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ABSTRACT 

A modelling approach to monitor ballscrew friction within 

Electromechanical Actuators (EMA) using motor current is 

presented along with subsequent fault diagnostics using 

classification of simulated data for healthy, degrading and 

faulty states. An approach was used where a baseline linear 

EMA system was modelled to a high level of detail. The 

modelling involved emphasis on the Permanent Magnet 

Synchronous Motor (PMSM) where a greater understanding 

of the drivetrain could be achieved. The PMSM was 

modelled using ‘dq axis’ transformation theory. The 

mechanical elements of the EMA were also modelled to 

include non-linear characteristics. Interaction between the 

ball and nut, and ball and screw are considered the main 

source of friction within the ballscrew, hence sliding 

velocities in these contact areas were used to calculate 

velocity dependent friction using the Stribeck friction model. 

Contact angles between ball and nut, and ball and screw, and 

mechanical efficiencies were varied to analyse the effect on 

the torque producing current for healthy, degrading and faulty 

conditions. The simulated data was trained for each condition 

for classification using a k-Nearest Neighbour (k-NN) 

algorithm. The first part of the analysis revealed that 

ballscrew degradation should be detectable using motor 

current by monitoring changes to the torque producing q-axis 

current for each failure state in the ballscrew damage model. 

External load disturbances were also modelled since they 

could cause fluctuations to the q-axis currents thus making it 

difficult to isolate deteriorations to the ballscrew. The 

simulated datasets were processed for classification as 

training data using the k-NN algorithm where a classification 

accuracy of ~74% was achieved. Overall, the in-depth 

modelling of the EMA system presented a comprehensive 

approach to monitoring ballscrew friction through use of 

motor current analysis from different test cases.  It is 

proposed that employing a hybrid approach (combination of 

model based and data driven techniques) to fault diagnostics 

can further improve the classification accuracy.     

Keywords— Prognostics; Health Monitoring; Aerospace; 

Electromechanical Actuators; Ballscrew; Fault Classification 

1. INTRODUCTION

There is a move towards ‘more electric’ aircraft within the 

aerospace industry, which has prompted aircraft 

manufacturers to consider replacing traditional 

hydromechanical solutions for EMAs in actuation systems to 

fulfil the need for better maintainability, precision control and 

offer a weight saving advantage (Hoffman et al. 1985). EMAs 

are becoming prominent in safety critical applications of next 

generation fly-by-wire aircraft (Balaban et al. 2011). This is 

true for applications such as primary flight control systems 

and landing gear systems. The absence of reliable fail-safe 

mechanisms and adequate redundancy to mitigate the single 

point of failure (ballscrew jamming) has made it challenging 

to introduce EMAs in such safety critical systems (Balaban 

et al. 2009). It is widely understood that Prognostics and 

Health Monitoring (PHM) of such systems could mitigate 

ballscrew jamming, however, research in this area has 

revealed that the issue is complex for PHM designers due to 

the limitations in sensing. Aircraft manufacturers are 

reluctant to add more sensors due to added weight 

implications (Donald et al. 2004) and reliability and so PHM 
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designers have to rely on motor current alone to detect the 

onset of ballscrew jamming. Therefore, the purpose of this 

paper is to demonstrate a means to monitor friction build up 

within the ballscrew using motor current for feature 

classification and fault diagnostics. 

1.1. Background 

As mentioned, one of the major concerns has been EMA 

jamming which is a single point of failure. The mitigation of 

this failure mode could lead to a fully compliant and 

airworthy implementation for aircraft safety-critical systems. 

In view of this issue, significant research has been conducted 

by PHM designers in an attempt to detect and predict the 

onset of ballscrew jamming. EMAs consist of a motor, 

gearing and a ballscrew to provide incremental linear motion 

powered by the motor. Figure 1 shows a schematic of a 

typical EMA system. 

Motor Pinion
Motor

Gear Pin

Thrust 

Bearings

Bearings
Output Gear

Ballscrew 

Assembly

Cluster Gear

Thrust Washer (both ends)

Output Rod

Figure 1. EMA System (Bodden et al. 2007). 

It is known that EMAs can fail in many ways (Bennett et al. 

2010) with significant research conducted to achieve a fault 

tolerant EMA system to mitigate single points of failure. 

Much of this research has been centred around achieving fault 

tolerant designs for motor related failures for general 

applications. Motor rotor failures and short circuits are 

classed as one of the most severe types of failure as they can 

lead to a complete loss of operation at a system level. Within 

aerospace, however, there is adequate motor redundancy and 

therefore such failures would not inhibit operation of an EMA 

system (Bennett et al. 2010).   

Mitigating ballscrew jamming in aerospace is given high 

importance as failure can lead to complete loss of operation 

of the landing gear extension/retraction or flight control 

system mechanism. The build up of friction and wear is 

identified as a precursor for ballscrew jamming (Lee et al. 

2015). As has been establised from past data-driven based 

research, a reliable combination of sensing to monitor 

vibration, motor current, temperature and loads can help 

monitor the condition of an EMA (Isturiz et al. 2012). 

However, there is no guarantee that state of the art sensing 

would be able to isolate the occurrence of a particular failure 

mode such as EMA ballscrew jamming. There are further 

limitations in which maintenance engineers only have motor 

current and speed/position data for fault detection in real 

applications. Therefore, diagnostics engineers must design a 

robust PHM algorithm to detect the onset of EMA jamming 

with these limitations in mind. 

Research in this area has considered many strategies and 

technologies using PHM. Whilst research has been conducted 

in terms of applying PHM to EMAs, an optimum solution  to 

mitigating jamming is still sought. Isolation of jamming 

failures by utilising test rig analysis for seeded failure tests 

and run-to-failure data has been undertaken by Balaban et al. 

(2009). This includes work where jamming faults were 

injected into a custom made EMA test stand. The results 

showed good agreement with developed thermal and 

mechanical models. The issue, however, is the abrupt nature 

in which the failure occurs making it difficult to detect the 

onset of this failure. Bodden et al. (2007) also conducted 

seeded failure testing on an EMA test stand. The 

methodology evaluated actuator efficiency by monitoring 

overall power output against input. The analysis revealed that 

it was difficult to ascertain the origin of the fault at a local 

level.  

Therefore, the main challenges in employing a test stand data 

driven analysis include: not being able to simulate naturally 

occuring faults as well as isolating a particular fault within 

the drivetrain.   

1.2. Aims and Objectives 

This paper aims to provide an advancement to assessing 

ballscrew degradation through motor current signals. A high 

fidelity model of the EMA system is used to establish a link 

between motor current and ballscrew friction.  

The primary objectives of this paper are as follows: 

1. Determine whether it is possible to detect the

presence of friction within the ballscrew using

motor current alone through a modelling based

approach.

2. Train and classify simulated datasets using the k-NN

algorithm to evaluate model robustness for other test

cases.

2. METHODOLOGY

The first part of the methodology consists of a series of 

procedures and equations for EMA modelling to develop an 

enhanced understanding of the baseline linear EMA system.  

The second part of the methodology describes how motor 

current shall be used to aid fault detection and diagnostics of 

the ballscrew. This is followed by a description of the test 
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cases and conditions to be simulated for healthy, degrading 

and failure states of the ballscrew.  

The final part of the methodology describes the data analysis 

technique to be applied to the simulated data for each test case 

towards data training for classification. 

2.1. EMA Modelling 

The system being modelled is a baseline linear EMA system. 

The modelling was conducted using Matlab/Simulink where 

the key components consisted of the motor controller, the 

PMSM and the ballscrew. Figure 2 shows a high level view 

of the EMA system being modelled for speed & current 

control. 

Controller PMSM
Mechanical 

System 
(Ballscrew)ωREF

IDREF
VA, VB, VC

ωm

τ 

V

F

m/s to rad/sωm to ωr 

ωr

IA, IB, IC

Figure 2. EMA Block Diagram. 

PMSM’s use permanent magnets rather than windings in the 

rotor. Electronic excitation control with integrated power 

inverter and rectifier, sensor, and inverter electronics are 

required for practical operation (Vas, 1996). The PMSM was 

modelled using ‘dq-axis transformation’ theory which 

involves Park’s transform. Park’s transform reduces 3-phase 

AC quantities (IA, IB, IC) to DC quantities (ID, IQ) (Park, 

1929). The transform to DC quantities reduces the 

complexity of the system and therefore more understanding 

of the drivetrain system can be achieved by modelling the 

PMSM in this way. Figure 3 shows the equivalent electrical 

circtuit for the PMSM. 

Figure 3. PMSM Equivalent Electric Circuit in Rotating 

Reference Frame (DQ). 

The transformation converts vectors in the 3-phase reference 

frame to 2-phase and then a rotating 2-phase reference frame 

as shown in Figure 4.  

Figure 4. Reference Frames. 

This enables simplified analysis of these DC quantities before 

performing the inverse transform to the 3-phase results. This 

will provide in-depth motor understanding for condition 

monitoring and fault detection. 

The PMSM was modelled in accordance to a specification 

with parameters listed in Table 1.  

Table 1. PMSM Parameters. 

Parameter Value 

Resistance, Rs 1.1 ohm 

Speed 3000 RPM 

Motor Voltage Constant, Ke 98 V/Krpm 

Motor Torque Constant, Kt 1.6 Nm/A 

Peak Torque, τ 45.9 Nm 

Peak Current, I 28.7 A 

Poles, p 6 

Inductance on q-axis, Lq 12 mH 

Inductance on d-axis, Ld 7.4 mH 

Motor Inertia, J 0.138 kg.m2

The electrical and mechanical elements of the PMSM were 

modelled within the PMSM block shown in Figure 2. Firstly, 

the 3-phase supply voltages were converted to 2-phase 

quantities using Park’s transform: 

[

𝑉𝑑

𝑉𝑞

𝑉0

] =
2

3

[

𝑐𝑜𝑠𝜃 𝑐𝑜𝑠 (𝜃 −
2𝜋

3
) 𝑐𝑜𝑠 (𝜃 +

2𝜋

3
)

−𝑠𝑖𝑛𝜃 −𝑠𝑖𝑛 (𝜃 −
2𝜋

3
) − 𝑠𝑖𝑛 (𝜃 +

2𝜋

3
)

1

2

1

2

1

2 ]

[

𝑉𝑎

𝑉𝑏

𝑉𝑐

]   (1) 
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The PMSM electrical model consists of the stator resistance, 

inductances (d and q axes), number of poles as well as the 

flux induced by the rotor permanent magnets in the stator 

phases to get the Iq and Id currents: 

𝑉𝑑 = 𝑅𝑠𝐼𝑑 + 𝑝𝜆𝑑 − 𝜔𝑟𝜆𝑞   (2) 

𝑉𝑞 = 𝑅𝑠𝐼𝑞 + 𝑝𝜆𝑞 + 𝜔𝑟𝜆𝑑   (3) 

Where 

𝜆𝑑 = 𝐿𝑑𝐼𝑑 + 𝜆𝑎𝑓  (4) 

and   

𝜆𝑞 = 𝐿𝑞𝐼𝑞       (5) 

The electromagnetic torque of the PMSM is derived from: 

𝑇𝑒 =
3𝑝

4
(𝜆𝑑𝐼𝑞 − 𝜆𝑞𝐼𝑑) =  

3𝑝

4
(𝜆𝑎𝑓𝐼𝑞 + (𝐿𝑑 − 𝐿𝑞)𝐼𝑑𝐼𝑞)  (6) 

The mechanical subsystem of the PMSM model to calculate 

mechanical torque and rotor mechanical speed is given by 

𝑇𝑒 = 𝑇𝐿 + 𝐵𝜔𝑚 + 𝐽
𝑑𝜔𝑚

𝑑𝑡
 (7) 

Equation (7) can be rearranged for rotor mechanical speed: 

𝜔𝑚 = ∫(
𝑇𝑒−𝑇𝐿−𝐵𝜔𝑚

𝐽
) 𝑑𝑡          (8) 

whereby the relationship between the electrical speed (ωr) 

and the rotor mechanical speed (ωm) is given by 

𝜔𝑚 = 𝜔𝑟 (
2

𝑝
)          (9) 

Given the modelled PMSM electrical and mechanical 

properties, the d and q axis currents are transformed back into 

3-phase quantities and subsequently fed back in to the PMSM

controller block (as shown in Figure 2). The inverse Park

transform was used to return the 3-phase currents:

[

𝐼𝑎
𝐼𝑏
𝐼𝑐

] = [

𝑐𝑜𝑠𝜃 −𝑠𝑖𝑛𝜃 1

𝑐𝑜𝑠 (𝜃 −
2𝜋

3
) − 𝑠𝑖𝑛 (𝜃 −

2𝜋

3
) 1

𝑐𝑜𝑠 (𝜃 +
2𝜋

3
) − 𝑠𝑖𝑛 (𝜃 +

2𝜋

3
) 1

] [

𝐼𝑑
𝐼𝑞
𝐼0

]             (10) 

The PMSM controller is modelled for speed and torque 

control. This enables real time control of torque variation 

demand, mechanical speed and regulation of the phase 

currents, which ultimately reduces the occurrence of current 

spikes during transient operation. Figure 5 shows a block 

diagram of the PMSM speed and current control system. 

PI PI

PI

Inverse 
Park’s 

Transform 
(dq to 
ABC)Id_ref = 0

Id

Iq PMSM

Va

Vb

Vc

Park’s 
Transform 

(ABC to 
dq)

Ia

Ib

Ic

1/s

ω 

Iq_ref

Position 
Feedback

ϴ

Speed 
Control

Current 
Control

Figure 5. PMSM Speed and Current Controller. 

The ballscrew is modelled by taking the generated 

mechanical torque and rotor speed values and converting 

them in to end loads and linear speeds. The ballscrew 

specification is presented in Table 2. 

Table 2. Ballscrew Parameters. 

Parameter Value 

Lead, L 5 

Length, l 300 mm 

Screw Diameter, Ds 20 mm 

Ball Diameter, D 5 mm 

Ballscrew Helical Angle, α 55⁰ 

Screw Pitch Diameter, ds 18 mm 

Nut Inner Diameter, dn 20.8 mm 

The ballscrew linear velocity is given by 

𝑉 =
𝜔𝑚𝐿

2𝜋
 (11) 

The ballscrew end load (F) is given by 

𝐹 =  
2𝑇𝑒𝜋𝜂

𝐿
 (12) 

Friction is mostly prevalent between the ball and screw thread 

(Vahid-Araghi and Golnaraghi, 2011). Friction also occurs 

between the ball and nut and therefore the analysis focuses 

on these areas of interaction within the ballscrew. A 

kinematic analysis of this region was required in order to 

understand these contact areas in more detail and to evaluate 

friction as a function of sliding velocity. 

A thorough mathematical model of ballscrew kinematics has 

been developed by Wei et al. (2004) therefore this was utlised 

partially for this segment of the research.  

Firstly, the relative velocities between ball and screw, VBS and 

ball and nut VBN, needed to be factored in. Relative speeds of 

these regions are critical for this study as they largely dictate 

the magnitude of instability when the ballscrew experiences 
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a fault (Jiang et al. 2010). The corresponding relative angular 

velocities are given by 

𝜔𝐵𝑆 = 
𝑉𝐵𝑆

0.5(𝑑𝑠−𝐷)
 (13) 

𝜔𝐵𝑁 =
𝑉𝐵𝑁

0.5𝑑𝑛
 (14) 

Information regarding the rotor mechanical speed,  (ωm) is 

known therefore the angular velocities were calculated using 

a detailed kinematic analysis. Wei et al. (2004) determined 

the relationship between the angular velocities, ωBS and ωBN

as  

𝜔𝐵𝑆

𝜔𝐵𝑁
=

(1+𝛿𝑐𝑜𝑠𝛼𝑛)(𝑐𝑜𝑠𝛼𝑠+𝑡𝑎𝑛𝛽𝑠𝑖𝑛𝛼𝑠)

(1−𝛿𝑐𝑜𝑠𝛼𝑠)(𝑐𝑜𝑠𝛼𝑛+𝑡𝑎𝑛𝛽𝑠𝑖𝑛𝛼𝑛)
 (15) 

β is the lead angle and δ is a relationship between ball 

diameter and screw pitch given by 

𝛿 =
𝐷

𝑑𝑠
 (16) 

The contact angles (between ball and nut, αn, and ball and 

screw, αs) are depicted in Figure 6. 

Figure 6. Ballscrew Kinematics (Ismail et al. 2016). 

In order to calculate the relative angular velocities (ωBS and 

ωBN), ball linear velocity, Vb needs to be ascertained. 

Assuming the relative slip speed between ball and nut is 

negligible, Vb can be calculated as follows (Song et al. 2005): 

𝑉𝑏 = 
𝜔𝑚(𝐷𝑠−𝐷𝑠𝑖𝑛𝛼)𝑐𝑜𝑠𝛽

2
 (17) 

Where the lead angle, β is determined from 

𝑡𝑎𝑛𝛽 =  
𝐿

𝜋𝐷
 (18) 

Given equation (17), the corresponding ball angular velocity, 

ωb is given by: 

𝜔𝑏 = 
𝑉𝑏

0.5𝑑𝑠
 (19) 

The relative angular velocity between ball and screw, ωBS 

depends on ball angular velocity, ωb and ballscrew angular 

velocity, ωm (Wei and Lin, 2004), hence 

𝜔𝐵𝑆 = (𝜔𝑚 − 𝜔𝑏)𝑐𝑜𝑠𝛼  (20) 

The relative angular velocity between ball and nut, ωBN 

depends only on the ball angular velocity, ωb (Wei and Lin, 

2004) therefore: 

𝜔𝐵𝑁 = −𝜔𝑏𝑐𝑜𝑠𝛼   (21) 

Given that ωBS and ωBN can now be calculated as a function 

of ball angular velocity, ωb, equations (20) and (21) can be 

substitued into equation (15) and rearranged to obtain 

𝜔𝐵𝑆 = 𝜔𝐵𝑁
(1+𝛿𝑐𝑜𝑠𝛼𝑛)(𝑐𝑜𝑠𝛼𝑠+𝑡𝑎𝑛𝛽𝑠𝑖𝑛𝛼𝑠)

(1−𝛿𝑐𝑜𝑠𝛼𝑠)(𝑐𝑜𝑠𝛼𝑛+𝑡𝑎𝑛𝛽𝑠𝑖𝑛𝛼𝑛)
  (22) 

𝜔𝐵𝑁 = 𝜔𝐵𝑆
(1−𝛿𝑐𝑜𝑠𝛼𝑠)(𝑐𝑜𝑠𝛼𝑛+𝑡𝑎𝑛𝛽𝑠𝑖𝑛𝛼𝑛)

(1+𝛿𝑐𝑜𝑠𝛼𝑛)(𝑐𝑜𝑠𝛼𝑠+𝑡𝑎𝑛𝛽𝑠𝑖𝑛𝛼𝑠)
  (23) 

The next step was to formulate a velocity dependent 

coefficient of friction model given the relative velocities 

between the ball and nut, and ball and screw. The Stribeck 

friction model (Bowden and Tabor, 1950) was used to 

evaluate friction between the interacting surfaces in the 

ballscrew. This was used previously by Vahid-Araghi and 

Golnaraghi (2011) for a lead screw drive system. The 

velocity depdendent  coefficient of friction is generally 

composed of: 

(a) Coulomb friction, Fc – Constant friction force

opposing motion.

(b) Viscous friction, Fv - Friction force proportional to

the sliding velocity.

(c) Stribeck friction, Fs – Occurs at low sliding

velocities and contains Coulomb and Viscous

friction components as shown in Figure 7.
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Stribeck friction

Viscous friction

Coulomb friction

FS FVFC

F

0 v

Figure 7. Velocity Dependent Coefficient of Friction. 

𝐹 = 𝐹𝑐 + 𝐹𝑠 (𝑒
−(

|𝑣𝑠|

𝑣0
)
− 1) + 𝐹𝑣|𝑣𝑠|   (24) 

where vs is the sliding velocity between interacting surfaces. 

This was treated as the relative speed between ball and nut, 

and ball and screw as described earlier in this section. v0 

controls the velocity range of the Stribeck effect.  

The overall friction is then added into the end load model, 

which is then converted back into mechanical torque. Using 

the motor torque constant, Kt, Iq current values were 

calculated to aid the friction detection analysis within the 

ballscrew using motor current. 

The procedure to calculate Iq current as a result of different 

motor demand speeds and variations in friction and 

mechanical efficiency can be summarised in the following 

steps:  

i Set motor demand speed, mechanical system 

efficiency and contact angles between ball and nut, 

and ball and screw. 

ii Calculate generated friction force after running 

simulation. 

iii Add friction force to overall EMA end load. 

iv Calculate corresponding torque due to additional 

loads. 

v Using the motor torque constant, calculate updated 

Iq current.  

2.2. Test Cases and Conditions 

Using the model described in Section 2.1, a series of 

simulations were evaluated using different variables that 

include contact angles between ball and nut, and ball and 

screw, mechanical efficiencies and demand speeds. A typical 

landing gear extension/retraction cycle for a Boeing 757 is 

required to complete in ~20 seconds (Boeing, 1994) therefore 

a cycle time of 20 seconds was used for this analysis.  

One of the primary objectives of this paper is to identify the 

onset of ballscrew jamming using a model based approach 

therefore test cases for simulation were created with respect 

to 3 states of health: Healthy, Degrading and Faulty. 

Healthy State 

Contact angles between ball and nut, and ball and screw 

typically range between 38-40° (Ninomiya and Miyaguchi, 

1998). Therefore, these values were used to represent a 

healthy condition for the ballscrew and nut.  

Mechanical efficiency is the measure of effectiveness of the 

EMA’s input power over the output, which produces the end 

force and motion. Industry standard values were used for 

ballscrew mechanical efficiency which is generally in the 

region of ~80-90% for healthy states (McNier, 2016).  

Degrading State 

Degrading states are conditions where the EMA is operable, 

but exhibits deteriorations in performance due to wear and 

build up of friction. Ballscrew and nut contact angles can vary 

upto 8% through deterioration, misalignment cases or 

incorrect selection (Xu et al. 2014). Therefore such instances 

were simulated by inducing variation in the contact angles  of 

up to 8%. 

Ballscrew mechanical efficiencies are also significantly 

lower therefore values between 35-65% were used  in this 

state. Mechanical efficiencies of 70-80% were also tested for 

such cases of variation in contact angles.  

Faulty State 

The analysis is focused on one type of EMA failure mode, 

ballscrew jamming. The onset of jamming is of interest and 

so lower mechanical efficiency values (15-35%) were 

modelled to evaluate the effect on motor current.   

The relative velocities (between ball and nut, and ball and 

screw) were set to zero to represent the jamming condition. 

Table 3 summarises the test cases and conditions that were 

simulated. 
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Table 3. Test Cases and Conditions Summary. 

State Ball – Nut and Ball 

– Screw Angle of

Contact (degrees)

Mechanical 

Efficiency 

(%) 

Healthy 38-40 70-80

Degrading 35-43 70-80

35-65

Faulted Relative velocity set 

close to 0 (onset of 

jamming) 

15-35

Simulations for each of the test cases for the different states 

were run for different motor command speeds: 500, 1500 and 

3000 RPM.  

In addition, external disturbances can occur in an EMA 

application, e.g. gust and aeroloads for a landing gear 

actuation system, which can induce uncertainty in 

ascertaining the true state of health. Therefore, instantaneous 

loads through a single cycle were modelled to replicate these 

disturbances. These loads were simulated in two ways: 

(a) Load factor (x1.2) applied at a constant level

throughout cycle.

(b) Pulse signals induced to represent load impulses

during the cycle.

Following the simulations, mean Iq motor currents were 

generated for post analysis and training for classification. A 

total of 667 Iq current datasets were generated which included 

different contact angle combinations and mechanical 

efficiencies (as shown in Table 3) as well as variations due to 

external disturbances for each of the test cases. 

2.3. Data Classification 

Classification of all the data was necessary in order to train 

and learn from the parameter readings for new data.  

The datasets were trained and classified using the k-NN 

algorithm. The k-NN classification method is an algorithm 

that stores all trained cases and classifies new cases based on 

a measure of similarity (Murphy, 2012). By this, the k-NN 

algorithm measures the distance between a new scenario 

against the already set scenarios from the generated data sets 

which would enable an approximation for classification for a 

new query. Distance measurement was calculated using the 

‘Euclidean’ distance formula (Murphy, 2012) which is given 

by: 

𝑑𝑠𝑡
2 = (𝑥𝑠 − 𝑦𝑡)(𝑥𝑠 − 𝑦𝑡)′  (25) 

The datasets generated from Section 2.2 were organised and 

trained for all the different tests conditions and cases for 

classification using mean motor current values only. This was 

tested to evaluate the robustness and accuracy for new 

queries. New queries were selected for classification 

prediction using k-NN classifier. This was achieved using the 

built-in k-NN function in Matlab, the code for which can be 

found in the Appendix.  

3. RESULTS AND DISCUSSION

This section is divided into two parts. The first shows the 

simulation results of the test cases described in Section 2.2. 

The second contains the analysis and classification of the 

trained data with new queries tested using k-NN 

classification algorithm. 

3.1. Simulation Results 

Simulations were run for three trapezoidal speed profiles – 

500, 1500 and 3000 RPM as shown in Figure 8. 

Figure 8. EMA Test Speed Profiles. 

The corresponding 3-phase currents for 500 RPM is shown 

in Figure 9.  

Figure 9. 3-Phase Currents (500 RPM). 
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As can be seen from the zoomed views in Figure 9, the motor 

starts to turn after 1 second, which corresponds to the initial 

ramp up as indicated in the speed profiles. After reaching 

steady state, the sinusoidal 3-phase alternating currents 

exhibit constant amplitudes as well as fixed width 

waveforms. The frequency was evaluated according to the 

peak to peak time period, t for a single phase current is 0.12 

seconds: 

𝑓 =
1

𝑡
=

1

0.12
= 8.333Hz 

The speed can then be calculated – 

𝜔 = 2𝜋𝑓 = 52.3599 rad/s 

Therefore, 52.3599 × 
30

𝜋
= 500 RPM  which corresponds 

correctly with the demand speed. 

Park’s transform was performed to generate the equivalent Iq 

currents. These are shown for all speeds in Figure 10. 

Figure 10. Iq Currents for All Speeds. 

These simulations were run with measurements obtained 

without factoring in the effects of EMA ballscrew efficiency 

and other losses. Simulations were run for different contact 

angles and mechanical efficiencies added to evaluate the 

effect of Iq currents. Results are shown for Healthy, 

Degrading and Faulty conditions. 

Healthy State 

Firstly, the contact angles (between ball and nut, and ball and 

screw) were varied (as specified in Table 3). The resulting 

maximum Iq currents are shown in Figure 11 for all speed 

demands with 80% mechanical system efficiency. (Each test 

case number corresponds to those listed in Table 4 where a 

summary of the results are shown.) 

Figure 11. Maximum Iq Currents Under Varying Contact 

Angles for All Speeds (Healthy States). 

Table 4. Maximum Iq Currents Under Varying Contact 

Angles for All Speeds (Healthy States). 

Test 

Case 

Demand 

Speed (RPM) 

Contact Angle 

(deg) 

Max. 

Current 

(Amps) BN BS 

1 3000 40 40 9.61 

2 3000 38 40 9.55 

3 3000 38 38 9.46 

4 1500 40 40 4.80 

5 1500 38 40 4.78 

6 1500 38 38 4.73 

7 500 40 40 1.61 

8 500 38 40 1.60 

9 500 38 38 1.58 

Figure 11 shows that more Iq current is drawn with increasing 

severity of B-N and B-S contact angles. However, the 

margins become increasingly smaller between the Iq currents 

(for respective contact angle cases) at lower speed demands. 

These cases were classified as being healthy although it could 

be challenging to diagnose against early stages of 

deterioration, especially when operating at low speeds. 

The mechanical system efficiency was changed to 70% with 

resulting maximum Iq currents shown in Figure 12. Contact 

angles for B-N and B-S at 40 degrees are also presented 
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alongside the previous results with 80% efficiency. (Each test 

case number corresponds to those listed in Table 5 where a 

summary of the results are shown.) 

Figure 12. Maximum Iq Currents Under Varying 

Mechanical System Efficiencies for All Speeds (Healthy 

States). 

Table 5. Maximum Iq Currents Under Varying Mechanical 

System Efficiencies for All Speeds (Healthy States). 

Test 

Case 

Demand 

Speed 

(RPM) 

Mechanical 

System 

Efficiency (%) 

Max. 

Current 

(Amps) 

1 3000 70 10.97 

2 3000 80 9.61 

3 1500 70 5.49 

4 1500 80 4.80 

5 500 70 1.84 

6 500 80 1.61 

As can be seen from the Iq currents in Figure 12, the variation 

in mechanical system efficiency is more noticeable for each 

set of speed profiles. 

Degrading State 

Larger contact angle offsets were introduced (as specified in 

Table 3) to represent degrading cases to further analyse the 

effect on the Iq currents. A sample of these cases are presented 

in Figure 13. (Each test case number corresponds to those 

listed in Table 6 where a summary of the results are shown.) 

Figure 13. Maximum Iq Currents Under Varying Contact 

Angles for All Speed Profiles (Degrading States). 

Table 6. Maximum Iq Currents Under Varying Contact 

Angles for All Speeds (Degrading States), 

Test Case Demand 

Speed 

(RPM) 

Contact Angle 

(deg) 

Max. 

Current 

(Amps) BN BS 

1 3000 35 43 9.84 

2 3000 43 43 9.81 

3 3000 35 35 9.67 

4 3000 43 38 9.58 

5 1500 35 43 4.92 

6 1500 43 43 4.91 

7 1500 35 35 4.84 

8 1500 43 38 4.79 

9 500 35 43 1.65 

10 500 43 43 1.64 

11 500 35 35 1.62 

12 500 43 38 1.60 

Figure 13 shows the progressive nature of the ballscrew 

degradation where Iq currents are increasing with severity of 

contact angle offsets.  

Variations in mechanical system efficiencies (for degrading 

conditions) were introduced and compared with a couple of 

examples of contact angle offsets. Table 7 shows the results 

of this where simulations were run at 3000 RPM command 

speed. 
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Table 7. Maximum Iq Currents Under Varying Mechanical 

System Efficiencies at 3000 RPM (Degrading States). 

Test 

Case 

Contact 

Angle (deg) 

Mechanical 

System 

Efficiency (%) 

Max. 

Current 

(Amps) BN BS 

1 35 43 35 22.48 

2 43 38 35 21.89 

3 35 43 55 14.31 

4 43 38 55 13.93 

5 35 43 70 11.24 

6 43 38 70 10.94 

Significantly higher current is drawn with reducing 

mechanical system efficiencies. Not only is this indicative of 

a severely degraded system, the risk of overcurrent becomes 

more probable (peak current of the PMSM rated at 28.7 A as 

specified in Table 1).  

Faulty State 

Lower values of mechanical system efficiencies were 

modelled to represent faulted states of the EMA. The results 

of which are shown in Figure 14. (Each test case number 

corresponds to those listed in Table 8 where a summary of 

the results are shown.) 

Figure 14. Maximum Iq Currents Under Varying Contact 

Angles for All Speeds with 25% Efficiency (Faulty States). 

Table 8. Maximum Iq Currents Under Varying Contact 

Angles for All Speeds (Faulty) States). 

Test Case Demand 

Speed 

(RPM) 

Contact Angle 

(deg) 

Max. 

Current 

(Amps) BN BS 

1 3000 35 35 31.55 

2 3000 43 43 31.41 

3 3000 38 38 30.27 

4 1500 35 35 15.77 

5 1500 43 43 15.71 

6 1500 38 38 15.14 

7 500 35 35 5.26 

8 500 43 43 5.23 

9 500 38 38 5.04 

More specifically, the onset of ballscrew jamming was 

modelled by reducing the relative velocities between the ball 

and nut, and ball and screw. Table 9 shows the resulting 

maximum currents of such scenarios with simulations run at 

3000 RPM demand speed. 

Table 9. Maximum Iq Currents for Reducing Relative 

Velocities Between Ball-Nut and Ball-Screw. 

Test 

Case 

Conditions Max. 

Current 

(Amps) 

1 Relative velocities close to 0 in BN 

and BS 

61.40 

2 Relative velocities close to 0 in BS 52.68 

3 Relative velocities close to 0 in BN 45.98 

Table 9 shows that significantly more Iq currents are drawn 

when relative velocities (between B-N and B-S) are set close 

to zero. More Iq current is drawn for ball-screw interaction 

especially as this is the most contentious area of friction in a 

ballscrew (Vahid-Araghi and Golnaraghi, 2011).    

Given the simulated data presented so far, further challenges 

become apparent which may lead to a misclassification of a 

health state. This can arise from data analysis of motor 

current signals where information relating to loads, operating 

speeds and quantification of system efficiency are unknown.  

A misclassification can occur during an external disturbance 

such as gust or aeroloads.  
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Table 10. Example Misclassification Between Healthy and 

Degrading Iq Currents at 500 RPM. 

Test 

Case 

Mechanical 

System 

Efficiency 

(%) 

External 

Load 

Max. 

Current 

(Amps) 

Health 

State 

1 70 Yes 2.20 Healthy 

2 65 No 1.95 Degrading 

Table 10 shows an example of where, for the same demand 

speed, a misclassification can occur where the healthy signal 

experiences a higher Iq current than the degrading one due to 

external load disturbances. 

3.2. Data Classification 

A total of 667 Iq current datasets were generated with each 

set processed to obtain mean current values (from steady state 

~ 2 to 20 seconds cycle time) for training towards data 

classification. 

The datasets were ‘supervised’ as the response to each set of 

variables are known i.e. Healthy, Degrading or Faulty. A 

sample set of mean Iq currents at 3000 RPM were plotted 

against their respective health state. The results are shown in 

Figure 15.  

Figure 15. Sample Mean Iq Currents at 3000 RPM. 

Here it can be seen that the risk of misclassification is much 

higher between healthy and degrading datasets (as can be 

seen from the region labelled 1) due to the overlap in 

observations. False results are also possible for data 

generated in the lower bounds of the faulty data and higher 

bounds of the degrading data where the observations are 

overlapping (as can be seen from the region labelled 2). 

Despite the possibility of a misclassification, the actual health 

state of the EMA can be distinguishable outside regions 1 and 

2. In particular, the onset of jamming can be predictable with

such cases highlighted as shown in the region labelled 3.

In the context of aircraft maintenance of such systems, motor 

current and speed may be the only parameters available for 

diagnosis and fault detection during scheduled checks (Isturiz 

et al. 2012). Therefore, all mean Iq currents and speeds were 

classified and plotted against their respective health state. 

The trained data is displayed in the scatter plot in Figure 16.  

Figure 16. Classification of Data Based on Iq Currents and 

Speed. 

As can be seen from Figure 16, false results are apparent as 

highlighted in the regions shown in the close ups.  

A corresponding Confusion Matrix (Figure 17) was 

generated after training the data using k-NN classification 

algorithm to show the classification accuracy of these 

datasets given the conditions. 

3 

2 

1 
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Figure 17. Confusion Matrix for Classifications with 

Knowledge of Iq Currents and Demand Speeds. 

An overall classification accuracy of 73.6% was obtained. 

The red squares highlight instances of classification 

uncertainty from the simulated datasets. As can be seen, false 

results are most prevalent in cases where there is 

misclassification in data between Healthy and Degrading, 

and Degrading and Faulty states. It can also be seen that there 

are no misclassifications between Healthy and Faulted states. 

The final step was to predict a classification (health state) 

based on the k-NN classifier for a new query. The queries to 

be evaluated were mainly based on situations where the data 

lies within a region of uncertainty of the trained 

classification. The queries to be tested are listed in Table 11. 

Table 11. Queries to be Tested. 

Query Demand Speed 

(RPM) 

Iq current (Amps) 

1 500 2.1 

2 500 2.8 

3 500 4.2 

4 1500 5.1 

5 1500 12.3 

6 1500 12.7 

7 3000 10.1 

8 3000 23 

9 1000 10 

10 1850 21 

11 2600 9 

The first set of predictions were generated based on a k-NN 

classifier with a neighbourhood size of 1. The results of this 

are presented in Table 12.   

Table 12. Predicted Classifications Using 1 NN. 

Query Demand 

Speed 

(RPM) 

Iq current 

(Amps) 

Predicted 

Classification 

(NN = 1) 

1 500 2.1 Degrading 

2 500 2.8 Degrading 

3 500 4.2 Faulted 

4 1500 5.1 Healthy 

5 1500 12.3 Faulted 

6 1500 12.7 Degrading 

7 3000 10.1 Degrading 

8 3000 23 Faulted 

9 1000 10 Degrading 

10 1850 21 Faulted 

11 2600 9 Healthy 

A classifier can be more robust with more neighbours 

(Murphy, 2012) so a new set of predictions was generated for 

the same queries with increasing neighbourhood size. The 

results of this are shown in Table 13. Classifications 

highlighted in bold indicate a change in classification through 

each change in neighbourhood size value. 
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Table 13. Predicted Classifications Using Different NN Values. 

As can be deduced from Table 13, some queries exhibited 

consistency in terms of predicted classification result i.e. 

queries 1, 2, 4, 6, 10 and 11.  

Inconsistency in predicted classification was evident for 

queries 3 and 8 in particular where ascertaining the true state 

of health was difficult given the variation in classification of 

the nearest respective neighbours. Due to the uncertainty of 

these queries, such classifications can be deemed 

inconclusive as they can give rise to false predictions.    

4. CONCLUSION

Simulated data were generated from a detailed 

Matlab/Simulink EMA model and used for data classification 

using the k-NN algorithm. The EMA was modelled for speed 

and current control with the PMSM modelled using dq axis 

transform theory, which enabled analysis using Iq currents. 

The Stribeck model was included as a means to evaluate 

friction at a local level of the ballscrew as a function of 

relative velocities between the ball and nut, and the ball and 

screw.  

The EMA model was able to detect changes to the ballscrew 

contact angles and geometry as well as variation in 

mechanical system efficiencies using Iq currents. The risk of 

misclassification was greater when simulations were run with 

external load disturbances added in. This can make it difficult 

to detect variations in contact geometry and efficiencies. 

A total of 667 datasets were generated containing mean Iq 

currents for all the different combinations of ballscrew 

contact angles, mechanical system efficiencies and demand 

speeds. The data was trained and classified using the k-NN 

algorithm. A classification accuracy of 73.6% was obtained 

using knowledge of Iq currents and demand speeds alone.  

The model could be improved by considering a tribology-

based approach to the friction analysis by evaluating contact 

pressures between the contact zones in the ballscrew. This 

can be viewed as a follow-on to the detailed kinematic 

analysis and a validation step to the velocity dependent 

friction model. It is also suggested that new queries be 

predicted from real-time data as a means to further assess the 

performance of the k-NN classifier presented. 

It is proposed that the approach can be utilised in conjunction 

with a real application or test stand data. By this, a hybrid 

approach to diagnostics could be satisfied by capturing any 

discrepancy between model based results and actual data, 

which can also help to isolate faults within the EMA 

drivetrain. 
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APPENDIX 

Matlab code to test new queries using the k-NN classifier. 

load simulateddata 
X = meas; %all motor current and speed 

data 
Y = responses %corresponding state of 

health of each simulation 
mdl = ClassificationKNN.fit(X,Y); %k-NN 

classification 
mdl.NumNeighbours = 1; %set number of

nearest neighours, default value is 1

% Predict the classification for a new

query

query1 = [500 2.2]; %example query for

500 RPM and 2.2A

query1Class= predict(mdl,query1); %class

prediction
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