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 a b s t r a c t

This work introduces a novel analytical model for estimating the airspeed of fixed-wing Unmanned Aerial Vehi-
cles (UAVs) using solely propeller power and rotational speed measurements. The model can be used to replace 
Pitot-tube-based airspeed sensors, or contribute to redundancy in airspeed estimation. It does not require knowl-
edge of the vehicle’s dynamic model and is computationally lightweight. It leverages power and rotational speed 
feedback, which is readily available from modern Electronic Speed Controllers (ESCs), thereby enabling seam-
less integration with existing systems and off-the-shelf components. A systematic approach is followed to derive 
the model structure based on least squares optimization and regularization techniques on Blade Element Mo-
mentum (BEM) simulation, wind tunnel, and flight test datasets. The final model generalizes well achieving a 
normalized Root Mean Square Error (nRMSE) of 5% on unseen flight data. The model coefficients can be iden-
tified either offline, using flight logs with airspeed measurements, or in-flight, using a lightweight identification 
method based only on Global Positioning System (GPS) velocity data. The resulting system provides a robust and 
computationally efficient solution for real-time airspeed estimation across diverse fixed-wing UAV platforms.

1.  Introduction

Airspeed information is critical for the operation of a UAV, as it is 
utilized in control algorithms for gain scheduling [1,2] and flight enve-
lope protection.

Typically, the airspeed of a UAV is measured using a Pitot tube and 
a set of differential pressure sensors. This configuration measures the 
dynamic pressure of the airflow, which is the difference between the 
total pressure captured by a forward-facing tube and the static pressure 
of the surrounding environment. However, Pitot tubes are particularly 
vulnerable to environmental factors such as icing or clogging, caused by 
dust and water, while the pressure sensors are susceptible to tempera-
ture fluctuations.

One way to increase the reliability of the airspeed measurement is 
by adding different sensors, thus introducing physical redundancy. For 
example, Makaveev et al. [3] proposed a microphone-based setup that 
estimates airspeed by analyzing the power spectra of wall-pressure fluc-
tuations generated by the turbulent boundary layer over the vehicle’s 
surface during flight. A feed-forward single-layer neural network is then 
employed to predict the airspeed based on the power spectra of the mi-
crophone signals. Li et al. [4] proposed the integration of a mass-flow 
sensor that feeds an indoor localization algorithm with robust velocity 
updates while [5] utilized an ultrasonic anemometer on a UAV for accu-
rate wind measurements. While physical redundancy can mitigate the 
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risk of airspeed sensor failure, it increases the weight and cost of the 
UAV.

An alternative to adding additional physical sensors is analytical re-
dundancy, which offers a cost-effective solution and enables operation 
even in the absence of an airspeed sensor. Some methods exploit the dy-
namic model of the UAV to derive the estimate. For example, Fravolini 
et al. [6] demonstrated that, when the state of the system is known, ex-
cept for the airspeed, the angle of attack results quadratic in airspeed, 
thereby enabling to solve for it. Ganguli et al. [7] approximated airspeed 
using a model of the aircraft and the current signal from the servo mo-
tors actuating on the elevons of the UAV. The authors in Guo et al. [8] 
employed aerodynamic and thrust modeling techniques to estimate air-
speed, and subsequently incorporating it into the control structure of a 
solar-powered UAV.

Data-driven approaches have also been explored. For instance, re-
searchers in Samy and Gu[9], Gururajan et al. [10] applied Machine 
Learning techniques to estimate airspeed for the purpose of hardware 
failure detection. Lim et al. [11] utilized a Temporal Convolutional 
Network (TCN), using Inertial Measurement System (IMU) data, eleva-
tor input, and airflow angle measurements, to generate synthetic air-
speed measurements, which were subsequently fused using a Unscented 
Kalman Filter (UKF).

Other methods rely on sensor fusion. Rhudy et al. [12] fused mea-
surements from onboard sensors within a nonlinear Kalman filter,
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simultaneously estimating both the airspeed and the local wind vector 
without requiring a dynamic model. However, their approach required 
the extra use of vanes to measure the relative wind, which are typically 
not part of most UAV setups. Similarly, Guo et al. [13] developed an 
Extended Kalman Filter (EKF)-based method that integrates data from 
an IMU, GPS, and wind vanes, while further formally proving the ob-
servability of the nonlinear system describing the airspeed kinematics.

We propose a novel airspeed estimation approach purely based on 
propeller power and rotational rate measurements, without the need 
of a vehicle dynamics model or any complex computations. The method 
leverages the physical relationship between the freestream velocity, pro-
peller rotational speed, and propeller power. Modern ESCs natively pro-
vide feedback on input power to the ESC-motor-propeller system and 
on the rotational speed of the propeller, so the proposed approach is 
compatible with off-the-shelf components and can be seamlessly inte-
grated into existing platforms without hardware modifications. Addi-
tionally, we present an in-flight model coefficient identification proce-
dure that requires only earth-frame velocity data, which are typically 
available on most UAV platforms via GPS measurements. This removes 
the dependency on existing pre-flight airspeed data, thereby enabling 
autonomous, self-configuring deployment.

2.  Methodology

To estimate the airspeed of a UAV from propeller power and rota-
tional speed, a relationship between these variables must be established. 
In the following subsections, we address this problem by proposing two 
alternative model categories and present the optimization method uti-
lized to extract their corresponding terms from data.

In our approach, we assume nominal flight conditions characterized 
by small angle of attack 𝛼 and sideslip angle 𝛽 such that the propeller 
operates under approximately axial flow conditions. Nevertheless, we 
demonstrate that the airspeed estimate maintains reasonable accuracy 
even during more aggressive flight, where violations of these assump-
tions occur.

2.1.  Indirect airspeed model

Using the Buckingham-𝜋 theorem [14], propeller power is defined 
with the help of the non-dimensional power coefficient 𝐶𝑃  as 
𝑃 = 𝐶𝑃 (𝐽 ,𝑀tip, 𝑅𝑒tip) 𝜌𝑎𝑛3𝐷5, (1)

where 𝐽 = 𝑉𝑎
𝑛𝐷  is the advance ratio, 𝑉𝑎 the freestream velocity, 𝐷 the pro-

peller diameter, 𝑛 the rotational speed in revolutions per second (RPS), 
𝜌𝑎 the air density, 𝑀𝑡𝑖𝑝 the tip Mach number, and 𝑅𝑒𝑡𝑖𝑝 the tip Reynolds 
number. In the case of our UAV, introduced in Section 3.2, the propeller 
tip speed is 𝑀tip ≈ 0.25 thus the flow may be considered incompressible 
[15], while the Reynolds number is 𝑅𝑒tip ≈ 1.1 × 105 meaning that vis-
cous effects are confined to thin boundary layers and the outer flow may 
be treated as inviscid [16]. Accordingly, the propeller power coefficient 
can be approximated as 𝐶𝑃 (𝐽 ,𝑀𝑡𝑖𝑝, 𝑅𝑒𝑡𝑖𝑝) = 𝐶𝑃 (𝐽 ).

We define  ⊂ ℝ as the set of all advance ratios 𝐽 within the flight 
envelope. Then we define the power coefficient as the mapping from 
  to  , seen in Eq.  (2a), where  ⊂ ℝ. To calculate 𝑉𝑎 we need to 
model the inverse mapping, Eq.  (2b), and then apply 𝑉𝑎 = 𝑛𝐷𝐽 . Hence, 
we call this an indirect approach. 
𝐶𝑃 ∶  →  (2a)

𝐶−1
𝑃 = 𝐽 ∶  →  (2b)

Modeling the mapping in Eq.  (2b) using an analytical expression, 
requires Eq.  (2a) to be invertible, thus bijective. Existing literature 
[17–19], and datasets from the current work presented in Fig. 4 suggest 
that Eq.  (2a) is a concave function, hence not bijective. Consequently, 
deriving a globally valid analytical expression for the airspeed across all 
advance ratios is not feasible. The solution is to divide 𝐶𝑃 (𝐽 ) into invert-
ible sections and treat them separately. Since there is no apriori known 

formula of the function we define below the generic inversion criterion 
for 𝐶𝑃 (𝐽 ) or equivalently the data selection criterion for a feasible model 
fit on 𝐽–𝐶𝑃  data points.

2.1.0.1.  Selection criterion and critical operating points. Let 𝐼 ⊂   be a 
connected interval over which the derivative d𝐶𝑃d𝐽  does not change sign. 
Then 𝐶𝑃  is said to be monotonic on 𝐼 , and thus invertible. In this case, it 
is possible to construct an analytical expression for 𝐽 , and consequently 
for 𝑉𝑎, over this interval. For the remainder of this work, we refer to this 
as the selection criterion, and to the advance ratio values, which define 
the endpoints of the interval 𝐼 , as the critical operating points.

2.2.  Direct airspeed model

Attempting to calculate 𝑉𝑎 by estimating 𝐽 from 𝐶𝑃  measurements 
aligns with the literature but we impose a certain structure to the model, 
potentially constraining the optimization algorithm, described subse-
quently in Section 2.3, in extracting the model features from a smaller 
subset of possible representations.

A second, more direct approach seeks to mitigate this issue by es-
timating airspeed directly from propeller power and rotational speed 
measurements. In this case we define  and Ω as the sets of all airspeeds 
𝑉𝑎 and propeller rotational speeds 𝜔, respectively, within the flight en-
velope; the power required by the propeller under these operating con-
ditions belongs in the set  ⊂ ℝ. The airspeed can then be expressed in 
terms of 𝑃  and 𝜔: 

𝑉𝑎 ∶  × Ω →  . (3)

The selection criterion outlined in Section 2.1 also applies to this direct 
modeling approach.

2.3.  Optimization method

In Sections 2.1 and 2.2, we defined the airspeed using a generic rep-
resentation. To extract analytical formulas from input-output datasets, 
we employ the Least Absolute Shrinkage and Selection Operator 
(LASSO) method within a 𝑘-fold cross-validation framework [20]. At 
its core, the algorithm solves a least squares problem while penalizing 
model complexity. It promotes model sparsity by selecting only the dom-
inant terms, thereby avoiding overfitting and improving generalizabil-
ity. A tunable parameter 𝜆 controls the degree of sparsity, with larger 
values yielding sparser models.

We construct the input matrix to include a wide range of candidate 
features formed by various combinations of the input variables. The 
LASSO method then fits this over-parameterized model to the data for a 
range of 𝜆 values, evaluating its performance through a cross-validated 
error metric. Finally, the value of 𝜆, and thus the corresponding model 
terms, is selected accordingly such that a low cross-validated error is 
achieved while maintaining a model that is as simple as possible.

3.  Data collection and experimental setups

3.1.  BEM dataset

We follow the BEM implementation proposed by Ning [21] to con-
struct a (𝑃 , 𝜔, 𝑉𝑎) dataset. The simulation input is the propeller charac-
teristics, the freestream velocity, which is varied from 0 to 30m∕s, and 
the propeller rotational speed, which is varied from 1000 to 10.000RPM. 
The simulation output is the propeller power. The propeller character-
istics are measured from the propeller of the test vehicle, presented in 
Section 3.2, thereby enabling direct comparison of the results. For these 
measurements, we employed an approach similar to that described in 
McCrink and Gregory[22]. Fig. 4 illustrates the 𝐶𝑃 –𝐽 data points of 
this dataset.
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Fig. 1. The Cyclone tailsitter UAV.

Table 1 
Cyclone parameters.
    Parameter  Value  
 Take-off Weight (TOW)  1.00 kg  
  Wing span  0.90m  
  Wing area  0.16m2 
  Y-axis propeller offset  0.24m  

3.2.  Flight test datasets

To obtain real flight data, we conducted flight tests using Cyclone, 
the tailsitter UAV depicted in Fig. 1a and 1b in hover and forward 
flight attitude, respectively. It is equipped with a Pitot tube to obtain 
airspeed measurements and a GPS module that provides earth-frame 
velocity data. In addition, it employs two tractor propellers, ensuring 
unobstructed inflow to the propeller disk. Table 1 contains various pa-
rameters of the tailsitter UAV to give context on the size and class of the 
UAV used for this study.

We conduct manual flights with turns, speed, and altitude variations 
so that they better reflect generic operational scenarios. We apply a cor-
rection to the airspeed measured by the Pitot tube 𝑉𝑎,pitot to correctly 
express the freestream velocity at the propeller, which is offset from the 
vehicle’s longitudinal axis by a distance 𝑙 = 0.24m. We collect feedback 
from the right ESC, so the appropriate correction is
𝑉𝑎 = 𝑉𝑎,pitot − Ω𝑥𝑙, (4)

where Ω𝑥 denotes the angular velocity of the vehicle about its body-𝑥
axis, as illustrated in Fig. 1b.

3.2.1.  Electro-mechanical efficiency and propeller power
The ESC provides feedback for input voltage 𝑉 , current 𝐼 , and rota-

tional speed 𝜔. The input power to the ESC-motor-propeller system is 
then calculated by 𝑃in = 𝑉 𝐼 . Based on that, propeller power 𝑃  is com-
puted with 
𝑃 = 𝜂𝑃in, (5)

where the electro-mechanical efficiency of the ESC-motor system 𝜂, ac-
counts for power losses, namely ESC switching losses, resistive losses in 
the motor windings, iron core losses in the motor, as well as frictional 
losses. It does not include the aerodynamic efficiency of the propeller. 
We assume that the efficiency 𝜂 is constant with respect to current, tem-
perature, and rotational speed changes.

We estimate the electro-mechanical efficiency of the ESC-motor sys-
tem, by analysing the BEM and the flight test data, depicted in Fig. 2. 
The BEM data refer to the propeller power coefficient 𝐶𝑃 = 𝑃

𝜌𝑎𝑛3𝐷5 . For 
the flight test data, propeller power is not directly available so we define 
the ESC input power coefficient as 𝐶𝑃in = 𝑃in

𝜌𝑎𝑛3𝐷5 = 1
𝜂𝐶𝑃 , which is also 

depicted in the same figure.
We estimate the efficiency 𝜂 as follows. First, we fit a third-order 

polynomial to the BEM-derived 𝐶𝑃 –𝐽 data, yielding the curve 𝐶𝑃 (𝐽 ) =
0.074 + 0.043𝐽 − 0.092𝐽 2 − 0.059𝐽 3, as depicted in the figure. Next, we 
scale this polynomial by a parameter 1∕𝜂, getting the expression 1𝜂𝐶𝑃 (𝐽 ), 

Fig. 2. Propeller power coefficient from BEM data and ESC input power co-
efficient from flight data. The electro-mechanical efficiency of the ESC-motor 
system relates these two coefficients.

Fig. 3. Wind tunnel experimental setup.

which we fit to the flight test-derived 𝐶𝑃in–𝐽 data resulting in the fit 
shown in the same figure. Accordingly, we obtain 1∕𝜂 = 1.15, and thus, 
𝜂 = 0.87.

Propeller power for the flight test is then calculated by Eq.  (5) and 
the (𝑃 , 𝜔, 𝑉𝑎) dataset is obtained. We collect 2 flight test datasets, the 
training one for fitting the model and the test one for testing its perfor-
mance on unseen data. Fig. 4 shows the 𝐶𝑃 –𝐽 data points of the training 
dataset.

3.3.  Wind tunnel dataset

We also collect data from wind tunnel experiments. Fig. 3 shows 
the schematic of the experimental setup, which includes the same ESC-
motor-propeller system as the Cyclone UAV. The setup ensures that the 
wind tunnel’s flow is axial to the propeller. The motor is driven with 
constant throttle input commands ranging from 10% to 80%, with an 
upper rotational speed limit of 10.000 rpm to ensure thermal protection. 
ESC feedback is recorded at three freestream velocities: 𝑉𝑎 = 10m∕s, 
15m∕s, and 18m∕s. Using Eq.  (5), we estimate the power consumed by 
the propeller and construct the (𝑃 , 𝜔, 𝑉𝑎) dataset. Fig. 4 shows the 𝐶𝑝–𝐽
data points from this dataset.
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Fig. 4. Propeller power coefficient as a function of advance ratio for the three 
training datasets. The fitted curve on BEM data is used to evaluate the selection 
criterion.

4.  Deriving the airspeed model

In this section, we derive an explicit airspeed formula for both the 
direct and the indirect model categories. The optimization method dis-
cussed in Section 2.3 is used with the datasets described in Section 3 to 
derive the analytical model structures.

4.1.  BEM

We begin by applying the selection criterion to the BEM-generated 
𝐶𝑝–𝐽 data points. We use the cubic polynomial fit 𝐶𝑃 (𝐽 ) = 0.074 +
0.043𝐽 − 0.092𝐽 2 − 0.059𝐽 3, previously obtained in Section 3.2, to find 
the critical operating points as the roots of d𝐶𝑃d𝐽 . Two solutions are ob-
tained; one is negative and is thus discarded. The other is the critical 
operating point 𝐽crit = 0.20. This value defines two distinct operational 
regimes in which airspeed estimation is separately feasible. Advance ra-
tio values in the interval [0, 𝐽crit] correspond primarily to hovering con-
ditions, characterized by large angle of attack, while for 𝐽 > 𝐽crit they 
correspond to nominal forward flight conditions. This study focuses on 
the latter; therefore, our analysis is restricted to 𝐽 > 𝐽crit, as illustrated 
in Fig. 5.

Applying the optimization method, we extract the dominant features 
for the two model categories, resulting in the following representations: 

𝐼𝑛𝑑𝑖𝑟𝑒𝑐𝑡 ∶𝑉𝑎(𝐶𝑃 , 𝜔) =
𝜔
2𝜋
𝐷(𝛼0 + 𝛼1𝐶𝑃 + 𝛼2𝐶4

𝑃 ) (6a)

𝐷𝑖𝑟𝑒𝑐𝑡 ∶𝑉𝑎(𝑃 , 𝜔) = 𝛽1𝜔 + 𝛽2
𝑃 2

𝜔5
(6b)

We observe the direct model 𝑉𝑎(𝑃 , 𝜔) getting a slightly simpler form than 
the indirect one, 𝑉𝑎(𝐶𝑃 , 𝜔). Fig. 5 illustrates the corresponding model 
fits. Overall both models demonstrate highly accurate fits, with small 
deviations near 𝐽crit . This is expected, as the curves become very steep in 
that region, making a parsimonious model more difficult to fit. In Table 3 
we present the fitting accuracy metrics Root Mean Square Error (RMSE) 
and nRMSE. To get the nRMSE value we normalize by the range of the 
airspeed values, 30m∕s. This enables consistent comparisons across the 
different datasets. Table 2 presents the coefficient values for the two 
identified models.

This analysis reveals the structure of the two model categories; how-
ever, the results should be interpreted with caution, as the models were 
derived from simulated data that do not include all the complexities of 
the real-world system. Further analysis follows to investigate the valid-
ity of the models on real-world scenarios.

Fig. 5. Direct and indirect model fits for 𝐽 > 𝐽crit on the BEM dataset.

Table 2 
Model coefficients.
 Training dataset 𝛽1 𝛽2 𝛼0 𝛼1 𝛼2

BEM 2.74 × 10−2 −9.91 × 1011  0.869 −3.60 −8.18 × 103

 Wind tunnel 2.63 × 10−2 −7.82 × 1011  0.940 −5.86 −2.79 × 103

 Flight 2.55 × 10−2 −7.11 × 1011  0.850 −3.87 −4.68 × 103

 Flight (GPS) 2.55 × 10−2 −6.85 × 1011  1.180 −13.00 10.30 × 103

Table 3 
Fitting and prediction accuracy.
  
 
Model

Training
dataset

Fitting accuracy on
the training dataset

Prediction accuracy
on the test dataset

  nRMSE  RMSE [m∕s]  nRMSE  RMSE [m∕s] 
 
𝛽1𝜔 + 𝛽2

𝑃 2

𝜔5

BEM  0.024  0.72  0.085  0.88  
  Wind tunnel  0.095  0.77  0.057  0.59  
  Flight  0.046  0.84  0.051  0.53  
  Flight (GPS)  0.038  0.94  0.051  0.53  
 

𝜔
2𝜋
𝐷(𝛼0 + 𝛼1𝐶𝑃 + 𝛼2𝐶4

𝑃 )

BEM  0.016  0.48  0.069  0.72  
  Wind tunnel  0.097  0.78  0.056  0.58  
  Flight  0.046  0.84  0.051  0.53  
  Flight (GPS)  0.056  1.39  0.094  0.97  

4.2.  Wind tunnel

To validate the proposed model structures using real data, we con-
tinue the analysis on the wind tunnel dataset. We apply the selection 
criterion and fit the models to the wind tunnel data. Fig. 6 presents 
a comparison of the two fits. Data sections excluded by the selection 
criterion have been omitted from the plot. Table 3 presents the fitting 
error metrics. For the nRMSE metric we normalize by the range of the 
freestream velocity, 8m∕s. We observe an accurate fit in the mid-range 
RPM region, with a slight degradation at higher RPM values. Moreover 
the accuracy at 10m∕s is more consistent. The results agree with the 
findings and trends of the BEM analysis, further supporting the valid-
ity of the previously established model structures. The corresponding 
coefficients can be found in Table 2.

4.3.  Flight test

Next, we validate the proposed model structures using the flight test 
dataset. After applying the selection criterion, the models are fit to the 
flight data. Both models demonstrate a high degree of fitting accuracy, 
as shown in Table 3. The nRMSE values are obtained by normalizing 
with the airspeed values range, 18.3m∕s. These results extend the va-
lidity of the derived model structures to real flight conditions, showing 
that they effectively capture the core dynamics of the propeller opera-
tion. The corresponding model coefficients are listed in Table 2.
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Fig. 6. Wind tunnel dataset.

4.3.1.  Accelerating propeller effect
The preceding analysis focused on steady operating conditions, 

where angular acceleration of the propeller was not considered. We 
now extend the discussion to account for an accelerating propeller. In 
this case, the propeller power requirement can be expressed as 𝑃dyn =
𝑃 + 𝜔𝜔̇, where 𝑃  denotes the steady-state propeller power as previ-
ously defined,  is the propeller’s moment of inertia and 𝜔̇ its time 
derivative of the propeller rotational speed 𝜔. Consequently, the air-
speed becomes a function of the steady power, the rotational speed, and 
its rate of change, i.e., 𝑉 = 𝑓 (𝑃 , 𝜔, 𝜔̇).

Applying the optimization method, however, reveals no dominant 
terms involving 𝜔̇. This can be explained by the fact that the propeller 
moment of inertia is small, such that the additional power required for 
propeller acceleration is negligible compared to the overall propeller 
power. Therefore, within the scope of this work, we neglect this contri-
bution.

5.  In-flight identification of model coefficients

In Section 4, we identified two candidate airspeed models, trained 
on datasets with airspeed measurements. Here, we present a method 
for identifying the model coefficients without relying on such measure-
ments, but instead using earth-frame velocity data.

To facilitate this, we leverage the derived model structures Eq.  (6). 
We extend the training dataset from Section 3.2 with earth-frame veloc-
ity data from GPS measurements in the North-East-Down (NED) frame, 
𝑽 =

[

𝑉𝑁 𝑉𝐸 𝑉𝐷
]𝑇 . Additionally we assume a constant wind field, 

both spatially and in time in the horizontal plane, expressed in NED as 
𝑽 𝑤 =

[

𝑉𝑤𝑁 𝑉𝑤𝐸 0
]𝑇 . Then, under the assumption that 𝛽 ≈ 0, we 

formulate the least squares optimization problem as

𝑽𝒈 =
[

𝑉𝑁
𝑉𝐸

]

=
[

𝑉𝑎 cos(𝛾) cos(𝜓) + 𝑉𝑤𝑁
𝑉𝑎 cos(𝛾) sin(𝜓) + 𝑉𝑤𝐸

]

, (7)

where 𝑉𝑎 denotes the direct or the indirect model, 𝑉𝑎(𝑃 , 𝜔) or 𝑉𝑎(𝐶𝑃 , 𝜔), 
respectively. Assuming a small roll angle, the flight path angle 𝛾, is cal-
culated by

𝛾 = arcsin
(

𝑉𝐷
‖𝑽 ‖

)

. (8)

The complete formulation for the direct case is presented in Eq.  (9a), 
whereas for the indirect in Eq.  (9b). 

⎡

⎢

⎢

⎣

[

𝜔 𝑃 2

𝜔5

]

cos(𝛾) cos(𝜓) 1 0
[

𝜔 𝑃 2

𝜔5

]

cos(𝛾) sin(𝜓) 0 1

⎤

⎥

⎥

⎦

⎡

⎢

⎢

⎢

⎢

⎣

𝛽1
𝛽2
𝑉𝑤𝑁
𝑉𝑤𝐸

⎤

⎥

⎥

⎥

⎥

⎦

=
[

𝑉𝑁
𝑉𝐸

]

(9a)

[[

1 𝐶𝑃 𝐶4
𝑃
]

cos(𝛾) cos(𝜓) 1 0
[

1 𝐶𝑃 𝐶4
𝑃
]

cos(𝛾) sin(𝜓) 0 1

]

⎡

⎢

⎢

⎢

⎢

⎢

⎣

𝛼0
𝛼1
𝛼2
𝑉𝑤𝑁
𝑉𝑤𝐸

⎤

⎥

⎥

⎥

⎥

⎥

⎦

=
[

𝑉𝑁
𝑉𝐸

]

(9b)

Consistently, the proposed method yields an accurate fit for the di-
rect model. In contrast, the indirect model exhibits inferior performance, 
as shown in Table 3. The error metric is normalized with the airspeed 
range, 24.7m∕s. Table 2 shows the identified coefficients of the two mod-
els. It is evident that for the direct model, the coefficients remain consis-
tent across the different datasets and fitting methods. However, for the 
indirect model, the coefficients vary significantly in the current case. 
This further highlights the issue of the reduced fitting accuracy.

Fitting the model using airspeed versus using earth-frame velocity 
data differs only in the additional assumptions required in the latter 
case. Thus, the discrepancy observed in the fitting performance of the 
indirect model between these two approaches can be attributed to re-
duced robustness under violations of the underlying assumptions, which 
are present in the flight dataset.

We note that if the electro-mechanical efficiency 𝜂 is not known, 
the input power at the ESC can be used instead of the propeller power 
in the airspeed model. Then the identification procedure will estimate 
coefficients that implicitly incorporate the unknown efficiency 𝜂.

6.  Model evaluation on unseen data

In this section, we assess the extrapolation capability of the two mod-
els by evaluating their predictive accuracy on unseen data. To this end, 
the test dataset described in Section 3.2 is employed, comprising a ver-
tical take-off, a transition to forward flight, and, at the end, a final tran-
sition back to hover for landing.

Since the airspeed is not known a priori, the selection criterion cannot 
be directly evaluated for real-time deployment of the method. Rigorous 
selection is not feasible in this context; therefore, we suggest using the 
angle of attack estimation

𝛼 = 𝜃 − 𝛾 = 𝜃 − arcsin(
𝑉𝐷
‖𝑽 ‖

) (10)

as an alternative criterion, where 𝜃 is the UAV pitch angle.
Fig. 7b presents the advance ratio alongside the estimate of the angle 

of attack during the test flight. It is evident that the principal function 
of the selection criterion is to effectively isolate the forward flight seg-
ment of the tailsitter flight while excluding the hover phase. The dis-
tinction between hover and forward flight phases for the tailsitter can 
be intuitively characterized by the angle of attack. Values near 90◦ in-
dicate hover, whereas smaller values correspond to forward flight. The 
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Fig. 7. Direct model evaluation on the test dataset.

transition between these two phases can be realised as a distinct shift 
from higher to lower angle of attack values, and vice versa, defined by a 
threshold value for the angle of attack, 𝛼th.

A function of the selection criterion, not captured by the angle of 
attack alternative criterion, is to exclude the operating conditions where 
the UAV operates at low speed and then rapidly increases throttle. The 
propeller typically accelerates faster than the vehicle and momentarily 
the vehicle may enter the 𝐽 < 𝐽crit regime. This issue can be mitigated 
by using the airspeed estimates only above an empirically defined low 
airspeed threshold.

We select 𝛼th = 25◦ and test both model structures against the unseen 
data, utilizing the various sets of coefficients from Table 2. The corre-
sponding detailed results are presented in Table 3. When the model co-
efficients are identified using airspeed data, both the direct and indirect 
approaches demonstrate comparable predictive accuracy, as seen in Ta-
ble 3. The airspeed range used for normalizing the prediction error is 
10m∕s. Small discrepancies are observed, particularly in the second half 
of the flight, where large angle of attack occurs. This is consistent with 
our methodology, which assumes small angle of attack. Nevertheless, 
the model demonstrates a notable level of robustness as also depicted 
in Fig. 7a. On the other hand, when earth-frame velocity data are used 
in the in-flight identification procedure, the direct model exhibits supe-
rior predictive performance. This is expected, as the indirect model had 
already demonstrated inferior fitting performance in Section 5.

Following the preceding analysis, we adopt the model 𝑉𝑎(𝑃 , 𝜔) =
𝛽1𝜔 + 𝛽2

𝑃 2

𝜔5
 as the proposed method for airspeed estimation. Fig. 7a com-

pares the prediction of the BEM-trained model with that of the in-flight 
earth-frame velocity-trained model. Notably, satisfactory performance 
is also achieved using the model trained solely on BEM simulation data. 
This is significant, because if the electro-mechanical efficiency of the 
ESC-motor system is known the airspeed model can be initially cali-
brated using simulation data only, thereby enabling a safe initial flight. 
Subsequently, the in-flight identification procedure can be used to fine-
tune the model coefficients for improved accuracy. For smoother real-
time implementation, a Recursive Least Squares (RLS) algorithm can 
instead be utilized to identify the model coefficients from Eq.  (7).

7.  Conclusion

In this work, we demonstrated that it is possible to estimate the air-
speed of a UAV using only propeller power and rotational speed mea-
surements, without relying on a vehicle model or computationally in-
tensive algorithms. By comparing the two model structures, we found 
that the direct model is better suited for deployment, offering higher 
predictive performance when its coefficients are identified using the in-
flight identification procedure. This makes the direct model well-suited 
for autonomous deployment.

We considered axial flow conditions with the aim of establishing 
a proof of concept, supported by both BEM simulations and wind-
tunnel data. Moreover, we demonstrated that under coordinated flight 
conditions-where the angle of attack and sideslip angle remain small-
the method yields reliable and consistent results. Future work should 
aim to relax the axial flow assumption in order to extend applicability 
to uncoordinated or aerobatic flight. In addition, extending the analy-
sis to the low-advance-ratio regime could enable airspeed estimation in 
near-hover conditions. Addressing these limitations would enhance the 
generality of the proposed model and broaden its applicability across a 
wider range of UAV categories.

We studied the application of the suggested method for the fixed-
wing UAV category; however, the approach is not inherently bound to 
any specific vehicle type, since it relies only on the propeller opera-
tion measurements. The only requirement for the platform is that the 
propeller operates in unobstructed flow. For the fixed-wing case, this is 
achieved using tractor propellers. There are no fuselage blockage effects 
in coordinated flight scenarios.

Finally, it is worth noting that for larger UAVs equipped with heavier 
propellers, the effect of propeller acceleration discussed in Section 4.3.1 
may become relevant. Future work on bigger UAVs should investigate 
this aspect to assess its potential impact on the airspeed prediction.
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