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Highlights

What are the main findings?

* We propose a physics-informed, data-driven framework that integrates dimensional
analysis (Buckingham 7t theorem) with polynomial fitting, enabling high-precision
prediction of propeller thrust/power coefficients and motor current under varying
inflow conditions.

* The novel torque-based motor current model demonstrates superior accuracy in dy-
namic airflow compared to conventional thrust-based models, validated across multiple
propeller-motor configurations via the UIUC database, a custom test rig, and actual
flight tests.

What are the implications of the main findings?

* This modeling framework provides a computationally efficient and accurate tool for UAV
propulsion system design and optimization, significantly reducing reliance on extensive
experimental data or high-fidelity simulations during the preliminary design phase.

¢ The improved endurance estimation capability, grounded in reliable torque-current
prediction, offers practical benefits for mission planning, energy management, and
overall performance enhancement of electric UAVs across diverse operational scenarios.

Abstract

The electric propulsion system is a critical determinant of unmanned aerial vehicles’ (UAVs’)
operational capabilities, particularly endurance performance. This paper proposes a high-
precision modeling framework for UAV electric propulsion systems to improve endurance
estimation. By integrating dimensional analysis based on the Buckingham 7 theorem
with data-driven parameter fitting, the method accurately predicts propeller thrust, power,
and motor current under varying inflow conditions using limited experimental data. The
proposed models and complete implementation are publicly available, facilitating repro-
ducibility and further research. The key novelty of this work lies in the tight integration
of dimensional analysis (via Buckingham'’s 7t theorem) with a data-driven torque-based
motor current model, enabling accurate cross-configuration predictions for both propeller
aerodynamics and motor electrical characteristics using limited experimental data. The
model is rigorously validated against the UIUC propeller database, a custom-built in-
flow test rig, and actual flight tests. The results demonstrate that the proposed approach
achieves superior prediction accuracy across multiple propeller-motor configurations while
significantly reducing computational costs. This work provides a reliable foundation for
improving UAV endurance estimation and propulsion system design.
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1. Introduction

Table 1 summarizes the primary symbols used throughout this paper. The equivalent
current [, refers to the effective direct current representation of the three-phase alternating
current in BLDC motors and serves as the direct parameter for estimating battery energy
consumption. The air compressibility factor K and its derived dimensionless parameter
B characterize the influence of air compressibility on propeller performance. Other key
dimensionless parameters include the thrust coefficient Ct, power coefficient Cp, advance
ratio [, and pitch ratio 8.

Table 1. Summary of symbols and notation.

Symbol Description

D Propeller diameter

p Propeller pitch

Qair Air density

\% Inflow velocity

n Rotational speed

T Thrust

Q Torque

I Equivalent motor current
u Voltage

Cr Thrust coefficient

Cp Power coefficient

Co Torque coefficient

J Advance ratio

B Pitch ratio

K Air compressibility factor
B Dimensionless compressibility parameter

Accurate endurance estimation through high-precision modeling of electric propulsion
systems represents a critical challenge in unmanned aerial vehicle (UAV) development.
Electric propulsion systems fundamentally determine UAV performance, directly influ-
encing key operational metrics such as flight endurance, payload capacity, and mission
reliability. As UAV applications expand across diverse sectors, including defense [1,2],
agriculture [3,4], logistics, and commercial services [5,6], the demand for accurate and im-
proved endurance estimation methods has become increasingly urgent. Current industry
practices often rely on empirical “build-and-fly” approaches for propulsion system selec-
tion and endurance assessment [7]. These methods are inefficient, costly, and frequently
lead to suboptimal system configurations. This limitation is particularly pronounced when
addressing diverse propeller geometries and variable inflow conditions encountered during
actual operations.

Improving endurance estimation requires advances in propulsion system model-
ing techniques. Existing approaches fall into two broad categories: physics-based and
data-driven methods, each with distinct limitations for practical UAV design. Physics-
based models span a wide fidelity spectrum. Low-fidelity methods such as Blade Element
Momentum Theory (BEMT) [8-10] and vortex theory [11] offer rapid evaluation but lim-
ited accuracy. Medium-fidelity approaches, including prescribed wake and free wake
models [12,13], incorporate wake interactions for improved predictions. High-fidelity
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Computational Fluid Dynamics (CFD) and Reynolds-Averaged Navier-Stokes (RANS)
simulations [14,15] provide detailed results at prohibitive computational costs, often re-
quiring geometric data that are unavailable in early design stages. Recent work by Chen et
al. [16] exemplifies medium-fidelity approaches for distributed electric propulsion UAVs,
employing the Vortex Lattice Method and Actuator Disk Theory for efficient aerodynamic
analysis during overall design phases. However, this approach still requires substantial
computational resources for comprehensive system evaluation. Meanwhile, Tofan-Negru
et al. [17] demonstrated high-fidelity CFD simulations with sliding mesh techniques for
quadcopter propeller flow fields, achieving detailed flow characterization at significant
computational expense that limits practical design iteration.

In parallel, data-driven methods have emerged as practical alternatives. Kedarisetty
et al. [18] developed quadratic fits using wind tunnel and CFD data for specific propeller
sizes. Bryant [19] examined thrust characteristics via CFD for 7-inch propellers. Budinger
and Reysset [20] established empirical relationships for APC propellers based on pitch
and advance ratio. Kulanthipiyan et al. [21] proposed a comprehensive design framework
for small electric UAVs by analyzing 42 existing propulsion systems. They introduced a
novel torque factor to determine operating current and voltage, demonstrating significant
improvements in current consumption (up to an 84% reduction) and system endurance.
However, these empirical models are typically tailored to specific propeller types or limited
operational ranges, restricting their generalizability across diverse designs. For motor
performance estimation, while comprehensive physical models of Brushless Direct Current
(BLDC) motors exist [22-24], they often rely on proprietary parameters that are difficult to
measure in practice. Machine learning techniques [25,26] offer alternative pathways but
require substantial training data and careful feature engineering.

The persistent challenge lies in developing modeling approaches that balance accuracy,
generalizability, and computational efficiency. This is particularly important for improving
endurance estimation, which requires reliable performance prediction across varying
operational conditions. Physics-based approaches can be computationally prohibitive or
data-intensive for early-stage design [16,17], while many data-driven models lack broad
generalizability or require substantial training data. This gap is particularly problematic
for UAV designers who need to rapidly evaluate multiple propeller-motor combinations
under varying inflow conditions with limited experimental resources.

To address this research gap, this paper introduces a high-precision modeling frame-
work that integrates dimensional analysis (via the Buckingham 7 theorem) with para-
metric fitting. This approach enables improved endurance estimation through accurate
prediction of key propulsion parameters—including propeller thrust, power, and mo-
tor current—under varying inflow conditions. The principal contributions of this work
are fourfold.

First, we introduce a novel modeling paradigm that seamlessly bridges dimensional
analysis and empirical fitting for UAV propulsion systems. This high-precision cross-
configuration modeling approach constructs models based on dimensionless parameters,
achieving improved prediction accuracy across different propeller geometries and motor
types using minimal experimental data. Our method addresses the accuracy limitations of
existing empirical models [18,20,21] while avoiding the computational intensity of high-
fidelity simulations [17].

Second, the proposed framework enables improved endurance estimation capability
through the integration of torque-based motor current modeling with propeller perfor-
mance prediction. This provides more reliable endurance estimation across varying inflow
conditions for UAV mission planning and system optimization.
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Third, the model offers computational practicality for design iteration by employing
computationally inexpensive polynomial fitting based on dimensionless groups. This
closed-form solution facilitates rapid performance evaluation and optimization, present-
ing advantages over high-fidelity CFD [14,15] or complex medium-fidelity aerodynamic
methods [16] during preliminary design stages.

Finally, we conduct comprehensive experimental validation against the public UIUC
propeller database, through a custom-built inflow test rig, and actual flight tests. This multi-
faceted validation demonstrates performance under both static and dynamic operational
conditions, enhancing practical relevance beyond simulation-based studies [16,17].

The remainder of this paper is organized as follows. Section 2 details the propulsion
system modeling methodology and its derivation. Section 3 presents validation results,
comparing the proposed approach with existing models and conducting comprehensive
performance evaluation using experimental datasets. Finally, Section 4 summarizes the key
findings and discusses future research directions.

2. Materials and Methods
2.1. Problem Description

Accurately predicting key performance parameters is crucial for UAV propulsion sys-
tem optimization. The propulsion system estimation problem aims to establish predictive
models based on several parameter categories: propeller geometric parameters (diameter
D and pitch P), aerodynamic parameters (air density p,;, and incoming flow velocity V),
motion parameters (rotational speed 7 and torque Q), and motor parameters (equivalent
current I, and voltage U).

During UAV flight operations, the propulsion system primarily provides lift and thrust
to maintain airborne operations and overcome gravitational forces. The thrust generated
by the propeller serves as the principal lifting force, while the motor regulates propeller
rotational speed to control thrust magnitude. By accurately modeling the relationship
between propeller thrust and motor current, we can predict UAV endurance and flight
stability across varying operational conditions. Consequently, the primary output targets
include the thrust coefficient Ct, power coefficient Cp, and motor current L.

The selection of Cr, Cp, and I, as key outputs is justified by their distinct roles in
propulsion system characterization and endurance estimation. The thrust coefficient Cr, as
a dimensionless parameter, effectively captures propeller thrust generation efficiency across
different sizes and operating conditions, enabling direct comparison and scaling between
propeller designs. The power coefficient Cp characterizes propeller power consumption
characteristics, serving as the fundamental input for energy usage analysis and endurance
prediction. Motor current I, directly determines battery energy consumption, making it the
most practical parameter for endurance estimation due to its easy measurability during
flight tests and direct correlation with system power draw.

The solution objective establishes predictive models for Ct, Cp, and I, using data-
driven methods while satisfying two critical constraints. First, the model should generalize
to cross-scenario predictions for different propeller types. Second, the motor current model
should maintain compatibility with both static and dynamic incoming flow conditions,
achieved by capturing the intrinsic relationship between torque and current to indirectly
reflect the impact of varying inflow conditions on motor load and power consumption.

Therefore, the core objective of this paper is to establish a high-precision modeling
framework for predicting Ct, Cp, and [, to significantly improve the reliability of endurance
estimation for UAVs under varying inflow conditions. This objective is achieved through
two key pathways: (1) enabling cross-propeller configuration performance prediction via
dimensional analysis based on the Buckingham 7t theorem; (2) ensuring prediction accuracy
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under both static and dynamic inflow conditions by introducing a torque-based motor current

model. The entire modeling workflow, illustrated in Figure 1, is designed to balance accuracy,

generalizability, and computational efficiency, as detailed in the following sections.

Problem Definition
Target Parameters:
Cr, Cp, I

Dimensional Analysis
Applying Buckingham’s
7 Theorem

Dimensionless Parameters
I, = Cp, 0, = 8
I; = J, 1, = B

Same-Type Propellers
Cr = fi(J;n?)
Quadratic Polynomial

D, pitch

Problem Decomposition

D,pitch

Diff-Type Propellers
Cr = fi(J,8,n"2D72)
Extended Polynomial

Motor Current Estimation
Torque Quadratic Model:
I = k,T?* + kT + ky,

Validation Phase
UIUC Database
Simplified Wind Tunnel Test

Figure 1. Workflow for parameter prediction based on Buckingham 7 theorem

2.2. Integrated Experiment-Modeling Framework

To ensure the developed models are both physically consistent and empirically
grounded, we have established a closed-loop framework that tightly couples experimen-
tal data collection with model development. This integrated approach consists of three
synergistic components:

1.  Public Wind-Tunnel Database for Static Performance Baseline: The UIUC Propeller
Database provides standardized wind-tunnel measurements under controlled static
inflow conditions. These data serve as the primary source for establishing the dimen-
sionless relationships between propeller geometry (), flight state (J), and aerody-
namic coefficients (Ct, Cp). The database’s rigorous experimental protocols ensure
data quality and reproducibility.

2. Custom Inflow Test Rig for Dynamic Performance Characterization: To capture the
effects of dynamic inflow on both propeller and motor performance, we designed and
constructed a simplified inflow testing apparatus. This rig enables synchronous mea-
surement of propeller thrust (T), torque (Q), power (Pp), motor current (I,), voltage
(U), and rotational speed (1) under controlled horizontal inflow velocities (0-15 m/s).
The collected dataset encompasses multiple propeller-motor combinations, providing
the necessary empirical foundation for developing and validating the torque-based
motor current model.

3. Flight Tests for System-Level Validation: To bridge the gap between component-level
models and integrated system performance, we conducted comprehensive flight tests
under real-world conditions. These tests provide independent validation data that
capture the coupled interactions between propeller aerodynamics, motor electro-
mechanics, and flight dynamics.

This three-tiered validation strategy ensures that each modeling step—from dimension-
less parameter derivation to polynomial coefficient fitting—is directly informed by experi-
mental evidence. The UIUC data anchor the propeller models in established aerodynamic
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principles; the custom rig data capture dynamic inflow effects critical for motor current
prediction; and flight data verify model performance in integrated operational scenarios.

2.3. Theoretical Foundation: Dimensional Analysis and Buckingham 7t Theorem

Dimensional analysis and the Buckingham 7t theorem are classic methods in fluid
mechanics and propulsion system modeling. The focus of this paper is not to restate the
theorem itself, but to systematically demonstrate its application in constructing a practical
propulsion system model for multi-rotor UAVs that enables cross-configuration predictions.
Specifically, we clarify how to select appropriate subsets of dimensionless parameters
derived from the theorem for both same-model and cross-model scenarios, and how to
interface these with a motor current model, ultimately serving endurance estimation. This
complete workflow is illustrated in Figure 1.

Following the methodology established in [20], propeller thrust can be expressed as

Thrust = f(D/ P, Pair/ K,n, V) (1)

It should be noted that Equation (1), closely following the derivation in [20], does not
explicitly include the Reynolds number (Re). This implies that the model is applicable
under medium-to-high Reynolds number flow conditions (Re > 10%), where viscous forces
are secondary to inertial forces. For very small UAVs or micro-propellers operating at
extremely low flight speeds, the Reynolds number can be low, and viscous effects may
become significant, potentially leading to errors when applying the model.

Similarly, propeller power can be represented as:

Power = f(D; P, pair, K, 1, V) @)

where D denotes propeller diameter, P represents propeller pitch, p,i; indicates air density,
K signifies the air compressibility factor, n denotes propeller rotational speed, and V
represents relative airflow speed. Direct computation using these parameters proves
complex, necessitating Buckingham Theorem application for equation simplification. This
analysis reduces the seven physical quantities involving three fundamental dimensions to
four dimensionless parameters.

For the thrust equation, the final dimensionless parameter combination is

th=Cr = api ©
P
Hz = ,3 = 5 (4)
\%
H3 = ] = @ (5)
K
Hi=b= PairnZD2 ©)

where Cr represents the propeller thrust coefficient,  denotes the propeller pitch ratio, |
indicates the propeller advance ratio, and B signifies the air compressibility factor. (analo-
gous to Mach number M). According to fluid mechanics principles, K/ pair = a?, where a is
the speed of sound [20]. Consequently, B can be rewritten as

K a2 1

= = X
Pairn?D?  n2D? M,%ip

where My, = (nD)/a is the propeller tip Mach number.
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According to the Buckingham 7t theorem, the thrust equation transforms into a func-
tional relationship between dimensionless parameters:

Cr = fi(B,],B) (7)

This parameter prediction workflow based on the Buckingham 7 theorem is illustrated
in Figure 1.
Similarly, the power equation can be reformulated as

Cr = fp(B,],B) (®)

In aerodynamic applications, flight speeds below 0.3 Mach are generally considered
low-speed regimes where air compressibility effects are negligible. Since conventional UAV
flight speeds remain well below this threshold, K can be treated as constant. Furthermore,
the relationship between propeller torque coefficient Co and power coefficient Cp follows

_Cr

Q™ oy ©)

Accurate estimation of propeller power parameters enables precise determination of
propeller torque parameters.

Propeller performance parameter estimation divides into two categories: estimation
based on existing same-type data and estimation based on existing different-type data. The
subsequent sections analyze both cases and develop corresponding fitting models.

2.4. Single-Propeller Model Parameter Estimation

For identical propeller models, parameters D and P remain constant, and parameter
B can, similarly, be treated as constant. Under standard temperature and low-speed
conditions, the air compressibility factor K and air density p,i; can likewise be considered
constants. Consequently, based on existing data, the parameter estimation equations for
identical propeller models simplify to

Cr=fi(J.n7?) (10)
Co=fo(1,n7?) (11)

To model the functional relationships f; and f,, we employ polynomial regression
rather than more complex models like neural networks. This selection is justified by sev-
eral compelling reasons relevant to the engineering context. Polynomial regression offers
superior interpretability, computational efficiency, and suitability for limited data scenarios,
with established precedent in propeller performance modeling. The closed-form equa-
tions provide clear physical interpretation of coefficients, while low computational costs
support rapid design iteration. This approach effectively mitigates overfitting risks with
sparse experimental data, and prior studies [18,20,27] confirm that low-order polynomials
adequately capture C7 and Cp variations with advance ratio J.

Analysis of wind tunnel data for propellers indicates that second-order polynomials
effectively apply to propeller parameter estimation:

Ci=ajo0+ajo1-n>+aj0-]
+ajn- n2. J+ aj20 * ]2, j €[t p] (12)

The selection of the second-order polynomial form is based on the following com-
prehensive considerations. First, polynomial coefficients have good physical or empirical
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interpretability. Second, to objectively evaluate the impact of model complexity, we con-
ducted a systematic bias-variance analysis. In the cross-model prediction task using the
UIUC database (with training and test sets partitioned by propeller model), the average
test performance of second-order and third-order polynomials was very close (average test
R2 second-order 0.9755, third-order 0.9759), but the second-order model had lower average
test RMSE (second-order 0.0052, third-order 0.0057) and significantly fewer parameters,
indicating better generalization ability and lower risk of overfitting. Finally, as shown in
literature [18,20,27], low-order polynomials are already sufficient to capture the trends of
Cr and Cp with advance ratio J. Therefore, the second-order polynomial strikes an optimal
balance between accuracy, simplicity, and generalization capability.

Additionally, we performed a local normalized sensitivity analysis at the training set
center point (input variations of +10%). For the thrust coefficient Ct model, the sensitivity
ranking relative to key input parameters is as follows: pitch ratio § (2.13) > advance
ratio | (—1.58) > n~2 term (—0.16). This indicates that the model output is most sensitive
to propeller geometry (f) and flight state (J), while being relatively insensitive to small
changes in the inverse square of rotational speed, further validating the physical rationality
of the model structure.

2.5. Cross-Propeller Model Parameter Estimation

For different propeller models, parameters D and P are no longer constants, and j
should be treated as a variable. Under standard temperature and low-speed conditions, the
air compressibility factor K and air density p,i, can be regarded as constants. Consequently,
based on existing data, the parameter estimation equations for different propeller models
simplify to

Cr=f (], ﬁ,n—2D—2) (13)
Cr=f, (], ,B,n_zD_z) (14)

It is important to clarify that the functional forms shown in Equations (10) and (11)
are practical engineering expressions derived from the complete dimensionless relation
Cr = ft(B,], B) (Equation (7)) for the specific scenario of “same propeller models”. The di-
mensionless parameter B = K/ (p,;:7>D?) characterizes the influence of air compressibility.
For a propeller with fixed geometry (D constant) and under low-speed standard conditions
(where K and p,j; are approximately constant), the value of B is inversely proportional only
to the square of the rotational speed, i.e., B « n~2. Therefore, in data-driven polynomial

fitting, we directly use n~2

as an input variable to capture the physical effect represented
by B. The proportionality constant D2 is naturally absorbed into the various coefficients
of the polynomial regression. ThlS treatment yields a simpler and more easily fitted ex-
pression while maintaining model prediction accuracy. It is essentially a parameterized
equivalent representation, whose physical origin remains the dimensionally homogeneous
dimensionless relation.

The rationale for polynomial regression extends to the cross-model scenario. Introduc-
ing pitch ratio (8) and the combined term (n~2D~?) as additional independent variables
naturally leads to a multi-variable polynomial formulation. This approach maintains ben-
efits of clarity and computational efficiency while enabling model generalization across
different propeller geometries.

Preliminary analysis of the UIUC Propeller Database strongly supports this approach.
When performance data from various propellers are plotted in the dimensionless Cr-J-8
and Cp-J-f spaces, clear and consistent functional trends emerge across different designs.
Although each propeller exhibits unique performance characteristics, these characteristics
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overlap and form continuous, predictable landscapes when parameterized by ] and p.
This observation justifies our unified modeling approach across different propeller models
using these dimensionless groups as inputs, with subsequent validation in Section III
quantitatively confirming the high prediction accuracy achieved.

Second-order polynomials effectively apply to cross-model parameter estimation:

Cj = ajp00 + aj001 - | + aj002 - J?

+aj011 - n2D7%. ]+ aj012 - n2D72.J?
+aj100 - B+ aja01- B+ ] +aj102- BT

j € [tp]

(15)

2.6. Motor Current Estimation Methodology

UAVs typically employ Brushless Direct Current (BLDC) motors, where current and
voltage represent alternating signals that pose measurement and analysis challenges. Con-
sequently, equivalent current and equivalent voltage methods are commonly adopted in
research. This study focuses primarily on motor current estimation, with recent research
demonstrating the effectiveness of combined electromagnetic and thermal modeling in
UAV propulsion systems [28] for precise and robust motor parameter prediction across
operating conditions.

Motor current must supply the power required to overcome propeller aerodynamic
torque (Q). Previous work, such as [29], proposed a motor current model using thrust (T)
as the independent variable:

I = fri(T) = ke, - T> + k¢, - T+ ke, (16)

This model is effective under static or fixed advance ratio conditions where thrust
and torque maintain strong correlation for specific propellers. However, under varying
inflow conditions (i.e., varying advance ratio J), the relationship between thrust and torque
changes significantly. Aerodynamic torque (Q) provides a direct measure of aerodynamic
load on the motor and maintains more fundamental linkage to current draw.

Therefore, to develop a model that retains accuracy across varying inflow conditions,
we propose using aerodynamic torque (Q) as the independent variable. Analysis of experi-
mental motor data confirms that a quadratic polynomial with respect to torque provides
suitable fitting:

I, = fTorque(Q) = qu : Q2 + klh ! Q + kqo (17)

This torque-current quadratic model is derived from observations of experimental data.
It should be noted that Equation (17) implicitly assumes that the brushless DC motors under
study have similar electromagnetic designs (e.g., magnetic circuits, winding methods), such
that the torque constant Kt maintains an approximately linear relationship with current
within the investigated range, and a quadratic polynomial is sufficient to describe nonlinear
factors such as losses. For motors with vastly different electromagnetic characteristics (e.g.,
different series or brands), the coefficients ky,, k4, , kg, may require recalibration.

2.7. Modeling Assumptions and Limitations

To ensure the practicality of the model under typical UAV operating conditions and to
clarify its scope of applicability, this study is built upon the following core assumptions:

1. Low-speed incompressible flow assumption: For conventional small UAVs, their
flight Mach number is typically below 0.3. Therefore, the air compressibility factor K
in the model is treated as a constant, and compressibility effects are neglected.
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2. Material and manufacturing consistency assumption: The model derivation implicitly
assumes that the propellers involved have similar material properties and manu-
facturing processes, ignoring aerodynamic performance variations due to material
differences or manufacturing tolerances.

3.  Uniform steady inflow assumption: The theoretical model is derived based on uniform
steady incoming flow. Although the experimental setup in Section 3.3 can provide
approximately uniform inflow, turbulent and unsteady effects in real flight are not
explicitly considered in the model.

In long-duration missions, endurance prediction errors may accumulate due to ignored
environmental variations (e.g., temperature and pressure changes) and inherent model
errors. Under high-speed (near-sonic), extreme environmental, or strong turbulent flow
conditions, model accuracy may degrade.

3. Results
3.1. Experimental Setup and Dataset Description

This section validates the accuracy of the proposed model using publicly available
datasets and a custom-built experimental platform. The validation process comprises three
main components: dataset and experimental configuration, including introductions to the
UIUC Propeller Database and the simplified wind tunnel test rig design; comparison mod-
els and experimental objectives, defining baseline comparison models (ModelA, ModelB)
and validation targets; and result analysis, evaluating the accuracy of propeller parameter
estimation and motor current estimation followed by discussion of model limitations.

Table 2 provides a comprehensive overview of the validation methodology, detailing
the content categories and descriptions for each subsection to ensure systematic evaluation
of the proposed modeling framework.

Table 2. Overview of subsection content in VALIDATION.

Subsection Content Category Description

Section 3.2 Dataset Description Introduction to the composition
and key parameters of the UIUC
database (geometric parameters,
performance data).

Section 3.3 Experimental Configura- Description of the hardware de-
tion sign, test parameters, and data
acquisition methods of the self-
built test rig.
Section 3.4 Model Description Comparison of modeling meth-
ods
Section 3.5 Experimental Objectives Validation of SC_T and SC_P
and Results estimation accuracy for same-

model/different-model  pro-
pellers (Root Mean Square Error

(RMSE) comparison).
Section 3.6 Experimental Objectives Analysis of motor current model
and Results adaptability under static and dy-

namic airflow conditions.

3.2. UIUC Propeller Database

The UIUC Propeller Database, developed by the aerospace engineering team at the
University of Illinois at Urbana-Champaign (UIUC), provides comprehensive experimental
data and analysis of propeller performance characteristics. This database contains extensive
experimental measurements for various propeller types tested under diverse operating

https://doi.org/10.3390/drones10020080


https://doi.org/10.3390/drones10020080

Drones 2026, 10, 80

11 of 23

conditions, making it widely utilized in aerodynamic research, propulsion system modeling,
and performance prediction applications.

The UIUC Propeller Database encompasses two primary categories of information:
propeller geometry parameters including basic design specifications such as diameter,
number of blades, and pitch; and performance data comprising key metrics such as thrust
coefficient Ct, power coefficient Cp, and efficiency 1 measured across different rotational
speeds and forward velocities.

Within the UIUC database, multiple performance datasets are recorded for each
propeller type at various rotational speeds. For illustrative purposes, Table 3 presents
partial performance data for the 6 propeller operating at 3040 RPM, demonstrating the
typical data structure and parameter relationships available in the database.

The UIUC Propeller Database provides valuable benchmark data for static perfor-
mance modeling. However, when using it for model validation, its limitations should be
noted: (1) The data are all measured under uniform inflow and static conditions, lacking
dynamic inflow or unsteady aerodynamic effects present in real flight; (2) The database
primarily covers a specific brand (APC) series of propellers, with a limited range of geo-
metric types; (3) The data do not provide structural material information of the propellers.
Therefore, the validation based on the UIUC database in this paper primarily demonstrates
the model’s interpolation and extrapolation capabilities within static, uniform flow fields
and a limited range of geometric variations. The model’s performance in more complex dy-
namic environments or with entirely new propeller geometries requires further validation
through the test rig and the flight tests .

Table 3. APC 12 x 6 3040 rpm Performance Data.

J Cr Cp Eta
0.151095 0.080788 0.032338 0.377474
0.191688 0.073512 0.031502 0.447322
0.229924 0.065819 0.029895 0.506223

3.3. Simplified Inflow Testing Rig

Publicly available motor datasets frequently lack propeller inflow data, with corre-
sponding pitch and thrust measurements rarely documented. To address this limitation
and further validate the model’s applicability beyond publicly available propeller data, this
study employed a custom-designed simplified inflow testing rig to collect comprehensive
data for various propellers and motors under controlled inflow conditions (horizontal
direction, constant velocity). Figure 2 illustrates the physical configuration of the simplified
inflow testing apparatus.
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Figure 2. Schematic diagram of the simplified inflow testing rig used for experimental validation
under controlled airflow conditions.

The simplified inflow testing rig enables acquisition of multiple critical test parameters:
motor parameters including voltage U, current I, rotational speed #, and output power Pyy;
propeller parameters comprising thrust T, torque Q, and power Pp; and supplementary
parameters such as air inflow velocity V,;, and propeller pitch angle 6.

Critical mechanical quantities (thrust T and torque Q) as well as electrical parameters
(voltage U, current I) are synchronously acquired through an integrated six-component
test stand. The key sensors used in this test stand have the following specifications:

e  Force sensor: Range 10 kg, accuracy +0.1% ES. +20 g, resolution 0.001 kg.

e Torque sensor: Range 5 N-m, accuracy £0.2% F.S. £0.01 N-m, resolution 0.001 N-m.

*  Voltage/Current sensor: Voltage range 8-80 V, accuracy +0.05% =+ 0.05 V; Current
range 0.1-80 A, accuracy £0.4% £ 0.1 A.

*  Rotational speed sensor: Range 1500-300,000 RPM, accuracy £0.5% =+ 10 RPM.

Within the measurement ranges involved in this study (e.g., thrust typically less than
5 kg and torque less than 2 N-m), the systematic errors of the above sensors are far smaller
than the typical variation amplitude of the measured signals. Therefore, the measurement
uncertainty they introduce has a negligible impact on the model validation results.

While the simplified inflow testing rig presents certain limitations compared to large-
scale wind tunnel facilities—particularly in its capability to provide only horizontal inflow
and generate limited wind speed ranges—it offers significant advantages in terms of
experimental space requirements and implementation portability. Given that this study
does not involve complex wind field conditions, the simplified inflow testing rig adequately
satisfies fundamental experimental requirements while providing practical benefits for
rapid prototyping and validation.

It is important to acknowledge the limitations of this self-built inflow test apparatus:
(1) It can only provide horizontal, approximately uniform steady flow, and cannot simulate
vertical wind shear, turbulence, or dynamically varying inflow conditions that may be
encountered in flight; (2) limited by motor power and apparatus size, the achievable wind
speed range (0-15 m/s) is finite and does not cover all possible flight speeds.

Despite these limitations, the custom test rig provides a practical and cost-effective
means to collect comprehensive propulsion system data under controlled inflow conditions.
The dataset generated includes
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*  Propeller Aerodynamic Performance:Thrust (T) and torque (Q) measurements across
a range of inflow velocities (0-15 m/s) and rotational speeds (1500-10,000 RPM) for
multiple propeller geometries.

*  Motor Electrical Characteristics: Current (I.), voltage (U), and input power (Py;)
profiles under varying aerodynamic loads.

¢  Synchronous Multi-parameter Data: Time-synchronized recordings of all mechanical
and electrical parameters, enabling detailed analysis of energy conversion efficiency
and dynamic responses.

For researchers without access to high-cost wind tunnels, our experimental methodology
and open-source data provide a reproducible alternative for propulsion system characterization.

Therefore, validation on this apparatus primarily demonstrates the model’s validity
under steady, uniform inflow. The model’s performance in non-uniform, unsteady flow
fields requires evaluation through more comprehensive wind tunnel tests or extensive
flight data.

3.4. Existing Parameter Estimation Models

Previous research efforts have extensively explored propeller performance parameter
estimation based on wind tunnel performance data. Refs. [20,27] present final fitting results
obtained through respective processing methodologies for propeller datasets. This section
compares the model proposed in this study against these established approaches in terms
of prediction accuracy.

In the following equations, the symbols C and Cp denote the model-predicted values
of the thrust and power coefficients, respectively, distinguishing them from the actual
coefficients Cr and Cp .

In [20], the polynomials employed for estimating propeller power and thrust coeffi-
cients are expressed as

Cr = 0.02791 — 0.06543] + 0.11867p + 0.27334/3

—0.288528% — 0.23504]2 4 0.02104]> + 0.186778]> (18)
Cp = 0.01813 + 0.00343] — 0.06218 + 0.357128
—0.2377483 — 0.12350]2 + 0.075498]. (19)

In [27], the fundamental polynomial forms for propeller thrust and power coefficients
are defined as

Cr(J) = braJ* + br1] + bro, (20)
Cp(J) = bpsJ® + bpaJ? + bp1] + bpo. (21)

with polynomial coefficients provided through a novel empirical modeling approach.

For clarity in subsequent validation procedures, the model from [20] is designated as
Model — A, the model from [27] as Model — B, while the models proposed in this study are
labeled as Model — Dif f and Model — Same for cross-model and single-model estimation
scenarios respectively.

3.5. Propeller Parameter Estimation Results

For validation of propeller parameter estimation models, following the proposed
modeling framework outlined in previous sections, the validation process was structured
around two primary scenarios: parameter estimation for identical propeller models based
on existing data, and parameter estimation for different propeller models based on exist-
ing data.
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We employed a multi-source experimental dataset that combines the following:

1.  UIUC Propeller Database:Comprehensive wind-tunnel measurements of Ct, Cp, and
efficiency (#7) across a wide range of advance ratios (J) for 17 distinct APC propeller
models. These data provide the foundation for static performance modeling and
cross-propeller generalization analysis.

2. Inflow Test Rig Data: Synchronous measurements of propeller thrust (T), torque (Q),
power (Pp), and motor electrical parameters (I, U, n) under controlled horizontal
inflow conditions (0-15 m/s). These data capture dynamic inflow effects essential for
motor current model development and validation.

All experimental data used in this study—including the propeller performance and
motor current data—have been made publicly available in our GitHub repository to ensure
reproducibility and facilitate further research.

For the identical propeller model estimation case, Figure 3 presents performance
parameter estimation results for Ct and Cp across four selected propeller models from
the UIUC database. Quantitative assessment of estimation accuracy for thrust coefficient
Cr and power coefficient Cp is provided through Root Mean Square Error (RMSE) and
R-squared (R?) deviation metrics relative to experimental data, with comprehensive results
displayed in Figure 4 and Table 4.
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Figure 3. Performance parameter estimation results for identical propeller models, using experimental
data from the UIUC Propeller Database and custom inflow tests.

The results demonstrate that the parameter estimation model proposed in this study
achieves significantly reduced errors compared to models presented in [20,27]. Compara-
ble performance prediction strategies were investigated in [30], where surrogate models
calibrated through wind tunnel experiments predicted eVTOL propulsion system behavior
under varying operational conditions.

The above results indicate that for identical propeller models, the model achieves
extremely high prediction accuracy (R? > 0.99). This can be attributed to the following
factors: (1) dimensional analysis compresses multiple physical variables into a few key
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parameters (], n~2), greatly reducing the fitting dimensionality; (2) the second-order polyno-
mial provides sufficient approximation capability for propeller aerodynamic characteristics
within the selected parameter space; (3) the training data cover the main operating range
of that specific propeller model. However, it should be noted that this high accuracy is
achieved under the strong constraint of the “same-model”. For propellers with minor
geometric differences, prediction still requires the “cross-model” approach.

Table 4. Comprehensive performance metrics for four modeling approaches, highlighting supe-
rior prediction accuracy of the proposed methods across both thrust and power coefficient estima-

tion tasks.
Cr — R2 4 Cp—R2t+ Cr—RMSE] Cp— RMSE]
Model — A 0.4571 —2.1878 0.0255 0.0210
Model — B 0.9445 0.6028 0.0078 0.0073
Model — Diff 0.9755 0.9346 0.0052 0.0028
Model — Same 0.9923 0.9906 0.0030 0.0012
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Figure 4. Comparative validation results across four modeling approaches, quantifying prediction
accuracy through RMSE and R-squared metrics for thrust and power coefficient estimation.

For the different propeller model estimation scenarios, among the 17 distinct propeller
models in the UIUC database, six models were selected as training data for model devel-
opment, while the remaining eleven models provided test data for parameter estimation
validation. Table 5 details the specific division between training and test datasets. The
output results are presented in Figure 5 through scatter plot visualizations.

Table 5. UIUC dataset partition strategy for cross-model validation, ensuring representative sampling
across different propeller geometries and performance characteristics.

Training/Test Model

Training data APC 12 x 6, APC 12 x 8, APC 12 x 10, APC 21 x 13, APC 13 x 10,
APC 13 x 65

Test data APC 13 x 8, APC 14 x 10, APC 14 x 7, APC 14 x 85, APC 16 x 10,
APC 16 x 12, APC 16 x 8, APC 18 x 10, APC 18 x 12, APC 18 x 8,
APC20 x 10
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Figure 5. Cross-model propeller parameter estimation results, demonstrating model generalization
capability across diverse propeller geometries not included in training datasets.

The estimation accuracy for thrust coefficient Ct and power coefficient Cp obtained
from the four models is quantified through Root Mean Square Error (RMSE) metrics
relative to experimental data, with comprehensive results presented in Figure 4. The
results indicate that among the two models proposed in this study, while the cross-model
parameter estimation approach demonstrates slightly reduced accuracy compared to the
single-model estimation method, its estimation accuracy for most propeller models remains

superior to the model proposed in [27] and substantially outperforms the model proposed
in [20].

3.6. Motor Current Estimation Results

For validation of the motor current estimation model, five distinct motor models from
various manufacturers underwent testing under zero-inflow conditions. The validation
results, presented in Figure 6, demonstrate that under no-inflow conditions, minimal
differences exist between prediction results from thrust-based and torque-based current
prediction models, with both approaches achieving high accuracy levels.

25 25
_ 207} P _20¢ 7
< - < -
=151 e =157 2
o) - =]
o - g -
g 10 + - 5 10 | _ -
© 5 e~ e True Value o 51 _e— ~ e True Value
- = — = Thrust-based - — — Torque-based
0 : : 0 : ‘ :
0.5 1 1.5 0.05 0.1 0.15 0.2 0.25
Thrust(N) Torque(N*M)

Figure 6. Motor current estimation performance for Xoar TA130-25 KV80 (XOAR International,
Arcadia, CA, USA) motor under zero inflow conditions, comparing thrust-based and torque-based
modeling approaches.

For inflow condition validation, data from three distinct motor models from different
manufacturers were selected for comprehensive verification. Inflow condition data were
collected using the simplified inflow testing rig, with the specific motor models employed
in simplified inflow testing experiments detailed in Table 6.
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Table 6. Motor models utilized in inflow testing experiments, representing diverse manufacturers
and performance characteristics for comprehensive model validation.

Test Components Test Models

Motor SunnySky V3508 KV580 (SunnySky, Zhuhai, China), T-
motor F100 KV1100 (T-Motor, Nanchang, China), T-motor
F40 pro IV 2400kv (T-Motor, Nanchang, China)

Comprehensive datasets were collected for motors under simplified inflow conditions
using the custom testing rig. The acquired dataset was subsequently applied to both
modeling approaches for fitting analysis and comparative performance assessment.

As illustrated in Figure 7, while the two models exhibit minimal performance differences
under zero-inflow conditions, significant disparities in motor current prediction accuracy
emerge under inflow conditions. Notably, the quadratic polynomial based on torque demon-
strates excellent data fitting characteristics and superior prediction accuracy, validating the
theoretical advantages of torque-based modeling for dynamic operational scenarios.
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Figure 7. Motor current estimation performance for SunnySky V3508 KV580 motor under con-
trolled inflow conditions, highlighting the superior accuracy of torque-based modeling in dynamic
airflow environments.

3.7. Flight Validation

To bridge the gap between component-level prediction and system-level performance,
and to directly validate model accuracy under realistic operating conditions, comprehen-
sive flight testing was conducted. The primary objective of these flight tests focused on
validating propulsion system performance model accuracy, specifically motor current pre-
diction, during steady, level forward flight conditions. This operational scenario represents
a common and critical state for numerous UAV missions.

The experimental setup employed a quadrotor platform for flight testing, with rele-
vant system parameters measured prior to testing campaigns. Table 7 details the specific
parameter values for the experimental platform. The UAV utilized in testing and the
experimental flight site configuration are illustrated in Figure 8. The specific propulsion
components included T5050 propellers paired with T-Motor F40 Pro 11 1750kv (T-Motor,
Nanchang, China) motors. Key parameters extracted from flight logs for model validation
comprised motor current (I.) as the primary electrical parameter for endurance estimation;
ground speed and inflow velocity (V') derived from GPS and IMU data for advance ratio
J calculation; and flight attitude parameters to ensure analysis during steady, level flight
segments. Flight data were recorded by the onboard PX4 autopilot. Key state estimates
were provided by its built-in sensor fusion algorithm (ESKF), with typical accuracies of the
used sensors as follows:

¢ Current sensor: Measurement error typically < 32%.
*  Global Navigation Satellite System (GNSS): Horizontal positioning accuracy approxi-
mately +1.5 m (single point), velocity accuracy approximately +0.1 m/s.
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*  Inertial Measurement Unit (IMU): Accelerometers and gyroscopes were calibrated,
with attitude estimation error typically being < +2° during steady flight.

Comparison between measured motor current and model-predicted values enables

assessment of predictive capability in real-world, integrated system operations.

Table 7. Comprehensive parameter specification for quadrotor drone systems utilized in flight
validation experiments.

Parameter Numerical Values/Model
Mass 1540 g

Propeller T5050

Motor T-Motor F40 Pro II 1750kv
Battery ACE 4s-5300mah

Drag Coefficient 0.51

Testing occurred in near-windless environmental conditions. Prior to each experi-
mental trial, the UAV’s maximum forward flight speeds were systematically configured
at2,4, 6,8, and 10 m/s sequentially through the QGroundControl (QGC) ground station
interface. The UAV executed straight-line back-and-forth flight patterns within designated
test areas, with flight log data recorded at high frequency to capture target parameters
for subsequent post-processing analysis. To eliminate the influence of sensor noise and
high-frequency vibrations, the raw current, speed, and attitude data extracted from the
logs were preprocessed using a low-pass filter. Subsequent analysis focused on steady-state
level flight phases.

Extracted performance metrics included flight attitude angles and real-time current
draw, with the actual flight process illustrated in Figure 9.

Figure 8. Experimental UAV platform and test environment configuration for flight validation
campaigns, ensuring controlled conditions for propulsion system performance assessment.

During steady-state level flight phases, under ideal operational conditions, multi-rotor
UAV rotor speeds along with generated thrust and torque, together with corresponding
motor current and pitch angles, achieve stable equilibrium states. Relevant flight data
during steady level flight at 10 m/s is presented in Figure 9. Comparative analysis with
the comprehensive model presented in [31] (utilizing model parameters: A = 6, ¢ = 0.85,
A=0.75,7 =0.55e = 0.83, Cqy = 0.015, a9 = 0, Kg = 6.11) reveals current data across
different forward flight speeds as displayed in Table 8. After accounting for airflow distur-
bances and external interference factors, the model proposed in this study demonstrates
robust predictive capability for propulsion system performance under steady-state level
flight conditions.

Flight validation preliminarily confirms the model’s predictive capability under real
flight conditions. However, the flight speed points covered in this validation (2, 4, 6, 8, 10 m/s)
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and the flight mode (steady-level flight) are relatively limited. Future work requires collecting
more diverse flight data, including different climb/descent rates, maneuvers, and longer-
duration mission data, to comprehensively assess the model’s robustness within complex,
dynamic flight envelopes and the long-term cumulative effects of prediction errors.

Table 8. Comparative prediction performance between proposed torque-based modeling and con-
ventional thrust-based approaches across different level flight speeds, demonstrating the superior
accuracy of the torque-based method, particularly at higher velocities.

Speed Iactual IWith—Airflow IWithout—Airflow
2m/s 26.8A 26.6A (0.7%) 25.1A (6%)
6m/s 28.4A 29.3A (3%) 25.8A (7%)
10m/s 31.6A 31.8A (0.7%) 27.3A (14%)
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Figure 9. Flight trajectory and corresponding performance data at 10 m/s forward flight speed,
illustrating stable operational conditions for model validation.

The complete model implementation and results presented in this article are publicly
accessible through: https://github.com/RflySim/RflySimPropellerModel (accessed on 1
November 2025.)

4. Discussion

The validation results comprehensively demonstrate that the proposed data-driven
modeling approach effectively addresses the challenges of UAV propulsion system per-
formance prediction. The integration of dimensional analysis with polynomial regression
establishes a robust framework that balances prediction accuracy with computational effi-
ciency. The torque-based motor current model, in particular, demonstrates significant ad-
vantages under varying inflow conditions compared to traditional thrust-based approaches,
validating the theoretical foundations established in the methodology development.

The successful flight validation campaigns further confirm the practical applicability
of the proposed methodology in real-world UAV operational scenarios. The model’s
demonstrated ability to accurately predict motor current across different flight speeds
highlights its potential for integration into UAV design tools and flight control systems,
providing tangible benefits for mission planning and endurance estimation improvement.

Beyond the methodological innovations, this work contributes an extensive experimen-
tal dataset that bridges the gap between isolated component testing and integrated system
validation. While high-fidelity wind-tunnel facilities remain inaccessible to many research
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groups, our open-source dataset—combining UIUC wind-tunnel data and inflow test
measurements—provides a comprehensive resource for the UAV research community. The
inclusion of synchronized mechanical and electrical measurements under dynamic inflow
conditions is particularly valuable, as such data are rarely available in public repositories
yet are essential for accurate motor current and endurance prediction.

The systematic comparison with existing models reveals several distinct advantages
of our proposed approach. The dimensionless parameter framework enables superior
generalizability through cross-model prediction capabilities that outperform specialized
empirical models, facilitating broader optimization searches across diverse propulsion
system configurations.

Furthermore, the model achieves exceptional data efficiency by attaining high ac-
curacy with limited training data, thereby reducing the need for extensive experimental
campaigns during the optimization process and accelerating design iteration cycles. Ad-
ditionally, the polynomial formulation provides computational efficiency through rapid
performance evaluation suitable for design optimization loops and endurance estimation
improvement, offering practical advantages for engineering applications requiring frequent
performance assessments.

Although the model demonstrates high accuracy in validation, when applying it to
critical missions (e.g., endurance prediction), the propagation of modeling errors should
be considered. Main error sources include (1) polynomial fitting residuals, especially for
predictions made outside the training data range; (2) sensor measurement noise (e.g.,
current, rotational speed); (3) unmodeled physical effects (e.g., viscous effects at low
Reynolds numbers). These errors may accumulate in long-duration, dynamically varying
missions, affecting the reliability of endurance prediction.

Additionally, the assumption of material consistency across propeller designs may
restrict applicability to propellers with substantially different structural properties and
manufacturing materials. Future research initiatives should focus on expanding database
coverage to encompass broader geometric parameter ranges and incorporating material
property effects to enhance model robustness and generalizability.

It is also important to note the limitations of the current experimental validation,
particularly in the flight tests. As acknowledged in Section 3.7, the validation was conducted
under a limited set of steady-level flight conditions and forward speeds. While the results
are promising, a more extensive dataset encompassing diverse flight maneuvers (e.g.,
climbing, descending, aggressive turns) and longer mission durations is necessary to fully
characterize the model’s performance and error accumulation in complex, real-world
operational scenarios. This expansion of the validation envelope is also a key objective for
future work.

The parametric model framework proposed in this paper provides a solid foundation
for integration with adaptive learning and online system identification methods. For
instance, the polynomial coefficients in the model could be updated online via Bayesian
updating or recursive least squares estimation using real-time flight data (e.g., real-time
current, rotational speed), enabling the model to adapt to environmental changes or system
degradation. Furthermore, combining this framework with model-based reinforcement
learning or meta-learning could accelerate model adaptation across different UAV platforms
or mission scenarios. These directions [32,33] represent important pathways for enhancing
UAV intelligence and autonomy, and are significant evolution directions for this framework.

5. Conclusions

This paper presents a data-driven modeling framework for UAV electric propulsion
systems that integrates dimensional analysis with empirical fitting to improve endurance es-
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timation. By systematically applying the Buckingham 7t theorem, dimensionless parameter
relationships are established, enabling accurate prediction of thrust/power coefficients (Cr,
Cp) and motor current (I,) across diverse propeller geometries and operating conditions.
A novel torque-based motor current model significantly improves prediction accuracy
under dynamic inflow conditions. The framework is rigorously validated against the UITUC
propeller database, a custom-built inflow test rig, and actual flight tests, demonstrating
superior prediction accuracy and cross-configuration generalization capability compared
to existing typical methods, while maintaining computational efficiency.

Current model limitations include its dependence on the geometric parameter range
of the training data, the assumption of propeller material consistency, and the deliberate
exclusion of compressibility effects.

Future work will focus on expanding the open-source propeller database and enhanc-
ing the model’s environmental adaptability. Specifically, ambient temperature and pressure
variations, which directly affect air density and thus the advance ratio, will be incorporated
into the dimensionless analysis framework to improve prediction robustness across differ-
ent operational conditions. Beyond the current incompressible flow assumption, another
important direction is to extend the framework for high-speed applications by accounting
for compressibility effects through Mach number. Exploring transfer learning techniques
will further improve the model’s generalizability to novel propulsion systems and complex
flight envelopes.
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