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ABSTRACT Ball screw electro-mechanical actuators are commonly found in high precision motion control
applications including aerospace systems as well as automated setups for industries. These actuators perform
flight / application critical job and ball screw drives are responsible to provide precise linear motion while
carrying thrust loading. A failure in ball screw drive may disturb positioning accuracy of overall system.
At present, few techniques are available to monitor electro-mechanical actuators for aerospace and industrial
systems. This paper provides a deep learning based intelligent technique to monitor condition of ball
screw actuators. The proposed scheme utilizes modified residual learning scheme to extract features from
two-dimensional transformed motor current signals. The current signal data was collected under different
load domains in terms of magnitude and direction reversal. A 2D-Remanant-CNN (2D-Rem-CNN) model
was developed for features extraction with proposed optimized softmax for classification of mechanical
faults. The proposed technique was validated against different ball screw fault cases. The testing results
prove the superiority of 2D-Rem-CNN model against different state of the art techniques. The proposed
framework was also tested for system’s stability under different load domains.

INDEX TERMS Electro-mechanical actuators, intelligent technique, motor current signals, positioning
accuracy, residual deep learning.

I. INTRODUCTION
Linear electro-mechanical actuator (LEA) is one of the best
choices for precise motion control applications and covers
broad range of actuation requirements in manufacturing and
aerospace industries. Ball screw drive is the most critical
element in LEA. Ball screw driven actuators, in compari-
son with other linear drives, offer higher efficiency, better
positioning accuracy and less backlash problems. Different
electromechanical systems including aircraft steering and
surface control, robotic arms, feed drives etc., demand high
precision motion control. The functionality, availability and
safe working of these systems may severely affect due
to degradation in their actuators. In the case of aircraft
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control surfaces, mechanical friction (jamming) or dead-band
(backlash) of actuators may become flight critical as the case
of 261AlaskaAirline freezing stabilizer, which caused loss of
vertical control of airplane due to jack-screw excessive wear
and became the reason of plane crash [1]. Furthermore, exces-
sive backlash reduces ball screw stiffness and ultimately lead
to loss of positional accuracy. This indicates the importance
of early identification of actuator faults to avoid unexpected
failure of entire system.

Linear electro-mechanical actuators work in combination
of electric motor with necessary speed reduction gear-train
along with rack–pinion or screw–nut arrangement as shown
in Figure 1. Linear actuators comprising of ball-screw drive
have gained huge attention by researchers and industries for
automation and precision control systems. The failure and
degradation analysis in these systems has still not studied
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FIGURE 1. Schematics of ball screw electric actuator.

in detail, however critical failure modes and their effects
for ball-screw systems have been studied and available [2].
Different mechanical faults that occur more frequently and
become more severe in these systems include inadequate
lubrication, friction, mechanical backlash, structural faults
(wear, cracks, spalling) and jammed return channel.

Linear electro-mechanical actuators work in combination
of electric motor with necessary speed reduction gear-train
along with rack–pinion or screw–nut arrangement as shown
in Figure 1. Linear actuators comprising of ball-screw drive
have gained huge attention by researchers and industries for
automation and precision control systems. The failure and
degradation analysis in these systems has still not studied
in detail, however critical failure modes and their effects
for ball-screw systems have been studied and available [2].
Different mechanical faults that occur more frequently and
become more severe in these systems include inadequate
lubrication, friction, mechanical backlash, structural faults
(wear, cracks, spalling) and jammed return channel.

The increased utilization of ball-screw actuators in critical
aerospace applications needs more knowledge of possible
fault modes since these actuators have to perform critical
mission. The condition assessment of aerospace ball screw
drive is quite challenging due to complex dynamics of these
systems. Limited condition maintenance tools are available
for these systems due to variation in operating conditions,
mechanical inaccuracies and non-consistent operation. This
demands customized monitoring setup with improved sen-
sors; and therefore requires expertise in electro-mechanical
systems and their control interface. This typically becomes a
high cost solution.

Another simple approach is to fix a suitable sensor (like
force sensor) tomeasure ball-nut force. This indicates preload
loss which gives a measure of increased backlash. This
method, however, is impracticable due to high cost and
difficulty in sensors installation. Moreover, the data from
sensors inside the linear actuators are limited for servo
control purposewhich becomes a constraint to implement this
methodology for monitoring.

Apart from these limitations, a number of studies have
been done recently for electric linear actuators in automation
industries. The application of linear actuators in aerospace
sectors also carries big potential. The concept of ‘‘Fly Elec-
tric’’ considers more to all electric flight in terms of electric
powered flight along with control surfaces operation, steer-
ing nose control, and retractable landing gear; all controlled
with electro-mechanical actuators. The data monitoring sys-
tem for these actuators is being the primary concern for

researchers [3], [4]. For these systems, actuator data should
be monitored after installing in aircraft to ensure system
reliability related to acquired data [5] to be as close as com-
pared with conventional systems (hydraulics). To be specific,
ball-screw drive actuators are the most common electric actu-
ators explored in many experimental and simulation research
studies; not only in comparison to hydraulic actuators [6], [7]
as well as by installing it on actual aircrafts.

This research proposes deep learning based intelligent
technique to diagnose mechanical faults for ball-screw driven
linear electro-mechanical actuators using current signal data.
The theme of this paper is to explore data monitoring
based on significant changes in current signal features.
These remarkable signal features indicate system’s dynamic
behavior due to any noticeable change in its performance.
For improved representation of signal features and their
extraction, a 2D-Remnant Convolutional Neural Network
(2D-Rem-CNN) fault classifier is proposed that comprises
modified residual learning blocks along with two dropout and
two fully-connected layers. Finally, an optimized softmax is
applied for improved faults classification.

The contribution of our work in this paper is summarized
below:

a) Current signal data was collected for normal and fault
conditions. Different faults were induced in ball screw
drive to study their effects.

b) A data pre-processing scheme is suggested which trans-
forms 1-D current signal into 2-D gray scale image to
make use of two-dimensional features.

c) Improved domain adaptability and performance is
achieved by 2D-Rem-CNN with two Dropout and two
fully connected layers in addition to modified residual
blocks.

d) Improved multi-class boundary discrimination is
achieved using proposed optimized softmax.

e) The developed approach successfully deals with differ-
ent fault modes in ball screws.

f) The formulated scheme gives well competitive results
comparable with state of the arts.

The remaining paper is organized as follows: Section II
includes brief description of previous works. Section III gives
detail description of our proposed methodology. Section IV
provides experimentation details in including testing setup
details and description of faults cases. Section V presents the
model results followed by detailed discussion in section VI.

II. BRIEF DESCRIPTION OF RELATED WORK
Most of the techniques developed previously rely on engi-
neering modeling of actuator [8]. Health assessment of
electro-mechanical actuators using analytical and experimen-
tal methodology was considered [9]. System level analysis
and prognostics was considered for failure prevention [10]
and numerical methods were used to solve complex mod-
els [11]–[14]. These techniques were although successful,
however the limited application of these approaches due to
characteristic models and requirement of dedicated model
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developer of each system or mechanism make them inef-
fective. Other techniques utilize measurement of physical
variables like temperature or vibration using suitable sensors
to acquire and process signal data and apply some feature
extraction tools to identify fault signature [15], [16]. For
electric actuators, motor faults have been previously studied
in detail [17] and are not considered in this work.

At present, different fault diagnostic techniques are
in practice using machine learning and deep learning
approaches to identify as well as classify faults in different
mechanical systems [18], [19]. The intelligent fault identifi-
cation approachworks by collecting signal data from installed
sensors and process the signal data automatically to identify
system condition. Many research studies have been done
for different intelligent fault detection techniques. A feature
extraction technique for combined faults in rotating systems
was developed on the basis of Empirical mode decompo-
sition. Bayesian classifier was applied for intelligent fault
detection of extracted signal features [20]. Other contribu-
tions include faults classification based on nearest neigh-
bor classifier [21], [22] and vibration signals analysis using
Support vector machine [23].

Compared with machine learning techniques mentioned
above, deep learning techniques perform better results, still its
application in this area is in developing phase. Among deep
learning algorithms, Convolutional Neural Network (CNN) is
one of the most dominant classifiers especially when working
with complex features [24], [25].

There are two main concerns regarding intelligent fault
detection of mechanical systems. First, the fault signal data
collected frommechanical systems is difficult to acquire than
from normal system operation. This means for normal opera-
tion; data can easily be collected while for fault modes inad-
equate data is available. This causes imbalance distribution
of system health data which may bias the classifier towards
major health data [26]. This ultimately causes inadequate
system learning towards minor acquired data and thus gives
incorrect fault diagnosis.

Second, there are different fault diagnostic methods avail-
able but small number of ways exist to process time-based
signal data directly. Also, same classifier is used by different
methods like Back propagation neural network and Support
vector machine. Fault classifiers may also sometimes fail
for correct classification of samples due to poor domain
adaptability.

This paper deals with data monitoring of Ball screw
(LEA’s) using signal features from current data. These signal
features represent change in system dynamics due to any
impending fault. Improved features extraction and classifica-
tion is achieved using proposed 2D-Rem-CNN and optimized
softmax as explained in next section.

III. PROPOSED METHODOLOGY
Actuator mechanical faults like those stated in the last sec-
tions may disturb system operation and degrade the perfor-
mance of entire system which can be analyzed by measuring

different variables like motor current signature, motion pro-
file, vibration signals etc. For this specific precise application,
actuator needs to accelerate and decelerate continuously in
each motion cycle from one extreme to other. In different
fault modes, the measured parameter shows variation in cer-
tain features of signal data which are controlled by system
dynamics and controller behavior like signal overshoots and
other observable peaks at position or direction change etc.
Any variation in these signal features may indicate undesir-
able change in system mechanical behavior due to different
impending faults.

In this technique, time-based 1-D current signal data is
transformed in to 2-D textured image that explores cer-
tain two dimensional features from signal data and thus
time-based signal classification can be analyzed as image
feature recognition [27].

A testing setup was developed to collect signal data for nor-
mal and fault scenarios as discussed in Section IV. This gen-
erated dataset was re-shaped into 2-D image using proposed
signal to image conversion approach to identify and classify
different faults with Convolutional Neural Network (CNN)
algorithm.

A. PROPOSED 1-D TO 2-D SIGNAL CONVERSION METHOD
Various approaches have been used for signal transforma-
tions including continuous wavelet transform (CWT) [28],
Recurrence plots which transform time signal data into 2D
texture images [29], Hilbert-Huang transform [30] and com-
bination of different transforms. This paper presents an effec-
tive approach for signal data pre-processing that converts
1-D time domain raw signal data into 2-D gray image.
This approach gives an opportunity to find 2-D features
from acquired raw signal. This signal to image conversion
approach doesn’t need any preset parameter.

This signal transformation approach works by successively
filling the image pixels with time domain signal data. A ran-
dom segmented sample of length M2 is selected from time
domain signal data as shown in Figure 2. 2-D image is
obtained withM×Mpixel points by processing and ordering
samples. By normalizing signal segments from 0 to 255,
the intercepted segments of signal give the pixel values of
gray level image. 224 × 224 image size is selected deter-
mined by signal data volume. K (m); where m = 1, 2, 3. . . ,
M2 represents signal segmented values. P (m, n) where, m
= 1, 2, 3. . . , M and n = 1, 2, 3. . . , M gives pixel strength
values of generated image. The above process is defined in
mathematical notation as:

P (m, n) =
Max K − K (nM + m)
Max K −Min K

∗ 255 (1)

B. PROPOSED FEATURES EXTRACTION & CLASSIFICATION
ARCHITECTURE
1) PROPOSED 2D-REM-CNN ARCHITECTURE
Convolutional neural network (CNN) is one of the most
common solutions for effective faults identification in
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FIGURE 2. 1-D Signal to 2-D signal (image) conversion.

practice today. CNN includes multiple filtering and classi-
fication layers to extract desired features from input data
and classify it accordingly. Filtering stage constitutes con-
volutional and pooling layers. Convolutional layer contains
multiple kernels that give new feature maps when input is
convolved with convolutional kernels sensitive to specific
feature. The purpose of pooling layer is to reduce spa-
tial size without decreasing number of feature maps. The
classification stage includes fully connected layer which
is a multi-stage perceptron in which high level features
are extracted and taken as input to the output layer where
CNNmodel output is generated.Mathematically, convolution
process can be expressed as;

x l(i,j) = K l
i ∗ m

l
(
nj
)
=

W∑
j′=0

K l
i
(
j′
)
ml(j+j

′) (2)

K l
i denotes i

th kernel weights for layer l. ml
(
nj
)
represents jth

region in convolutional layer l. W gives kernel width. K l
i

(
j′
)

shows jth weight of the kernel.
The general model [32] can be expressed as:

CNN out =


P (y = 1 | x;W1, b1)
P (y = 2 | x;W2, b2)
. . .

P (y = m | x;Wm, bm)



=
1

k∑
j=1

exp (Wjx + bj)


exp (W1x + b1)
exp (W2x + b2)
. . .

exp (Wkx + bk )

 (3)

where, b is the bias neuron of each layer. More literature
details can be found in [29]–[32].

The above mentioned CNN model has been used in dif-
ferent combinations to solve problems. However more deep
networks increase computation time and create over-fitting
along with decreased network accuracy. To solve these prob-
lems, residual blocks were added by Kaiming He [25] in deep
networks as shown in Figure 3.

FIGURE 3. Original residual learning block.

The 2D-Rem-CNN architecture proposed in this paper
is inspired from residual learning block as shown above.
A much deeper network is established to identify ball screw
actuator faults for critical operating conditions by improving
network performance and learning ability. We have added
modified residual connections. Two residual connections are
added in our network. Each residual connection comprises
3× 3 convolutional layer sandwiched between convolutional
layers having size 1× 1.
To enhance classification accuracy and decreasing the

effects of high frequency noise, wide (9 × 9) size first
convolutional layer is considered. Remaining multi-layer
convolutional kernels having size 3 × 3 give better repre-
sentation of input data and makes the network deeper. Max
Pooling layer is used at the end of residual connections to
avoid over-smoothing of image data which may give error
in extracting desired features. ReLU (Rectified Linear Unit)
activation function was applied in each CNN stage to develop
non-linearity. Moreover, we have used two Dropout and two
Fully Connected layers in classification stage to improve
structure adaptability.

Mathematically, assuming Res (x) representing residual
learning function, the output O(res) of residual blocks can be
given by,

O (res) = fr (W1.x + Ores1 + m (x)+W2 + Ores2)

= fr
(
W1.x+Ores1+ m (x)+W1.O′res1+ b2 + m (x)

)
(4)

where, fr is the non-linear ReLU activation function, Ores1 is
the output signal feature of first residual block obtained by
sliding convolutional kernel size 3 × 3 with selected signal
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stride. The output of first residual block was added to the
identity mapping m(x) and passed through the ReLU activa-
tion function.

The second filter layer weight W2 was obtained by output
of first layer O′res1 to obtain final output of residual structure.
The general architecture of proposed residual block is shown
in Figure 4.

FIGURE 4. Residual block architecture for proposed network.

For output signal feature x, where x ∈ {x1, x2. . . xk};
k being signal length, the data series x moves in the neu-
ral network without deterioration and learns residual func-
tion Res(x) more easily, providing better learning of CNN
and improves system performance. This composition of
CNN structure becomes deeper than CNNmodels previously
existed. The remaining architecture is same as general CNN
structure.

C. PROPOSED SOFTMAX CLASSIFICATION
Softmax regression is widely employed for multi-class faults
classification [35], [36] as it assures better performance
and classification results with improved computational accu-
racy [33]. However, traditional Softmax loss is not capable for
effective features classification due to biased sample distri-
bution leading to misclassification. Furthermore, overfitting
and noise problems also degrade performance classification.
To overcome these problems, various improvements in Soft-
max classification have been proposed; for instance, Large
margin (LM) softmax loss [37], Additive margin (AM) soft-
max loss [38] and Adaptive softmax [39].

For multi-class problems, softmax regression is utilized
to evaluate the fault probabilities as mentioned in
Equation 3 described earlier. Class 1 probability label will
be assigned for p1 > p2; class 2 for p2 > p1. The decision
boundary can be given by, (W1 − W2)x + b1−b2 = 0;
whereas, the classification results will be WT

1x + b1; WT
1x

+ b1. After weights normalization and zero biases with angu-
lar parameters, the classification results can be represented
by, p1 = ||x||cosθ1; p2 = ||x||cosθ2. It can be seen that both
prediction labels share same feature x and result classification
depends on angles θ1 and θ2 only. Moreover, for multi-class

problems, above binary class case can be generalized. The
improved softmax loss converge k th class features to smaller
cosine angle in comparison to others whichmakes it a reliable
parameter [37].

The traditional softmax loss is given by,

SLOrig =
1
N

∑
i
Li (5)

Li = − log

(
efyi∑
j e
fyj

)
1
N

(6)

where, N shows training samples and fj shows jth element
from [1, K] fault class of score vector f which is generally
output of FC layer. This gives fj =WT

j xi+bj. After the addi-
tion of angular boundaries with other improvements, we get
modified softmax loss as given below,

SLMod =
1
N

∑
i

− log

 e||xi||cosθyi,i∑
j
e||xi||cosθyi,i

 (7)

The angular boundary parameters as given above with
modified softmax loss successfully learn features, still these
features show indiscrimination. The decision boundaries can
be further manipulated by adding some marginal parame-
ters that will improve discrimination ability. This can be
achieved by introducing suitable scaling factor with angu-
lar parameter ‘‘θ’’ which will boost classification ability by
expanding angular margin. This scaling factor will improve
classification in a balanced way.

The modified softmax loss for class 1 fault label requires
cosθ1 > cosθ2 for accurate classification. By introducing
scaling factor cos (2

√
b θ1) −

√
b > cosθ2 where b is an

integral value greater than 3 gives more precise classification
decision since it assures cosθ1 >cosθ2 in all cases. Formulat-
ing this concept in Equation 7 gives,

SLOpt

=
1
N

∑
i

− log

 e||xi||cos(2
√
bθyi−

√
b),i

e||xi||cos(2
√
bθyi−

√
b),i
+
∑
j6=yi

e||xi||cos(2
√
bθyi−

√
b),i


(8)

The above composition gives optimized angular margins
and follows separate decision boundary specific for each
class.

A schematic of 2D-Rem-CNN architecture is shown in
Figure 5.

D. PROPOSED FRAMEWORK
A basic outline for our proposed framework is shown in
Figure 6. The flowchart gives the sequence of actions for
classification of faults in ball-screw drive as summarized
below.
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FIGURE 5. 2D-Rem-CNN architecture with coupled residual connection and Dropout & FC layers.

FIGURE 6. Proposed framework outline.

a) Measure ball screw current signal data for no-fault and
different fault conditions to define signal patterns for
each case.

b) Perform 1-D signal to 2-D gray image transformation
using proposed technique. Split the data into training
and testing data set.

c) Develop 2D-Rem-CNN and execute feature learning in
successive layers.

d) Execute fault classification using optimized Softmax
classifier to verify the proposed model.

IV. EXPERIMENTATION
The performance of proposed algorithm was evaluated on
developed instrumented setup. The testing setupwas based on
ball screw drive mechanism where ball screw shaft provides
necessary channel for ball bearings retained inside suiting
nut. A number of distinctive faults were induced in ball screw
drive under varying loading conditions to consider the effect

of these faults on measured system parameters as well as to
analyze the acquired signal for detection of faults.

A. EXPERIMENTAL TESTING SETUP DETAILS
The experimental setup was designed and built using avail-
able mechanical components including precision rolled
miniature recirculation ball-screw drive (that consists of
ball-screw threaded shaft fitted with ball-nut). Ball-nut was
provided with threaded collar for attachment in assembly.
Other components include motor with necessary gear train
along with position feedback device, bearings and linear
miniature guides etc.

The mechanical components along with structural parts
were assembled on a base structure made of aluminum. The
testing setup was also equipped with multiple sensors for data
acquisition and control purpose. The bandwidth, repeatability
and resolution of sensors should be well analyzed for sat-
isfactory data acquisition. Linear current sensor with rated
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FIGURE 7. Experimental test setup to simulate faults.

sensitivity of 32.7 mV @ 12V DC, Linear transducer hav-
ing linearity error 0.05 % and resistance of ± 20 % and a
tension-compression load cell having 0.02 % error of rated
output were also integrated for data monitoring purpose.

The developed testing setup was able provide 100mm
linear travel (both directions) with load capacity of 1000N
(positive and negative). Figure 7 illustrates some details of
experimental setup with integrated sensors and ball screw.

B. FAULT CASES
In the first phase, the testing setup was operated free of
induced faults to get significant information and observe nor-
mal system behavior under varying motion and load profiles.
This data was used as reference data with acceptable mechan-
ical behavior. In the second phase, a number of different
faults were induced in different areas of the system and was
run to collect significant signal data. This data was used to
examine health of actuator damaged due to these faults and to
evaluate the performance of developed monitoring technique.
The faults were selected based on high criticality and repeti-
tive nature obtained from previous history and literature. The
faults induced and tested include the following.

→ Mechanical friction (Inadequate lubrication) fault,
developed by slowly ceasing the amount of lubricant
and pressing firmly the ball nut seals (as shown in
Figure 8).

→ Mechanical backlash fault, developed by substituting
original recirculating balls with undersize balls of dif-
ferent sizes (as shown in Figure 9).

→ Fatigue (pitting or flaking) fault, developed by splitting
of material surface (having varying sizes) from ball
screw and balls (as shown in Figure 10).

Ball screw drive takes sufficient time to undergo natural
failure, so the aforementioned faults were gradually induced
in the system to understand the system behavior and capabil-
ity to diagnose faults as well as to analyze the extracted signal
data (features).

FIGURE 8. Mechanical friction by tightening ball nut seals.

FIGURE 9. Mechanical backlash fault by changing recirculating balls size.

In case of adequate lubrication fault, initially the lubricant
inside ball nut was removed using suitable degreaser. The
signal data was observed before and after removing grease.
Due to the characteristic low friction of ball screw drive,
no considerable signal changes were found. To increase the
fault (friction) intensity, end sealing locks of ball nut were
pressed tightly (Figure 8). The backlash fault was developed
by replacing original (designed) size balls with smaller one.
In this case original size was 3mm diameter, which was
changed to 2.8mm, 2.6mm and 2.4mm (Figure 9). The fatigue
fault was simulated in a number of phases initiating with a
small surface defect of less than 1mm on ball screw channel
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FIGURE 10. Fatigue fault phases.

in first phase (Figure 10). In the second phase, the fault was
propagated by increasing size of spall up to 2mm, 3.5mm
and 5mm successively on single channel. In the third phase,
adjacent channels were also affected with 3.5mm and 5mm
surface defects. In the last phase, the walls between adjacent
channels were gradually washed away (Figure 10).

The testing was carried out for different load conditions
to assess the capability of developed technique. The motion
profile was tested with 80mm linear travel (1 complete cycle)
which was completed in 6sec with 1sec waiting time at
position change. Three load scenarios were tested i.e. 600N,
750N & -750N. The tests were performed for both fault and
no-fault (normal) conditions. The test setup was run initially
for 20 minutes to reach steady behavior of the system (nor-
malize temperature effects inside motor and ball nut) before
data acquisition.

C. DATASET DETAILS
1) CURRENT SIGNAL DATA SET
The current signal dataset for different fault modes was
collected using above experimentation. To achieve better per-
formance [34] and higher feature extraction accuracy of deep
learning networks, data augmentation is performed. Data
augmentation increases number of data samples and improves
CNN generalization [34]. A large number of training data is
obtained by segmenting samples with signal overlap to extend
original data as shown previously in Figure 2. The signal data
with 50000 points can generate 120 samples which becomes
960 training samples with shift length of 400.

The testing setup also simulates three types of fault cases
under different loading. A total of 4 cases i.e. no-fault,
mechanical friction, mechanical backlash and fatigue was
considered for data collection. Dataset for these four cases
was generated under different fault categories. The descrip-
tion of experimental data set is shown in Table 1 below. The
fault modes are represented by FR for friction, B for backlash,
F for fatigue and NF for no fault. The severity of faults is in

TABLE 1. Dataset description for proposed framework.

the range of 1 – 3 where 1 is less severe 2 more severe and
3 being most severe. Fatigue fault is considered in four phases
as per details mentioned in section IV-B.

The signal data was sampled at 50176 sampling points
which was processed by 1-D to 2-D signal conversionmethod
as proposed in section III-A to generate 224×224 gray image.
2-D converted gray images for different fault cases are shown
in Figure 11. The variation in gray image textures for different
fault cases can be easily seen from these images.

FIGURE 11. 2-D Gray Images for different fault cases.

2) PADERBORN PUBLISHED BEARING DATASET
The developed model was also evaluated on available pader-
born published datasets that comprise multi-stage bearings
data. This include data from healthy as well as damaged
bearings with real and artificial inner race and outer race
damages with low (1), medium (2) and high (3) intensities.
For comparison, 6203 type bearing is considered here. Artifi-
cial faults were generated using Electric discharge machining
(EDM), electric Engraving (E) and Drilling (D) etc. Real
damages include fatigue (f) and plastic (p) deformations. The
dataset details for normal and artificial bearing faults are
shown in Table 2 and Table 3. HereKA shows bearing number
with outer ring damage, KI shows bearing number with inner
ring damage, IR represents damaged inner race bearing and
OR shows outer race fault. D and E shows drilling faults
and engraved faults respectively. For comparison purpose,
K001 and K002 data was selected as testing dataset and
remaining as training data.
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TABLE 2. Paderborn dataset description for artificial faults.

TABLE 3. Paderborn dataset description for real faults.

D. IMPLEMENTATION DETAILS
The 2D-Rem-CNN was implemented in Python TensorFlow
using windows operated desktop system Intel core i7 with
12 GB memory on GTX1070 GPU. The CNN training was
performed with stochastic gradient descent (SGD) since good
convergence was not achieved mini-batch SGD. The net-
work was trained with 150 epochs. Other parameters include
momentum of 0.8 along with 0.2 dropout rate and decaying
learning rate of 0.002 reduce to half after every 100 iterations.
The experimentation was carried out on 2-D transformed
signal images.

The dataset was divided into training data and testing
(including validation) data. The network was trained after
data augmentation using large number of training samples
to improve model performance and avoid data over-fitting.
Initially, the weights of network model were generated ran-
domly. Random testing samples with varying sample size
were selected from testing dataset to observe its effect on
model performance.

E. PERFORMANCE FACTORS
To evaluate the performance of our system, we have con-
sidered two performance indicators: Accuracy and Precision.

Accuracy is a comprehensive measure of classification per-
formance of system. It can be defined mathematically as;

Acc =
TP + TN

TP + TN + FP + FN
(9)

where, TP and FP are true positive and false positive, TN and
FN true negative and false negative samples. True positive
includes positive samples which are classified correctly and
true negative means negative samples which are classified
correctly. Similar description for false positive and false neg-
ative applies.

Precision indicates the proportion of correct classified
sample outcomes. Mathematically precision is defined as;

Prec =
TP

TP + FP
(10)

V. RESULTS
The proposed network was trained with 150 epochs to
learn no-fault and faulty features. 2D-Rem-CNN model was
trained to learn automatically, features from training dataset
samples for each condition. The trained model was then
validated and tested. Figure 12 below shows the curves for
training and testing accuracy along with precision results.
The trainedmodel converges after finite iterations. Themodel
successfully learnt features from data with nearly 99 percent
accuracy rate. The average precision of each fault was found
as 96 percent. The results indicate that developed 2D-Rem-
CNN model is very efficient to learn features from 2D signal
images to classify ball-screw drive faults for 150 epochs
accordingly.

A. COMPARISON WITH MAINSTREAM TECHNIQUES
To validate the performance of 2D-Rem-CNN, the model
was compared with some existing state of the art deep
learning techniques and their performance attributes were
compared. Other techniques used for comparison include
Support Vector Machine (SVM) trained with raw signal data
using time-domain feature parameters [21] and LeNet [40].
The achieved results are shown in Table 4. It can be
noticed that the proposed residual connection network with
other additional improvements outperformed different tech-
niques. SVM and LeNet show low accuracy 81% and
88% respectively. However, the proposed technique shows
higher accuracy of above 98%. The higher performance out-
come of this framework shows superiority of the proposed
methodology.

TABLE 4. Performance comparison with other techniques.
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FIGURE 12. (a) Accuracy and (b) precision of 2D-Rem-CNN Model.

B. CONFUSION MATRIX
For the testing dataset, confusion matrix was calculated using
trained model. Looking at the confusion matrix in Figure 13,
it can be visualized that the network perfectly identifies

FIGURE 13. Confusion Matrix for ball-screw faults classification.

no-fault state with 100% accuracy. Furthermore, dead-band
(friction) and mechanical backlash faults are classified with
higher accuracy rate than with fatigue fault. In general,
fatigue fault being complex in nature, is the most difficult one
to classify and there is a chance that it can be confused with
other fault modes. This may be due to complex fault nature or
insufficient feature information for the said fault. There may
also a chance that the system doesn’t identify fatigue fault
samples from other fault data.

C. MODEL VALIDATION WITH PADERBORN PUBLIC
BEARING DATASET
2D-Rem-CNN model was trained and tested with Paderborn
public bearing dataset. The same was used byWang et al [41]
to validate their developed fault diagnostic multi-scale net-
work (MSN). The results are compared in Figure 14. It can be
seen that the training and testing data accuracies for 2D-Rem-
CNN with optimized softmax are higher than Multi-scale
neural network for same dataset. Moreover, it was observed
that OR faults were more accurately classified than with IR
damages. Additionally, training and testing data classification
for real faults has shown better performance than with artifi-
cially induced faults.

FIGURE 14. Comparison of 2D-Rem-CNN with MSN model.

VI. DISCUSSIONS
The proposed model has shown higher accuracy and effective
feature extraction for desired fault classification requirement.
Some of the characteristic aspects of the proposed framework
are discussed below.

A. SUPERIORITY OF PROPOSED RESIDUAL NETWORK
Residual connections improve network accuracy and train-
ing speed by identity mapping of input data. Two residual
connections, each comprising of 3× 3 convolutional layer in
between two 1× 1 convolutional layers are added in the net-
work. The stacked residual blocks minimize the difficulties
of deep network training with improved performance. The
model performance with and without residual connections
was compared. The training and testing data accuracies were
measured for the two models and shown in Figure 15. It can
be observed from these results that the training data accuracy
has increased by 6% average value with the addition of
residual blocks. This indicates improved learning rate of the
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FIGURE 15. (a) Training and (b) Testing Accuracy Plots with and without
proposed residual learning.

proposed network. More important outcome is the improve-
ment of testing data accuracy which has increased by average
of 8%. This means that network gives better performance
with residual learning scheme by minimizing degradation
issues. It is also noticeable that the testing data accuracy
converges rapidly with residual network, which indicates that
the system has improved generalization and gives effective
fault classification especially with high level features. This
demonstrates that residual learning has improved training
difficulty problems of CNN model and gives better option
than other feasible solutions.

B. EFFECTIVENESS OF ADDITIONAL DROPOUT & FC LAYER
The effectiveness of proposed scheme was also compared
using with and without additional Dropout and FC layer.

The experiments were performed in 3 phases; first with
additional FC layer only, second with additional Dropout
layer only and third with both additional FC and Dropout
layers. Results are mentioned in Figure 16. The network
training results are shown at 600N load, 750N and -750N.
It can be seen that the accuracy plot converges rapidly
with additional FC layer than with additional dropout layer.

FIGURE 16. Accuracy under Different Loads (a) 600 N, (b) 750 N and
(c) −750 N.

However, classification accuracy is low, which was improved
using additional Dropout layer in combination with addi-
tional FC layer. The overall results confirm the superiority
of proposed architecture in terms of classification accuracy,
when compared with other models.

C. NETWORK ENDURANCE TEST UNDER DIFFERENT
LOADS
The effectiveness of system’s stability to endure load varia-
tions was evaluated by comparing testing time for multiple
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FIGURE 17. Network Endurance Test Results under Load Variations
(a) 300 N, (b) 600 N, (c) 750 N, (d) −300 N, (e) −600 N, (f) −750 N.

FIGURE 17. (Continued.) Network Endurance Test Results under Load
Variations (a) 300 N, (b) 600 N, (c) 750 N, (d) −300 N, (e) −600 N,
(f) −750 N.

experiments with changing loads on actuator’s end attach-
ment. This becomes very important for practical engineer-
ing approach. Since the actuator is linear, load was applied
in terms of force (N). A series of 24 experiments were
performed for six load cases (300N, 600N, 750N, −300N,
−600N, −750N). The rated force capacity of actuator is
600N and peak force that it can sustain is 750N. Reversal
loads were also applied for adaptive performance evaluation
for different load domains. The loads were repeated con-
secutively, so each load was applied for four times sequen-
tially. This gives network response to classify faults correctly
and at constant time under variable load. The testing accu-
racy curves are shown in Figure 17. It can be seen that
the model retains accuracy level in all repeated experiments
with approximate variance of ±0.0025. This indicates that
the proposed model endures good load stability with same
testing time. The average classification time was found to
be 0.9 milli-seconds for each test sample which is acceptable
for practical engineering systems. This signifies the suit-
ability of utilizing the proposed method for real-time data
monitoring and faults classification.

D. PERFORMANCE OF OPTIMIZED SOFTMAX
The addition of proposed marginal parameter greatly
improves multi-class discrimination and promotes distinct
separability between different classes. The angle between
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FIGURE 18. 2-D features visualization (a) Original Softmax loss
(b) Optimized Softmax loss.

Wyi and xi is desired to be at minimal than correspond-
ing angle with remaining weights. Large gradients minimize
variance between multiple classes which is attained by mar-
gins existence thus achieving optimization target. The per-
formance of optimized softmax was analyzed by comparing
intra-class variance for softmax loss using trained features.
Figure 18 depicts low variance for optimized softmax loss
observed by narrow lobes of spectrum. It can also be seen
that feature magnitudes for softmax loss are high as com-
pared to optimized softmax loss (110 magnitude as compared
to 30). This is because high probability classification requires
large feature norms. However, optimized softmax loss is not
affected by feature norms since each feature is initially nor-
malized before computing loss. This promotes same class fea-
tures come to close locality and distinct features move away
in the normalized space. The experiments have shown that our
optimized softmax approach gives 2-3% higher performance
with 8-10% reduction in error when compared with original
softmax.

VII. CONCLUSION
This paper provides an efficient monitoring approach for
linear electro-mechanical actuators based on improved deep

residual learning. Themain contribution of this work includes
application of current measurements to detect and classify
critical fault modes for ball screw actuators. The effectiveness
of proposed scheme was verified by simulating different
faults in ball screw system. By utilizing residual learning
and additional dropout and Fc layers, the network capabil-
ity to extract typical current signal features was improved.
The developed 2D-Rem-CNN model not only extracts char-
acteristic features from dataset more effectively; but also
works more systematically with optimized softmax for classi-
fication of faults including mechanical friction, backlash and
fatigue failure with different severity levels under different
load domains. The classification results indicate superior
performance of proposed algorithm in terms of accuracy and
endurance for load variations. The model was also tested
with Paderborn public bearing dataset which validated its
performance.

This work can be extended, in future, to explore other fail-
ure scenarios in combination to these faults for training and
testing of developed network. The failure of other mechanical
components in the actuator can also affect the performance of
ball screws; so, a current signal pattern for combined faults
will be more helpful to predict actual condition of actuator.
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