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ABSTRACT

In this paper, an experimental study is performed to find the relation between the current of a battery and the power thrust
of an electric-powered ducted fan. Electric-powered duct fans are becoming increasingly popular in unmanned aerial
vehicles (UAVSs) and are controlled by a pulse position modulation controller. Three different measurements are taken by
three transducers, namely: a multimeter with a range of 0 to 400 DC Amps that measures the input current feeding the
electric speed controller from the batteries; a load cell with a range of 0 to 45 KG to measure the thrust output of each of
the motor; and, a thermocouple to measure the temperature of the Li-Po batteries. Once the data was obtained, an artificial
neural network was trained and tested to obtain the relationship between the input (pulse position modulation) and output
(the thrust). The effects of battery current on an electric-powered ducted fan are then summarized.
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1. INTRODUCTION

Artificial intelligence (Al) is the field of computer science devoted to algorithms that are capable of mimicking living
beings. One of the main algorithms used in artificially intelligent systems is known as an artificial neural network (ANN).
It follows the same data processing methodology that the human brain uses [1]. For example, when we look at an object,
for instance a car, we know that the object is a car regardless of its color or shape, because specific neurons in a certain
area of our brain (occipital lobe) has come across a similar shape from previously obtained knowledge, where we have
learned to associate that an objects is identified as a car if it has four wheels and chairs [2]. ANN consists of blocks called
‘neurons’ that are connected together in levels, which are called layers, through weights. This structure allows to identify
the relationship between the input-output pattern, like the car example [2,3], where any new data is predicted through high
nonlinear interpolation/fitting relations [3-6]. ANNSs gather their information by observing patterns and relationships in
data that are pre-supplied by the system professional. After that, ANN trains the internal weights to obtain the memory and
relations. The result is an intelligent system gifted with learning, prediction, and recognition of objects and coming up with
problem solving solutions. This is how Artificial Neural Networks operate in a brief. Artificial Neural Networks have a
wide spectrum of applications in machine learning. For instance, one of the most common application of ANN’s in the
medical field is disease diagnosis [7-10]. On another hand, it is widely used in other applications including the major
application of this research, Unmanned air Vehicle (UAV) [11-17].

Unmanned aerial vehicles have attracted a number of researchers in the last decade due their wide applications in
agricultures [18-19], military [20], and civilian applications [21]. In this paper, UAV is considered specially the ones that
use Electric ducted fans (EDFs). The EDF input is the current that is provided by the controller. The controller draws the
current from the batteries after receiving a signal from the pulse position modulation (PPM) set by the user. The current,
thrust and PPM are monitored, and their signals are collecting. These are then analyzed using Artificial Neural Network
(ANN) algorithm to define the relation between them. Two ANN systems are developed in this paper: one to find a relation
between PPM and current, and the other one to find the relation between current and thrust. These relations can be used
later to have a better understanding of the EDF, which results in obtaining a better controller, hence, better performance.
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The rest of the paper is organized as follows: Section 2 is dedicated for the methodology. This includes the data, the ANN
and the bench setup. Sections 3 and 4 are dedicated to the results and discussion, and the conclusion, respectively.

2. METHODOLOGY

In this section, the ANN is used to describe the relationship between the PPM and the current, and between the current and
the thrust for an EDF system. At the beginning, the user sends a command to the EDF controller as PPM signal. The
controller then starts to draw current from the batteries and provide them to the EDF. EDF converts the electrical energy
to mechanical energy; the propellers start to rotate. This will produce a force, referred to as Thrust, which can be used to
lift an object.

2.1 Data sources and pre-processing

The experimental data used to build the ANN is obtained from an EDF bench that is illustrated in Fig. 1. Several
instruments and transducers are used to obtain the data which includes the PPM, the current, and the thrust. These are
illustrated in Fig. 2 and as follows:
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Figure 2. Instruments and transducers that are used to obtain the current, thrust and PPM
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- HX711 load-cell module: It has an internal 2000 Ohm half-bridge strain gauge load cell. It has a range of 0-50kg.
The output resistance is later sent to the HX711 weighing module that converts the output resistance to kilograms
and feeds the data into the ARDUINO.

- MAXA471 Current measurement module: It is a current measuring sensor used to measure the DC current being
drawn from the batteries. The module has a range of 0-25 volts and 0-3 Amps. Our data has been scaled down
using an OP-AMP circuit from a Uni-t UT203 Clamp Multimeter, which is able to measure DC currents from 0
to 400 Amps. The reading is then fed to the ARDUINO.

- PPM: It is a signal modulation that transmits pulses to the controller. The pulses have the same magnitude and
width. However, the delay between the pulses vary. Shorten the delay between pulses gives an indication of high
control signal, while larger delay period gives an indication of small control signal [22].

- Arduino UNO microcontroller: an Arduino UNO model R3 microcontroller has been used to collect from the
previous devices.

2.2 Electric Ducted Fan

The thrust is generated using an EDF of the type JP Hobby 12-S 120mm full aluminum body and propeller. The motor
used to operate the fan is a brushless 12 poles DC motor and an 8mm driveshaft connected to the fan. The motor dimensions
are as follows; 42mm in diameter and 50mm in length. The motor is rated as 760 KV (KV being the no-load rotational
velocity of a motor per unit Volt of input RPM/V) [23]. In regard to the propelling fan, there are 12 blades with a diameter
of 120 mm. The combination of the motor and fan will produce a maximum thrust of 8 kg. The mass of the EDF unit is
693 grams including the motor, fan, and fan housing.

2.3 Batteries

LiPo Batteries (lithium-ion) are used in this research. These batteries are known to have high energy-density, yet very light
in terms of mass, which is considered as an optimal power source for small aircraft propulsion [21]. There are three primary
values that describe a LiPo Battery [24]:

- Energy storing capacity, in units of milliamp hour [mAh]

- Number of cells, No.-S, LiPo battery cells have a nominal voltage of 3.7 volts per cell. For example, a 3-S battery
has 3 cells which outputs 11.1 Volts.

- C-rating, The C-Rating is a measure of how quickly electricity can be discharged from the battery. To determine
the maximum continuous discharge that the battery is capable of, the capacity in AMPS is multiplied by discharge
C-Rating. For example, a battery having a capacity of 6000 mAh and a discharge rate of 30C, has a maximum
continuous discharge of 180 Amps [24].

Knowing what batteries in general are described by, the batteries that are used in this paper have 12-S with output voltage
of 44.4 DC volts, a capacity of 5300 mAh, and a C-Rating of 30 C.

2.4 Electric Speed Controller

The electronic speed controller (ESC) is an electronic circuit that is used to change the speed of an electric motor by
regulating the voltage that is applied to the motor. Furthermore, the ESC regulates the voltage by manipulating the pulse
position modulation signal it receives from the user. The ESC that is used in this paper is a JP Hobby Mantis 120 Amps
ESC [25]. The PPM signal can be generated manually or through Arduino.

2.5 ANN

ANN is applied in several applications, i.e. modeling approximation, pattern classification, optimization, control etc. [1,
27-32]. As mentioned before, ANN consists of a set of neurons, see figure 3, which work together to perform a specific
task. Each neuron has multiple inputs and a single output element. These inputs are combined linearly using certain
weights. An activation function is then used to deduct the output from the fused inputs. The ANN consists of input, output
and one or more hidden layers. Based on the layer number, ANN can be classified to single layer perceptron, and multilayer
perceptron.
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Summing Joint Activation
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Figure 3. Neuron structure

Number of hidden layers and their neurons should be selected carefully: Small number of neurons may not be suitable to
estimate the function or do the required task. Large number of neurons causes large computational time, and may result in
overfitting. Therefore, the maximum number of neurons in each layer was set to 10, and the maximum number of hidden
layers was set to 2. All possibilities are checked to find the best combinations. Back propagation (BP) with the Levenberg
Marquardt algorithm is used to train the ANN. The training algorithm, hence, the performance highly depends on the initial
selection of the weights and biases. To remove this factor, each model is trained 100 times and the best performance is

selected.

The selection of ANN depends on the coefficient of determination (R?) in the training part, and on the root mean squared
error (RMSE) in selecting the best model.
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3. RESULTS AND DISCUSSIONS

Best Validation Performance is 1.7278e-05 at epoch 13
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Figure 4. ANN performance for the model between the throttle and current.
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Two ANN models are developed in this work; one to define the relation between PPM and current, the other one to define
the relation between current and thrust. A comprehensive study is conducted in this research dedicating for one and two
hidden layers. The results show that the first model consists of two layers; the first layer has five neurons, and the second
layer has four neurons. The second model between current and thrust consists of two layers; the first layer has four neurons,
and the second layer has six neurons. Results are shown in figures 4-11.
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Figure 5. ANN parameters for the model between the throttle and current.
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Figure 6. ANN’s normalized Output and error for the model between the throttle and current.
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Figure 7. ANN’s normalized regression for the model between the throttle and current.
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Figure 8. ANN performance for the model between the current and thrust.

According to the figures, the first model takes 13 epochs to reach a normalized RMSE of 1.7 x 10~° and a regression of
99.993%. The maximum normalized absolute error has an order of 1.5 x 1072. On the other hand, the second model
between the current and the thrust takes longer time, 46 epochs, to reach a normalized RMSE of 7.7 x 107> and a
regression of 99.9583%. The maximum normalized absolute error has an order of 2 x 1072,
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Figure 9. ANN parameters for the model between the current and thrust.
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Figure 10. ANN’s normalized Output and error for the model between the current and thrust.
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Figure 11. ANN’s normalized regression for the model between the current and thrust.

4. CONCLUSION

Two models are developed using artificial neural networks: one finds a relation between the throttle applied to a controller
and the current drawn from the batteries, the second finds the relation between the drawn current to thrust obtained from
the EDF. Both models have two hidden layers, the first has five and four neurons in its layers, the second one has four and
six neurons in its layers. The models have promising results as demonstrated by high regression rates. These models will
be studied further, and used in future applications to improve flight performance of UAVs that used electric-powered
ducted fans.
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