
INSERT RUNNING TITLE HERE 

1 

 

 

 

 

The Development of Algorithms for EMA Fault Early Detection 
System 

Sergey Bazhenov1, Alexey Skryabin1, Georgy Veresnikov2
 

 
1Central Aerohydrodynamic Institute of Russia 

2Institute of Control Science of Russian Academy of Science 

 
Abstract 

The paper deals with the problem of early detection algorithm construction to identify failures of aircraft 

electromechanical actuator (EMA). A scheme for processing EMA operation data using data mining methods 

is proposed. Methods of feature selection are described, which are used to reduce the dimension of the 

controlled parameters vector. The computational experiments results based on the data obtained using the 

mathematical model of the UAV control surface EMA are presented. 
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1. Introduction 

With the development of electric aircraft (A/C) creation technologies, the relevance of the detecting 

control surface EMA failures algorithms development increases, the effectiveness of which 

significantly depends on flight safety [1-3]. The need to improve the A/C flight safety indicators and 

reduce service costs determine the relevance of the development and implementation of EMA health 

usage monitoring systems (HUMS). Studies [4-7] of EMA HUMS conducted by leading aviation 

design bureaus and research organizations in this area have shown the effectiveness of the 

integration of data mining methods (DM) and the method of comparing the functioning of full-scale 

system signals with a mathematical model for monitoring the EMA technical state. The DM methods 

usage makes it possible to solve the problem of assessing the EMA technical state when there is no 

sufficient amount of data to accept statistical hypotheses with the required level of confidence and 

detailed mathematical models of EMA, allowing to take into account all kinds of internal and external 

factors. As part of solving the problem of developing EMA failure detection algorithm associated with 

a change in the dissipative losses, the article presents:  

 EMA operation data processing scheme using neural networks;  

 feature selection algorithms description to improve the efficiency of using neural networks in the 

problem EMA faulures detection;  

 the study results of the proposed data processing scheme on the data obtained using the UAV 

EMA mathematical model. 

2. Data processing scheme 

A scheme for processing data on the operation of EMF is proposed (Figure 1), the result of which is 

an algorithm for detecting EMF malfunctions. 
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Figure 1 – Data processing scheme. 

One of the ways to determine degradations developing in an EMA before failure is to monitor and 

analyze dissipative energy losses. The problem of algorithm construction for detecting EMA faults 

associated with a change in dissipative losses, within the framework of the proposed scheme, is 

formalized as a classification problem into two classes. Based on data on the EMA operation 
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∈ 𝑌, i=1..k, it is necessary to build an algorithm for detecting EMA 

faults Ф: 𝑋 → 𝑌, where 𝑋 – a set of attribute values - monitored and control EMA parameters, 𝑌 – a 

set consisting of class labels reflecting the EMA technical condition. 

The initial data on the EMA operation are formed on the basis of its mathematical model, which takes 

into account the influence of the dissipative torque on the EMA controlled parameters. In the future, 

the data obtained using the EMA simulation are supplemented with statistical data accumulated as 

a result of A/C flights. As a result of the choice of a method / set of methods for filtering features, an 

algorithm is formed HX  : , where H – set of vectors of reduced dimension. Within the framework 
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)}  to precedent database, formed for DM methods 

application. 

1. Searching and excluding vectors ℎ̅𝑖, i=1..k, which contain redundant information. In order to 

perform this procedure, vector similarity metrics and clustering methods are used to reduce the 

training sample size.  

2. Normalization of the remaining vectors from the set {ℎ̅1, … , ℎ̅𝑘} on a unit interval to eliminate the 

influence of the digit capacity of numbers on the result of the algorithm Λ, encoding of class labels. 

Further, using the DM method chosen by the developer, the patterns search and formalization is 

performed (an algorithm is constructed Λ: 𝐻 → 𝑌 classification of EMA states based on a set of 

vectors 𝐻), contained in the base of use cases, in integration with a method that optimizes a subset 

of informative features (wrapper methods), which makes it possible to further reduce the elements 

number of vector ℎ̅ and improve the accuracy of the algorithm Λ. Optimization of informative features 

subset in the work is performed using direct enumeration to obtain a global extremum or genetic 

algorithms to obtain an approximate solution. The resulting algorithm Ф is used to assess the EMA 

state. For this, a vector of monitored parameters values is fed to the input of the neural network, and 

an assessment of the EMA technical state is formed at the output. 
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3. Feature filtering 

To reduce the dimension of the input parameters vector of the Ф algorithm, a procedure consisting 

of two stages is used.  

Stage 1. Sorting features based on the statistical chi-square test. As a result of this test, the criterion 

χ2 is calculated for each feature from the vector of monitored EMA parameters 𝑥 according to the 

well-known formula [8]. The most informative for solving the classification problem is considered a 

feature for which 𝜒2 has a maximum value.  

Stage 2. Construction of nonlinear multiple regression models.  

At the next stage, to find complex dependencies between the input parameters of the algorithm Λ 

(elements of vector 𝑥̅) it is proposed to use nonlinear multiple regression, which allows finding a 

single analytical expression - an approximating function (usually polynomials are used), over the 

entire domain of its definition. To apply multiple nonlinear regression, you need to select the basis 

functions that are included in the multiple regression model: 

ℎ𝑖(𝑥̅′) = ∑ 𝑎𝑑𝐵
𝑑

𝑁

𝑑=1

(𝑥̅′), 

where 𝑥𝑖 – dependent feature from vector ℎ, 𝐵𝑑(ℎ̅′) - basis function, 𝑎𝑑 – the estimated coefficient 

of the model, 𝑥̅′ = 𝑥\𝑥𝑖, 𝑁 – number of basis function. 

If the number of parameters of the function being approximated is more than one, then the formation 

of basis functions can be difficult. In this regard, a more efficient approach to constructing a multiple 

nonlinear regression model is used, which provides for the execution of Algorithm 1.  

Algorithm 1.  

1. Formation by the EMA developer of a set of elementary functions 𝑏𝑗(𝑥′), 𝑥′ −  is an arbitrary 

feature from the vector 𝑥̅′, j=1..z, z – is the number of elementary functions.   

2. The choice of the way of integrating the functions 𝑏𝑗(𝑥̅′) to form the basis functions 𝐵𝑑(𝑥̅′). 

For example, let on the basis of the elementary functions {𝑏1(𝑥′), … , 𝑏𝑧(𝑥′)}, selected by the 
developer, a set is formed: 

𝐺 = {𝑏1(𝑥1), … , 𝑏𝑧(𝑥1), … , 𝑏1(𝑥𝑘−1), … , 𝑏𝑧(𝑥𝑘−1), 10, … , 𝑚0}, 

where 𝑚 is the number of elements of the set G used to form one basic function (set by the 

EMA developer), k-1 – is the number of elements of the vector 𝑥̅′. 

Then the basis functions 𝐵𝑑(𝑥̅′), d=1,..,𝑁, where 𝑁 = (𝑘 + 𝑚 − 1)! (𝑚! (𝑘 − 1)!)⁄ , Are products 

of elements of combinations from the set 𝐺 with respect to m.  

3. Construction of a multiple nonlinear regression model (estimation of the coefficients  𝑎𝑑 , 𝑑 =
1, … , 𝑁). 

End of Algorithm 1. 

To assess the quality of the found multiple regression model, the standard coefficient of 

determination R2 is used which varies from 0 to 1. If R2 is close to 1 (a specific threshold value is set 

by the data scientist), then the dependent parameter can be excluded from the subset of vector ℎ̅ 
features used to assess the EMA technical condition. 

If the list of features sorted at stage 1 contains features between which there is a high regression 

relationship (threshold R2), hen interdependent features with the smallest 𝜒2 are excluded from this 

list. 

4. EMA mathematical model 

Based on the middle-range UAV EMA design characteristics and the results of its experimental 

studies in the Simulink environment, a mathematical model of the EMA was developed [9]. The EMA 

consists of a brushless electric motor, a power electronics control unit and a 6-stage spur gear, 

integrated into one housing, its characteristics are presented in Table 1. 
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Table 1 – EMA main characteristics. 

Nominal 
torque, Н·м 

Stall torque, 
Н·м 

No load 
rotation speed, 
°/с 

Output 
stroke, ° 

Supply 
voltage, В 

Nominal 
current, А 

Mass, 
кг 

3,5 5 100 ±60 27 0,85 0,36 

The main equation that determines the torque balance acting on the electric motor (Figure 2) is as 

follows [10]: 

EM J Ext E DT T T T T    , 

where EM t sT k I  - electromagnetic torque developed on the rotor shaft, obtained from the product 

of the torque coefficient kt and stator phase current Is. The current in the stator winding is determined 

from Ohm's law for the rotor phase: 

s s s s

s

dI U R I Ubemf

dt L

 
 , 

where Us, Rs, Ls – stator phase voltage, resistance and inductance. tUbemf k  - back-EMF 

voltage arising in the stator windings when the rotor rotates at a speed ω. 

TExt – external load (hinge torque); TE – the torque of elastic deformation of the gearbox, TD – 

dissipative torque, which is used to establish different levels of EMA degradation, characterized by 

energy dissipation. To simulate the dissipative torque in this work, the Coulomb friction model is used 

(Figure 2). The dissipative torque determined by this method makes it possible to estimate the order 

of the generalized energy losses due to friction in the no-load condition. A more detailed description 

of the mechanic dissipative torque model is possible when modeling a two-mass system "electric 

motor rotor – reducer" and taking into account Karnop friction [11]. Acceleration rate 


 determines 

the inertial torque JT J


  rotating units of the joint venture, where J=Jrot+Jgear  moment of inertia of 

the electric motor rotor and gear. 

 
Figure 2 – Kinematic diagram of the EMA mechanics model (left) and the nature of the change in the 

dissipative moment (Coulomb friction model) (right). 

5. Results of computational studies 

The EMA operation data for the study of the data processing scheme presented in Figure 1 were 

obtained using the EMA mathematical model described in the previous section. The simulation used 

an input signal corresponding to the cyclogram of the UAV takeoff. To form the training and test 

sample, which contains various options for the EMA technical states, the value of the Coulomb 

friction Tc was varied (Table 1), the growth of which is due to the development of degradations in 

the EMA mechanical system. The stiction friction value is taken as Ts = Tc * 1.2. 

Table 1 – Splitting data into training and test samples 
Couloumb friction Tc, Nm Sample type Class 

0.225 Training Normal operation 

0.275 Test Normal operation 

0.325 Test Normal operation 

0.375 Test Normal operation 

0.875 Test Emergency condition 

0.925 Test Emergency condition 

0.975 Test Emergency condition 

1.025 Test Emergency condition 
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The class that determines the EMA state is specified by a categorical variable (has a non-numerical 

nature), which is encoded in the class label by binary numbers for the use of neural networks. 

Accordingly, the output vector 𝑦 (in this case, the output of the neural network) consists of two 

numerical variables that determine the EMA technical state (Table 3). 

Таблица 3 – Numeric encoding of the EMA technical condition class label. 

Class serial 
number 

EMA technical condition class Class label (binary code of EMA 
technical condition) 

1 Normal technical condition (0,1) 

2 Emergency technical condition (1,0) 

It means the principle "winner takes everything" is used, when classes are encoded with the values 

of binary neurons (each neuron corresponds to one class and the class of technical state is 

determined by the neuron at the output of which the maximum value is observed). As a result of 

working out the UAV flight cyclogram for the values of Tc indicated in Table 2, data on the EMA 

operation were generated, which include the following EMA parameters: 

 V1 – input signal (°), 

 V2 – rotor rotation (°), 

 V3 – output shaft signal (°), 

 V4 – supply voltage (V), 

 V5 – supply current (A), 

 V6 – supply electric power (W), 

 V7 – rotor rotation speed (rev/min), 

 V8 – rotor shaft torque (Nm), 

 V9 – rotor shaft mechanic power (W), 

 V10 – output shaft rotation speed (rev/min), 

 V11 – output shaft torque (Nm), 

 V12 – output shaft mechanic power (W). 

 

As a result, the training and test samples for each class of the EMA technical state contain the values 

of the parameters V1-V12, recorded during the flight cyclogram processing for 100 s. every 0.01 s. 

Figures 3-14 show examples of changing the V1-V12 parameters for Tc = 0.225 (training sample, 

class No. 1). 

 
Figure 3 – An example of changing an input variable V1 

 
Figure 4 – An example of changing an input variable V2 
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Figure 5 – An example of changing an input variable V3 

 
Figure 6 – An example of changing an input variable V4 

 
Figure 7 – An example of changing an input variable V5 

 
Figure 8 – An example of changing an input variable V6 

 
Figure 9– An example of changing an input variable V7 
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Figure 10 – An example of changing an input variable V8 

 
Figure 11 – An example of changing an input variable V9 

 
Figure 12 – An example of changing an input variable V10 

 
Figure 13 – An example of changing an input variable V11 

 
Figure 14 – An example of changing an input variable V12 
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Each flight cyclogram at a given moment of dry friction Tc (see Table 2) includes 10,000 

measurements for each parameter V1-V12. Accordingly, the training set contains 20,000 examples, 

and the test set contains 60,000 examples. Without using the data processing scheme shown in 

Figure 1, the accuracy of the neural network with a maximum number of 16 neurons in the hidden 

layer on the test sample is maximum 96.7%. Because Neural network training is not a deterministic 

algorithm, 50 neural networks were trained, in which from 4 to 16 neurons are used in the hidden 

layer, the activation functions are hyperbolic tangent (tanh). The parameters of the best 5 neural 

networks and the obtained accuracy on the test and training samples are presented in Table 4.  

Table 4 - Neural networks with input parameters V1-V12 when working out the flight cyclogram 

Number of neurons Classification accuracy 

Input 
layer 

Hidden 
layer 

Output 
layer 

Training 
sample (%) 

Test 
sample (%) 

12 11 2 98,7300 93,96167 

12 16 2 99,3800 96,70167 

12 12 2 95,0700 92,41167 

12 11 2 98,3000 95,02167 

12 10 2 99,9800 94,79000 

Accuracy refers to the percentage of correctly classified vectors.  

Let us reduce the number of features within the framework of the scheme presented in Figure 1. 

Figure 2 shows the results of applying the feature selection algorithms described in Section 3. 

 

Parameters related by regression 
dependence 

(Stage 1) 

Chi-square test result 

(Stage 2) 

 

 

Figure 15 – Selection (filtering) of features for training a neural network 

 

Figure 15 shows that the EMA parameters form 4 groups of interconnected elements. In each 

selected group, as the inputs of the neural network, we select one parameter that is of the greatest 

importance (informativeness) according to the chi-square test. Accordingly, the parameters V2, V5, 

V9, V11 are considered as potential inputs of the neural network. The results of optimization of a 

subset of parameters by the exhaustive search method show that the maximum accuracy on the 

training and test samples is achieved only when all 4 parameters are used. In total, 50 neural 

networks (with input parameters V2, V5, V9, V11) were trained, in which from 4 to 16 neurons are 

used in the hidden layer, the hyperbolic tangent is used as the activation functions of neurons in the 

hidden layer. The parameters of the best 5 neural networks and the obtained accuracy on the test 

and training samples are presented in Table 5.  

Table 5. Neural networks with input parameters V2, V5, V9, V11 when working out the flight 

cyclogram 
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Number of neurons Classification accuracy 

Input 
layer 

Hidden 
layer 

Output 
layer 

Training 
sample (%) 

Test sample 
(%) 

4 14 2 99,98500 98,01000 

4 15 2 99,04500 95,14333 

4 11 2 96,68500 95,40500 

4 16 2 99,79000 96,70667 

4 11 2 96,68000 94,00167 

Thus, with a decrease in the number of input parameters, it was possible to slightly increase the 

accuracy and reduce the number of neurons. It should also be noted that the learning rate of neural 

networks has significantly increased. Figure 16 shows the result of applying a neural network, which 

showed an accuracy of 98.01%, on a test sample when working out the flight sequence for the dry 

friction torque Tc = 0.225 (training sample, class 1 - good condition). 

 
Figure 16 – The result of using a neural network when working out the flight cyclogram (training 
sample, class 1 - healthy condition) 

Figure 17 shows the result of using the neural network when working out the flight cyclogram for the 

dry friction moment Tc = 0.375 (test sample, class 1 - healthy condition). The worst case is shown 

due to the use of the cutoff value from the Tc range. 

 
Figure 17 – The result of using a neural network when working out the flight cyclogram (test sample, 

class 1 - healthy condition) 

Figures 16 and 17 show that when determining the EMA working state on the test sample, in 

comparison with the training sample, there are more time ranges in which the neural network 

erroneously determines the class of the EMA technical state - the healthy condition is taken as faulty. 

Figure 18 shows the result of using the neural network when working out the flight sequence for the 

dry friction moment Tc = 1.025 (training sample, class 2 - faulty state).  
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Figure 18 – The result of using a neural network when working out the flight cyclogram (training 
sample, class 2 - faulty state) 

Figure 19 shows the result of using the neural network when working out the flight cyclogram for 

Tc = 0.875 (training sample, class 2 - faulty state). It also shows the worst result due to the use of 

the cutoff value from the Tc range. 

 
Figure 19 – The result of using a neural network when working out the flight cyclogram (test sample, 
class 2 - faulty state) 

Figures 18 and 19 show that when determining the EMA faulty state on the training sample, in 

comparison with the test sample, there are also more time ranges, in which the neural network 

erroneously determines the class of the EMA technical state - the faulty state is taken as good. 

6. Conclusion 

As carried out studies have shown the effectiveness of data mining methods for determining the UAV 

control surface EMA technical state based on dissipative losses in a mechanical gearb. Using the 

developed scheme for data analysis on the example of the results of simulation the operating 

cyclogram of the EMA during UAV takeoff, the following results were achieved: the number of 

parameters was reduced from 13 to 4, the number of neurons in the hidden layer of the neural 

network was reduced, while the accuracy of recognizing the EMA technical state on the test sample 

was slightly increased (from 96.70167 to 98.01). 

Further development of the work is expected in the direction of simulation on a larger number of flight 

modes and expanding the EMA degradation parameters list, functioning in various technical states. 

For this, it is supposed to detail the gearbox energy losses model - the use of modeling friction in a 

two-mass system (Karnop's model), which allows, in addition to changing the friction losses 

parameters, to control such a degradation parameter as mechanical backlash. 
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