA
nD

+ CFnn

)

(13)

= CF1τ · VA + CF2τ
2 + CF3τ

3 (14)
for suitable coefficients CF1, CF2, CF3.

B. Modeling for low angles of attack
For low angles of attack, we can use the well-known

representation of the lift and drag coefficients being
linear (squared) in the angle of attack:

{

CL = CL0 + CLαα;

CD = CD0 + CDαα
2.

(15)

The forces along the aerodynamic xa and za axes are
then derived from (9) to

m





ãx
0
ãz





a

=−
1

2
̺V 2

AS





CD0 + CDαα
2

0
CL0 + CLαα





+Ωaf





CF1τ · VA + CF2τ
2 + CF3τ

3

0
0



 ,

(16)

by substitution of (14) and (15).
C. Optimal parameters

As the assumption of (15) is only valid for low angles
of attack, we choose the limits to be ±10°. If we evaluate
(16) in the data points ãxi, ãzi, VAi, αi, βi, τi from the
flight logs with i ∈ Iα ⇐⇒ −10° ≤ αi ≤ 10° and m, ̺, S

from Table I, we find optimal parameters for (14) and
(15) by linear least-square (LSQ) optimization:

qopt = arg min
q

‖Cq− d‖
2

2
. (17)

Here, the solution vector is given as

qopt =
[

CF1 CF2 CF3 CL0 CLα CD0 CDα

]T

(18)
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Fig. 6: Identified aerodynamic coefficients for low angles of attack (−10° ≤ α ≤ 10°) compared to CFD.

and we have the objective matrix

C =







Ω
2,2

af

[

τi · VAi τ2i τ3i
0 0 0

]

i

− 1

2
̺V 2

Ai
S

[

0 0 1 α2

i

1 αi 0 0

]

i...
...






,

(19)

where Ω
2,2

af denotes the submatrix of Ωaf obtained by
deleting each the 2nd row and column, and the target
vector

d =







m

[

ãxi
ãzi

]

i...






(20)

for all i ∈ Iα.
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Fig. 7: Identified thrust model F (τ, VA).

The optimal parameters are identified using
the lsqlin function of the MOSEK software
[24] and can be found in the Appendix. The
identified aerodynamic coefficients for low an-
gles of attack and the identified thrust model
are shown in Fig. 6 and 7, respectively.

D. Discussion
In order to identify the parameters of the thrust model

based on the low angle of attack models of the aerody-
namic coefficients, we have silently met some assump-
tions which do not trivially hold. We shall present these
requirements now and argue their validity for the given
flight data. Subsequently, we will discuss the results of
the identification and the possible influence of parametric
uncertainties.

First, a requirement for a multi-variable fitting of
parameters is stochastic independence of the respective
variables, here the angle of attack α and throttle τ .
The consequences of stochastically dependent variables
can be well observed in Fig. 8: the left figure shows
a dimensional deficit compared to the right; i.e., the
regression surface diminishes to a curve and a parametric
optimizer cannot distinguish between the effects of X

0.5
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Independent variables X,Y .

Fig. 8: Effects of stochastically dependent variables on
the example f : (X,Y ) 7→ X + Y .



and Y to f . The linear dependency of stochastic variables
can be measured by the Pearson correlation coefficient
ρ(X,Y ) ∈ [−1; 1]; values closer to +1 indicate depen-
dency of X and Y . For the variables of the thrust model
identification we have

ρ(αi, τi) = −0.32; (21)
ρ(αi, VAi

) = −0.29; (22)

but

ρ(τi, VAi
) = 0.41, (23)

indicating a correlation between throttle command and
air speed which has been neglected here.

Moreover, when modeling the lift and drag coefficients
we have ignored the effects of further variables such
as elevator, side-slip, or pitch rate. Table II shows the
distribution of those variables for low angles of attack.
While they clearly contribute to lift and drag, the LSQ
problem structure averages their influence. Hence, the
identified parameters are valid for side-slip and pitch rate
close to zero, and an elevator deflection of η ≈ −1.75°.

TABLE II: Mean values (µ) and standard deviations (σ)
of further variables during low angle of attack flight.

Variable µ σ

side-slip β 0.10 2.86 °
elevator η −1.75 1.47 °

pitch rate q 0.10 2.86 °/s

As shown in Fig. 6, the identified drag coefficients track
the CFD data well for low angle of attack and neigh-
bouring points; the identified slope of the lift coefficients
clearly underestimates the CFD data. This offset, also
apparent in unthrottled flight (Fig. 5), is likely caused
by inaccurate estimations of wind and air speed as well
as biased accelerometer measurements. The thrust model
(Fig. 7) shows small alterations at different air speeds
and the resulting thrust increases with the air speed,
opposite to the expectation [22]. This can be deduced
to the stochastic dependency of the throttle and air
speed values at low angles of attack. For small angles
of attack and inclination angles, the applied forces are
nearly perpendicular (Fig. 4) with lift opposing weight,
thrust opposing drag. That is, the lift model is rather
affected by inaccuracies in the weight while an accurate
drag model supports the thrust model estimation.

The fitted results are further subject to parametric
uncertainties; in particular, flight mass and air density
will vary from flight to flight. While variations of the air
density affects the identified lift and drag coefficients,
uncertainties of the mass have an interesting effect: since

min
q

‖Cq− d‖
2

2
= m · min

q̃

‖Cq̃− d/m‖
2

2

with q̃ = q/m, the parameters can be identified without
knowledge of m first. The parameters of lift, drag, and
thrust model are then obtained by q = mq̃; that is, the
identified model is scaled by the aircraft mass.

VI. Aerodynamics in Deep-Stall Flight
In this section the derived thrust model is used to

calculate the instantaneous drag and lift coefficients.
With the coefficients CF1, CF2, and CF3 determined as
the solution to (17), equations (6), (7), and (9) are solved
for each data point during the flight. Figures 9, 10, and
11 show the calculated drag coefficient through the entire
flight as a function of angle of attack α, the pitch rate
q, and the elevator deflection η. Fig. 10 shows the α-q
plane and Fig. 11 shows the q-η plane.
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Fig. 9: Drag coefficient plotted as a function of angle
of attack α, pitch rate q, and elevator deflection η. The
transition from normal flight with CD ≈ 0.3 to deep stall
descent with CD ≈ 1 is clearly visible.

The distinct nature of initiating and aborting a deep
stall is clearly visible in these figures. In regular, lev-
eled flight, the three variables are in the intervals α ∈
[−10°; 10°], q ∈ [−0.50 °/s; 0.70 °/s], and η ∈ [−5°; 1°].
On Fig. 10 this is seen around the origin at the high
concentration of data points. On Fig. 11 this is seen as
the elliptic shape with high concentration of data points
close to the origin. On Fig. 9 it is seen as the top left
corner of the points. At some point, the mission requires
the Cumulus drone to do a deep stall, usually because
the mission is over. This is initiated by a step in elevator
deflection. The controllers no longer attempt to maintain
a desired attitude or flight angle, but simply sets the
elevator deflection to η ≈ −38°. This is best seen in Fig. 9
where the data points drop to approximately [0, 0,−38]
and then transitions through a half circle with a top point
of [20, 4,−38] and an end point of [50, 0,−38]. This half
circle is best seen in Figs. 9 and 10. This transition is the
initiation of the deep stall where the forward velocity
is almost completely converted to a small increase in



altitude. Compared to Fig. 2 it is the small bump before
the descents. The change in color clearly shows the
change in drag coefficient throughout this manoeuvre.
After the Cumulus drone has lost its forward velocity
it starts to descent. At this point the elevator is again
free to move and the controllers attempts to maintain a
pitch of θ = −10° throughout the descent. This is best
seen in Fig. 11 where the data points encircle the points
[α, 0,−46] with α ∈ [32°; 50°] depending on the particular
descent.

For a regular landing the Cumulus drone would main-
tain a pitch of θ = −10° until impact. In the aborted deep
stall manoeuvres considered in this paper the descents
are aborted once the altitude falls below 50 meters.
At this point the Cumulus initiates a predefined abort
scheme. The elevator is stepped to a constant value of
η ≈ −11°. This is seen on Fig. 9 where the data points
jumps to around [40, 0,−11] and then transitions through
a second half circle with a bottom point of [20,−2,−11]
and an end point of [0, 0,−11]. This half circle is best
seen on Fig. 10. Stepping the elevator back down towards
zero makes the drone pitch forward as observed on the
pitch rate. Thanks to gravity the air speed vector is
still dominated by its vertical component, but since the
drone pitches forward the angle of attack diminishes.
This enables for the Cumulus to return to normal fight
mode and regain control. On Figs. 9 and 10 the pitch rate
can be seen to become positive again, and shortly after
the angle of attack is around α ≈ 15°. At this point the
elevator is again free to be controlled. Before returning to
regular, levelled flight the angle of attack remains around
α ≈ 10° where the elevator deflection is η ∈ [−11°;−5°].
During this time Cumulus changes its altitude from 35 m
to 100 m after which it is back in the usual operation
mode where the data points are dense as described in
the beginning of this section.

A similar graph has been obtained for the lift co-
efficient. It exhibits the same tendencies as observed in
Fig. 9, and is not presented here.

0 15 30 45

−2

0

2

4

angle of attack (°)

pi
tc

h
ra

te
(°
/
s)

Fig. 10: Projection of Fig. 9 into the α-q plane.

−2−101234
−60

−40

−20

0

pitch rate (°/s)

el
ev

at
or

de
fle

ct
io

n
(°

)

Fig. 11: Projection of Fig. 9 into the q-η plane.

VII. Conclusion

In-flight force estimation provides aerodynamic details
of an aerial vehicle but requires knowledge of the applied
thrust force. In this paper, we have obtained a thrust
model using experiment data of the Cumulus One UA in
regular and deep-stalled flight. The identification method
is based on a linearity assumption of thrust, justified
by previous wind-tunnel studies, as well as of lift and
drag at low angles of attack. Parameters are hence found
by linear least-square optimization. With the identified
thrust model, we have determined lift and drag coeffi-
cients in the full envelope, including high angles of attack,
elevator deflections, and pitch rates. The calculations
show good general agreement with the available CFD,
given the present uncertainties of the estimated air speed
and angle of attack as well as the measured accelerations.
Future work includes air measurements by pitot sensors
and improved accelerometer data.

Appendix

The transformation matrix used in this paper are given
by [25]

Ωaf = ΩT
fa =





cosα cosβ sinβ sinα cosβ
− cosα sinβ cosβ − sinα sinβ

− sinα 0 cosα



 .

The optimal parameters found in Sec. V-C are given as

CF1 = 0.1544 CF2 = 12.25

CF3 = −3.642

CL0 = 0.5005 CLα = 1.781

CD0 = 0.09362 CDα = 2.656.
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