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Abstract
Planetary gear trains (PGTs) are widely used in many industrial applications from wind turbines to automobile trans-

missions due to their high power-to-weight ratio. Since PGT can be subjected to faults and prone to failure over time, a

non-intrusive method of monitoring the condition of PGT is required. Vibration-based machine learning algorithms are

mostly used in fault diagnosis and classification in PGT, but due to the epicyclic motion of gears, vibration signals from

one gear can get neutralized or amplified by signals from another gear. In addition, identification of smaller cracks in the

sun gear can be challenging when using vibration-based fault diagnosis alone due to cancelation effects from the planet

pinions. In this paper, epicyclic drivetrain of a Chevy Volt hybrid car is considered to study two scenarios: (1) detecting

microcracks (0.02 mm) and (2) identifying faults in sun gear while its signal is affected by cracks at the planetary gears.

Four different cases: a healthy PGT, PGT with a sun crack, PGT with a planet crack, and a PGT with a sun and a planet

crack, were considered and simulated using the MSC ADAMS software. The joint forces at the exterior ring gear were

extracted, and a Blackman function was applied to conversion to frequency-domain values. Each of the frequency-domain

amplitude values was converted to pixel values in a grayscale image, and the generated images were fed into a convo-

lutional neural network (CNN) to train, validate, and test the datasets. The results indicated that the proposed grayscale 2D

CNN algorithm has an accuracy of 92% for the test set.
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1 Introduction

Planetary gear trains (PGTs) are widely used in many

applications ranging from wind turbines, automobile

transmissions to miniature applications such as electric

screwdrivers [1, 2]. The primary advantages of using PGTs

are their high power-to-weight ratio, high transmission

ratio, and self-centering capability compared to other types

of transmissions [1, 3, 4]. Despite their advantages and use

in a wide array of industrial applications, just like any other

types of transmission, they also have the potential to have

faults and prone to failure. Therefore, a non-destructive

testing method for condition monitoring of planetary gear

systems has become increasingly important. However, due

to the complex design of the PGT relative to other kinds of

transmissions, fault detection has become a challenging

task.

Several authors have done experimental research that

uses a combination of vibration extraction and machine

learning algorithms to detect faults in planetary gears

[4–8]. In Source [4], an instantaneous angular speed of the

gears was used to detect gear faults focusing more on gear

dynamics rather than mesh frequencies to detect gear

defects. In the research work by Guo et al. [6], a technique

of using vibration separation, order tracking, and resonance

demodulation is used since planetary gear systems have a

time-varying vibration transmission path. Source [7]

employs a generally similar method of fault detection using
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fast Fourier transform and support vector machine to

identify and classify faults. In Source [8], linear discrimi-

nant analysis (LDA) is used to detect and classify faults in

planet gears with baseline, slight, moderate, and severe

damage levels. These intelligent condition monitoring

algorithms have applied vibration separation techniques

and both supervised and unsupervised machine learning

algorithms and have classified conditions of the gears, such

as healthy gears, worn/chipped gears, and broken tooth

gears [7–11]. While vibration separation is a quite common

method used to detect anomalies within gear trains, there

are other potential issues that arise by using them in PGTs.

One potential issue faced with vibration separation tech-

niques of PGTs is that smaller defects such as cracks tend

to go potentially undetected [12, 13] due to noise con-

tamination [14]. Most often, the vibration signals are

acquired using vibrations channels at the gear housing, and

due to the epicyclic motion of the planet gears, the sun gear

vibrations are typically neutralized or amplified by the

planetary vibrations. This can cause the potential faults,

especially smaller defects such as cracks, to be hidden

during vibration extraction methods. In Source [12], it

mentions a case of fault detection of military helicopters

using vibration separation methods where planet and ring

gear cracks were discernible, while sun gears crack was

not. Other fault detection techniques have made progress in

extracting and classifying faults in PGTs using vibration

analysis, but not all of them were very efficient. Condition

monitoring using vibration-based techniques tends to have

issues, such as noise contamination, contact measurement

challenges, and high computation costs [14].

Several studies were conducted to understand potential,

non-vibration-based fault extraction methods. Research has

been done using ultrasound inspection techniques and

infrared sensors in detecting defects in stationary objects

[15, 16], such as concrete structures and manufactured

parts, and some research exists on using them on rotating

machinery [17]. These non-vibration-based methods are

mostly non-in-process inspection techniques that require

the PGT system to be disassembled for post-process

inspection. In contrast, the vibration-based methods

including the present work are intended for detecting faults

in real time during the regular operation of PGT.

Planetary gear train health monitoring analysis has been

applied to actual helicopter planetary gearbox with an

integrated framework for onboard fault diagnosis and

failure prognosis [10]. The experiments were able to detect

a seeded fault crack in the helicopter gearbox test cell. The

algorithm detected cracks with minimum false alarms.

Khawaja et al. proposed a least square support vector

machine (LS-SVM) unsupervised learning algorithm that

used baseline data from a Blackhawk aircraft’s healthy

system [11]. Using the baseline data, it was successfully

able to detect a crack on a Blackhawk’s planetary gear

plate by training on its own. The proposed LS-SVM

method could be easily used in real-time fault diagnosis

[18].

Vibration separation in planetary transmissions still has

its own drawbacks on most of the existing fault diagnosis

methods. For instance, due to the rotation of the planets

around the sun gear, the signal obtained from the sun gear

can be either neutralized or amplified giving a false diag-

nosis or neglecting a diagnosis [12, 13]. Experiments on

vibration extraction from PGTs reveal that smaller faults

such as cracks on the sun gears tend to go unnoticed during

vibration extraction and appear to almost have vibration

signals of healthy PGTs [12, 13, 19]. Lewicki et al. in their

research demonstrated that planet gear spills and tooth

cracks were detectable from vibration separation methods,

but sun gear cracks were not discernible [12]. To address

the issue of such noise contamination of having multiple

gears rotating a common concentric axis, a new fault

detection method needs to be explored that can be added to

current vibration extraction methods.

Recently, convolutional neural network algorithms have

shown a huge prominence in fault classification in gear

train systems, both fixed-axis and planetary gear systems

[14, 20–35]. Research articles [20, 22] discuss using CNN

and vibration image-based methods for fault classification

applications in gearboxes, while [21] discusses one-di-

mensional CNN (1D CNN) for vibration-based damage

detection. Articles [24–30] shed light on using deep con-

volutional neural networks (1D and 2D) for gearbox and

other structural damage detection by employing methods,

such as feature learning, transfer learning, wavelet trans-

form, and adaptive separation, to identify faults prior to

feeding the data to the CNN algorithm. While these CNN-

based techniques have detected faults with over 90%

accuracy, the data pre-processing used to extract damage

features involves complex multi-step processes. It is crucial

that a simpler convenient method should be employed by

using CNN, so that the present work offers a simpler pre-

processing technique that facilitates the use of CNN.

CNN is highly effective as it is a deep learning model

that has multiple hidden layers and has many advantages,

such as high fault tolerance, strong self-adaptability, high

self-learning capability, and transferring features layer by

layer [20, 36]. The basic structure of CNN [36] is shown in

Fig. 1 and typically consists of a convolution layer, pooling

layer, full connection layer, and classifier layer.

In the convolution layer, there are a set of convolutional

kernels that are typically convoluted with an input feature

matrix [36]. A convolution feature map is generated as a

result which is normally formed by a nonlinear activation

function and bias. The pooling layer is used to reduce the

dimension of the convolution feature map and generates a
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pooling feature map. Depending on the problem, pooling

computation method can be maximum pooling, average

pooling, and random pooling. Maximum pooling takes the

maximum value within a pooling window, average pooling

takes the average value within a window, and random

pooling picks a random value in a window to generate a

reduced-dimension pooling map. The full connection layer

has the result as a 1D vector. The classifier layer is the final

layer, and it has two functions. First, during the training

stage of the CNN, it provides labels of the training data and

calculates the training error. Training error is reduced by

adjusting the gradient descent and reverse propagation

[36]. Secondly, during the testing stage of the CNN it

calculates the output probability of testing samples. Soft-

Max and logistic methods, which are explained in Sect. 3,

are the most common activation functions used in neural

networks.

Traditional methods perform feature extraction and fault

classification separately, to reduce that into a single

framework. Multiscale convolutional neural network

(MSCNN) that performs feature extraction and classifica-

tion simultaneously on a wind turbine gearbox is studied

[37]. MSCNN incorporates its multiscale learning into a

conventional CNN model and provides two main advan-

tages. First, it uses a hierarchical structure of multiple pairs

of convolution and pooling layers to learn high-level fault

features. Secondly, the multiscale portion of the proposed

method can capture rich diagnosis information at different

scales. This method aimed to directly learn fault features

from the raw vibration signals, and testing on a wind tur-

bine gearbox test rig proved that MSCNN had performed

better than the traditional CNN.

Another CNN-based method is studied by Li et al.,

which performs a K-singular value decomposition (K-

SVD) technique to enhance the resolution of a time–fre-

quency distribution data obtained from a planetary gearbox

and used a Wigner–Ville distribution (WVD) algorithm as

a time–frequency transformation algorithm [38]. K-SVD

has shown to greatly eliminate noise which clearly distin-

guished the fault characteristics, and the enhanced WVD

improved fault diagnosis in the classification portion on the

CNN model. A dual-tree complex wavelet transform

(DTCWT) and a CNN model are used to acquire a

multiscale signal’s feature and automatically recognize

fault features, respectively [39]. Due to the use of CNN, no

prior knowledge of the data is required for feature learning.

Experimental verification proved that this proposed model

improved the fault classification accuracy of the model.

Wu et al. in their research paper discuss a one-dimen-

sional convolutional neural network (1D CNN) to detect

faults in rotating machinery [30]. This method solved the

problem of fault diagnostics and classification by applying

the 1D CNN and directly learning features from the raw

vibration signals. The proposed method was validated

experimentally using a PHM (Prognostics and Health

Management) 2009 gearbox challenge data and a planetary

gearbox test rig, and it was proven that compared to other

method the 1D CNN had a higher classification accuracy of

99.3% for both experimental cases.

Detection of planet bearing faults in planetary gear

trains using CNN has been studied by Zhao et al. in their

research [32]. They proposed a synchrosqueezing trans-

form (SST) combined with a deep convolution neural

network (DCNN) method. This technique was known to

automatically detect planet bearing faults without the need

to manually capture fault characteristic frequencies from

the spectrum and avoid any false or missed diagnostics.

The aforesaid scholarly articles offer complex pre-pro-

cessing steps for detecting relatively larger gear train

cracks. In this study, we aim to detect microcracks in

planetary gear trains for several fault conditions including a

sun microcrack, a planet microcrack, and multi-gear (sun

and planet) cracks and address the issue of noise cancela-

tion of sun faults by planet faults. A software simulation of

a PGT shall be carried out for each of the healthy and

faulty conditions. The vibration data extracted from the

ring gear casing for each condition will be denoised using a

wavelet denoising function and converted into vibration

images to be fed into a 2D CNN algorithm. In comparison

with other literature works, this paper minimizes the steps

required to denoise and classify faults with the use of a 2D

CNN image classification algorithm. Additionally, no

research has been documented on the planetary gear crack

detection that involves miniature cracks of around 20 lm.

The subsequent sections shall explain the research work in

much greater detail.

Fig. 1 Basic structure of a

convolutional neural network

model
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2 Methodology

The methodology involves two parts: (1) a simulation of

the fault conditions using CAD software and converting

signals into grayscale images and (2) feeding the images

into a 2D convolutional neural network machine learning

algorithm. The application chosen for our analysis is based

on the electric hybrid vehicle PGT system for a Chevy Volt

automobile [40]. This drivetrain is a single-stage PGT

system with one sun gear, one ring gear, and a carrier with

three planet pinions. The configuration consists of an

engine and a motor driving the ring gear, a second motor

driving the sun gear, and the carrier connected to an output

shaft driving the wheels through a final drive ratio as

shown in Fig. 2.

In the study, the ring gear was fixed to the ground, the

sun acts as the input, and the planet carrier is the output.

Using the Chevy Volts configuration, an attempt is made to

study the PGT performance using the input parameters in

the full-electric conditions. That means the MG2 electric

motor shall be driving the input sun gear to achieve an

output at the carrier. MG1 and the engine are disengaged.

The final drive ratio is ignored since we are only interested

in health monitoring inside the PGT system. The input

parameters for the MG2 motor are 9500 RPM of maximum

speed and 370 Nm of maximum torque.

Vibration data from the PGT were acquired and

extracted using fast Fourier transform (FFT) as it can iso-

late individual vibration components. The amplitude in the

frequency domain after the FFT is applied is converted into

pixel values that can be inputted into an image. These

pixels values were converted into a grayscale image of

fixed dimensions (N x N), and a CNN algorithm was used

to train and test the data (Fig. 3).

For this research, 0.02 mm cracks on the sun gear have

been considered. Such micro-sized cracks may act as a

stress riser to initiate crack propagation due to cyclic

loading, stress corrosion cracking, thermomechanical

stress, and UV exposure and can propagate and cause

catastrophic failure [41, 42]. Such microcracks have also

shown to cause a mechanism called capacity fading in

lithium-ion batteries in electric vehicles which undermine

the mechanical integrity of cathode particles after causing

structural damage [42].

To study vibration effects in planetary gear trains, an

online CAD model that was used in an automotive appli-

cation was imported into the MSC ADAMS software. In

this CAD model, there are three planet pinions, a sun gear,

a ring gear, a carrier, and a shaft connected to the sun gear

as shown in Fig. 4. Since most gears are made from cast

iron, it was decided to apply that material to each of the

components of the PGT. Figure 4 shows the PGT model in

MSC ADAMS.

MSC ADAMS has materials predefined in the software

and cast iron selected in this case, which has the following

material properties:

• Density: 7.08 e -6 kg/mm3,

• Young’s modulus: 1 e5 N/m2,

• Poisson’s ratio: 0.211.

To determine the effects of microcracks on vibration, a

proper design of the crack profile is required. The tooth

root cracks are designed as per [43]. While vibration

effects of incipient cracks of over 1 mm have been studied,

not much research exists on cracks that are smaller in the

range of one hundredth of a millimeter. For this reason, an

elliptical tooth root crack of 0.02 mm in length and

0.01 mm crack tip opening width were chosen for the CAD

model faults.

To detect cracks from the planetary gear trains, MSC

ADAMS software was used to perform a vibration analysis

for different healthy conditions. All the cracks were first

designed using SolidWorks software and imported into

ADAMS for vibration analysis. Since the goal is to deter-

mine how easy it is to identify cracks in the sun gear due to

the rotation of the carrier, four different conditions were

considered for the PGT, which are:

1. Healthy condition with no cracks,

2. Sun gear with 0.02 mm elliptical crack,

3. Planet pinion with 0.02 mm elliptical crack,

4. Both sun and planet with 0.02 mm elliptical cracks.

2.1 Joint definition

For the single-stage planetary gear system modeled in

MSC ADAMS, it is critical to define joints and constraints.

Table 1 describes the joints created in MSC ADAMS for

Fig. 2 Chevy Volt PGT configuration
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each of the components. Figure 5 illustrates the joint def-

inition of the PGT model.

In this arrangement, the input motion is applied to the

sun shaft and the carrier shaft shall be the output. The ring

gear is fixed and does not rotate. To determine the dynamic

behavior of the PGT, the fixed joint between the ring and

the ground shall be used for our analysis, and to simulate a

real-world scenario, the magnitude of the force at this joint

shall be measured.

For each of the PGT healthy conditions, certain input

conditions on MSC Adams were applied as shown in

Table 2.The simulation time was chosen as 1 s.

2.2 Contact stiffness definition

An important parameter that needs to be selected is the

contact between the pair of meshing gears. In the PGT

model, there are three sun–planet pairs and three ring–

planet pairs. The parameter values in Source [44] were

used to define the contact stiffness values between each

sun–planet pair and each ring–planet pair. The sun–planet

pair has stiffness and damping values of 471 kN/mm and

86.62 Ns/mm, respectively, whereas the ring–planet pair

has stiffness and damping values of 928 kN/mm and

157.59 Ns/mm, respectively.

2.3 Verification of planetary gear train dynamic
behavior

The planetary gear train mechanism for the full-electric

condition of the Chevy Volt consists of a sun gear, three

planet pinions, a carrier, and a ring gear. The sun gear has

30 teeth, a planet pinion has 15 teeth, and the ring has 60

teeth.

To verify the input and output speeds of the gear system,

a set of equations need to be derived. As described by

Budynas and Nisbett [45], a parameter known as the train

Fig. 3 Flowchart of fault extraction and classification process

Fig. 4 Planetary gear model in

MSC Adams

Table 1 Definition of joints and constraints

Joint type Body 1 Body 2 Location

Fixed Ring Ground Ring circumference

Revolute Carrier Sun Sun center

Planet 1 Carrier Carrier pin axis 1

Planet 2 Carrier Carrier pin axis 2

Planet 3 Carrier Carrier pin axis 3

Sun Ground Sun shaft edge
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value (e) shall be used to verify the individual gear speeds

and is governed by Eq. 1:

e ¼ nL � nAð Þ= nF � nAð Þ: ð1Þ

In the equation, nL is the RPM of the last gear, nF is the

RPM of the first gear, and nA is the RPM of the carrier. The

train value e can also be calculated using the number of

teeth for each gear.

In this model, the sun gear is the input and the planetary

carrier is the output with the ring gear being the fixed gear

with no motion. Using a standard value of 9500 RPM

(57,000 degrees/second) for the sun gear input nF value)

[40], and the nL value being the fixed ring gear of 0 RPM,

the carrier output of nA can be calculated. For 9500 RPM

of sun gear input, the carrier output was calculated as

3166.667 RPM or 19,000 degrees per second. An ADAMS

simulation was run on the CAD model for verification

purposes, and the output value for the carrier was shown to

be closer to 19,000 degrees/sec as evident from the plot of

angular velocity vs time shown in Fig. 6. The analysis was

done for one complete revolution of the output carrier,

which happens in a period of 0.000315 s.

2.4 Gear mesh frequency calculation

2.4.1 General mesh frequencies for all healthy and faulty
cases

The gear meshing frequency (fm) is required to perform a

vibration analysis and obtain the required peaks. Since we

are analyzing the vibrations through the ring gear, the

meshing frequency between the planet–ring pair shall be

the focus. Equation 2 is used to calculate the gear mesh

frequency [19, 46].

fm ¼ Nrfc ð2Þ

where Nr is the number of teeth of the ring gear, which is

60, and fc is the rotational frequency of the output carrier

shaft, which is 52.78 Hz, when converting 19,000 degrees

per sec to hertz. Using Eq. 3, the gear meshing frequency is

3167 Hz. Theoretically, at the gear meshing frequency and

multiples of gear mesh frequency, peaks should appear for

the contact force measurement at the ring–planet interface

[47].

2.4.2 Calculation of gear defect frequencies

When localized faults exist in internal gears of the epi-

cyclic gear train, peaks appear in the frequency spectrum

corresponding to the gear in which the fault appears in

[47]. For instance, a sun gear local fault would give a peak

at frequency fs defined by Eq. 3.

fs ¼ Nfm=Ns ð3Þ

where N is the number of planet pinions and Ns is the

number of teeth in the sun gear in the above equation. For

our model, a crack on the sun gear would yield a peak at

frequency fs of 316.7 Hz since N equals 3 and Ns equals 30.

Peaks would also appear in planet multiples of this value.

Fig. 5 Isometric and front view

of joint definition

Table 2 MSC Adams input conditions

Criteria Value

Input speed 57,000 degrees per second

Simulation time 1 s

Input Sun gear (through shaft)

Output Planet carrier

Locked gear Ring gear

Vibration extraction point Ring gear

Vibration axis Magnitude of x-, y-, z-axes

Axis of rotation Z-axis
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For a planet pinion with a localized fault, a corre-

sponding peak should appear at frequency fp defined by

Eq. 4.

fp ¼ fm=Np: ð4Þ

In the above equation, Np is the number of teeth in the

planet gear, which is 15. Substituting values in the above

equation, fp equals 211.13 Hz.

2.5 Crack definition

The crack profile was design on the tooth root of the sun

gear for one of the gear teeth. Figure 7 shows the definition

of the crack profile. A semi-elliptical crack with a crack

length ‘a’ of 0.02 mm was designed using SolidWorks. The

crack length is the length from the edge of the gear tooth to

the center circumference of the arc and the arc is the crack

tip.

In the next sections, the vibration data from the MSC

ADAMS simulation shall be analyzed.

2.6 Vibration data from simulation

Since vibration data consist of unwanted noise, it is crucial

to apply a noise removal method. A wavelet denoising

function was applied using MATLAB software to highlight

the important mesh frequencies and possible sidebands

while smoothing out noise [58]. Equation 5 is used to

denoise the vibration signal, where y is the denoised signal:

y ¼ wden yn;TPTR; SORH; SCAL;N; 0wname0ð Þ: ð5Þ

In Eq. 5, wden is the MATLAB built-in denoise function,

yn is the noisy signal, TPTR is the thresholding selection

rule, SORH means the soft or hard thresholding, SCAL is

the multiplicative threshold rescaling of wavelet coeffi-

cients, N is the number of decomposition levels, and

‘wname’ is the name of wavelets [58]. The MATLAB

default values were used for TPTR, SCAL, and N. The hard

thresholding option was used for SOHR as it has the

capability to expand the distinguishable frequency peaks

and smooth out the noise [58].

Sections 2.6.1–2.6.4 consist of the frequency spectrum

plots for the noisy and denoised signal for the four healthy

conditions of the epicyclic gear train for the full input

speed of 9500 RPM. Sections 2.6.5–2.6.8 consist of the

spectrum for 10% of the input speed, and Sects. 2.6.9–

2.6.12 consist of the spectrum plots for 50% of the input

speed.

2.6.1 Healthy planetary gear

For the healthy planetary gear train, the magnitude of joint

force was measured for a time interval of 1 s. The MSC

ADAMS data were exported into MATLAB for plot gen-

eration. Figure 8 shows the frequency-domain plots for a

raw vibration signal and the denoised vibration signal.

Figure 8 (top) shows noisy data in the frequency spectrum,

but in Fig. 8 (bottom), the frequency domain shows noise

removed using MATLAB wavelet denoising and several

peaks at the key meshing frequencies are visible. The

denoised peaks correspond to the meshing frequencies at

3167 Hz, 6333 Hz, respectively, with 9500 Hz peak and

most of the noise being removed.

Fig. 6 Plot of angular velocity vs time for sun and carrier

Fig. 7 0.02 mm elliptical crack design on tooth root
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2.6.2 Sun gear with 0.02 mm semi-elliptical crack

As evident from Fig. 9, the noisy plot appears to distort the

meshing frequencies of the ring–planet pairs. Observing

the denoised plot, seven peaks are present which corre-

sponds to six peaks of equal length and one taller peak. The

first peak in the denoised is at 1585 Hz corresponding to

the fifth multiple of the sun gear meshing frequency, and

the third and fourth peaks coincide with the ring–planet

meshing frequencies.

As evident from Fig. 9, the noisy plot appears to show

3167 Hz and 9500 Hz meshing frequencies of the ring–

planet pairs, but not the 2 9 fm of 6333 Hz. In the denoised

signal, the main peak of 3167 Hz seems to be present along

with two smaller peaks. The second peak’s value corre-

sponds to the tenth multiple of the meshing frequency of

the planet fault (10 9 212 Hz).

2.6.3 Planet gear with 0.02 mm elliptical crack

As evident from Fig. 10, the noisy plot appears to show

3167 Hz and 9500 Hz meshing frequencies of the ring–

planet pairs, but not the 2 9 fm of 6333 Hz. In the denoised

signal, the main peak of 3167 Hz seems to be present along

with two smaller peaks. The second peak’s value corre-

sponds to the tenth multiple of the meshing frequency of

the planet fault (10 9 212 Hz).

2.6.4 Both sun and planet with 0.02 mm elliptical crack

As evident from Fig. 11, the meshing frequencies seem to

be distorted the most. In the denoised signal, several peaks

seem to appear below 2000 Hz. The wavelet transform in

MATLAB did not smooth out the signals more than what is

shown in Fig. 11 (bottom). A careful observation and

comparison with equations show that the first peak corre-

sponds to the second meshing frequency of the planet

Fig. 8 Raw frequency spectrum vibration signal of fixed-ring joint

force for healthy PGT (top), denoised frequency spectrum vibration

signal of fixed-ring joint force for healthy PGT (bottom)

Fig. 9 Raw frequency spectrum vibration signal of fixed-ring joint

force for cracked sun PGT (top), denoised frequency spectrum

vibration signal of fixed-ring joint force for cracked sun PGT

(bottom)
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pinion (2 9 211 Hz) and the second peak corresponds to

1585 Hz for the fifth multiple of the sun’s meshing

frequency.

2.6.5 Healthy PGT: 10% input speed

In Fig. 12, while in the noisy signal, 317 Hz and 1266 Hz,

which are the first and fourth multiple of the meshing

frequency of the ring–planet pair, are visible, when a

denoising filter is applied, 951 Hz becomes the clearest

peak on the spectrum with 634 Hz and 1268 Hz becoming

the other two clear peaks.

2.6.6 Cracked sun PGT: 10% input speed

In Fig. 13, the meshing frequency peaks appear at 316 Hz

initially in the denoised sample, but most of the sun gear

meshing peaks appear to be distorted. Slower speeds tend

to make it difficult to obtain a clear peak, but the data shall

be used regardless of training the machine learning

algorithm.

2.6.7 Cracked planet PGT: 10% input speed

For the cracked planet, as shown in Fig. 14 no clear data

other than a curvy distortion are observed for the planet

pinion crack. The peaks should technically occur at 22 Hz

or multiples of it. Nevertheless, this shall be used for the

training set.

2.6.8 Dual crack PGT: 10% input speed

Figure 15 shows the meshing frequencies of the ring gear

with the planets and the fault frequencies seem to provide a

curvy graph for the slower speeds much like the above two

cases.

Fig. 10 Raw frequency spectrum vibration signal of fixed-ring joint

force for cracked planet PGT (top), denoised frequency spectrum

vibration signal of fixed-ring joint force for cracked planet PGT

(bottom)

Fig. 11 Raw frequency spectrum vibration signal of fixed-ring joint

force for cracked sun and planet PGT (top), denoised frequency

spectrum vibration signal of fixed-ring joint force for cracked sun and

planet PGT (bottom)
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2.6.9 Healthy PGT: 50% input speed

Figure 16 shows the meshing frequency plots for the

healthy PGT set and the peaks for the denoised signal

correspond to the values of the meshing frequencies mul-

tiples of 1, 2, and 4 with some additional sidebands.

2.6.10 Cracked sun PGT: 50% input speed

Figure 17 shows the meshing frequency plots for the

cracked sun PGT set and the peaks for the denoised signal

show a meshing frequency value at the first meshing fre-

quency and the sixth sideband for the sun gear fault.

2.6.11 Cracked planet PGT: 50% input speed

From Fig. 18 plot for the denoised signal, it appears that

the meshing frequency of 1585 Hz is the first peak, while

the second shorter peak corresponds to a value that coin-

cides with the 20th multiple of the planet fault (2120 Hz).

2.6.12 Dual crack PGT: 50% input speed

Figure 19 shows the plots for the dual crack. The denoised

signal shows the meshing peak at 1585 Hz (the first

meshing frequency) and additionally fault frequencies at

636 Hz for the planet crack’s sixth multiple and sun

crack’s 792 Hz meshing at the fifth multiple.

3 Image conversion and neural network
model definition

Processing the vibration signals in the frequency spectrum

requires a state-of-the-art algorithm. For processing

vibration signals in the time and frequency domains, a

convolutional neural network (CNN) algorithm is common

[21, 48, 49] and therefore shall be explored in this research.

Fig. 12 Noisy and denoised frequency spectrum for healthy—10%

speed

Fig. 13 Noisy and denoised frequency spectrum for cracked sun—

10% speed
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To process vibration signals, one-dimensional CNNs [21]

as well as two-dimensional CNNs [48] have been utilized

in several experiments.

A recent study by Hoang and Kang [20] classified

bearing faults by converting time-domain vibration signals

into a 2D grayscale images [50] that can be trained using a

2D CNN network. The conversion from the 1D vibration

signal to a 2D grayscale image works by converting the

amplitude of vibration for each sample in the time domain

into a corresponding pixel value in the 2D image

[22, 50, 51]. Different faults give different pixel intensities

in the image, and their proposed model gave a 100%

classification accuracy of bearing fault classification using

the CNN algorithm. The grayscale vibration image classi-

fication using CNNs is a novel method of fault classifica-

tion, and so far, it has been used to classify faults such as

bearing faults [20, 50]. In this research, we shall apply the

same CNN image classification method to planetary gear

train microcrack detection and test its accuracy.

3.1 Vibration to grayscale image conversion

The process for generating grayscale images using Python

is illustrated in Fig. 20. First, the vibration data from the

MSC ADAMS simulation are saved into a text file, and

MATLAB denoising filter is used to remove any noise

present in the plots. Then, a Python code is used to convert

the denoised plot to grayscale images and the process is

repeated for at least 5600 simulations for the training set,

1200 each for test and validation. Finally, the generated

images are saved in a dataset to be used by the CNN

algorithm.

Each FFT frequency-domain plot in the simulation for

healthy and the three microcracks conditions shall be

converted to a 2D grayscale image of dimensions with

110 9 110 pixels by converting the ring gear fixed joint

force amplitude values to corresponding pixel values on the

image. Python software in Google Colab and TensorFlow

library was used as our programming software for this

Fig. 14 Noisy and denoised frequency spectrum for cracked planet—

10% speed
Fig. 15 Noisy and denoised frequency spectrum for dual crack—10%

speed
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image conversion process. Figure 21 shows an example of

converted grayscale image of the healthy PGT vibrations.

As evident from Fig. 21, there are two distinct lines on the

image, which correspond to the multiples of the gear mesh

frequencies between the ring–planet pairs at 3167 Hz,

6333 Hz and another small dot at 12,667 Hz. A series of

similar images shall be later used in the 2D CNN algorithm

to train the healthy PGT model. Figure 22 shows the

grayscale image of the cracked sun, and as evident from the

graph, a continuous black and white line in the image

corresponds to the sun fault frequency fifth multiple at

1585 Hz. Figure 23 shows a line and some eye-shaped dot

where the line corresponds to the ring meshing frequency

and the eye dot corresponds to the planet crack, the tenth

multiple. In Fig. 24, when there is both a sun and planet

crack, the 1585 Hz sun crack fault was shown on the image

much like the sun only fault. In this case, however, the

planet fault was evident at 424 Hz, the second multiple of

the planet fault frequency. For convenience, the images

were made square, and for the frequency range, a value that

is a square number was chosen without omitting any sig-

nificant frequency plot details. In this case, for instance, the

frequency range was chosen as 0 to 12,100 Hz, which

conveniently allowed a generation of a square image of

pixel intensity with 110 9 110 pixels.

As mentioned earlier, the vibration data from the fre-

quency spectrum in MSC ADAMS were saved to a text file

and an online Google Colab version of Python was used to

extract data from the file and populate an array after

denoising. This process converts each amplitude value in

the frequency spectrum to a value in the grayscale domain.

Lower amplitudes resemble a dark color closer to black,

and higher amplitudes resemble a lighter color closer to

white in the grayscale domain. Since it is easier to reshape

the array values into a square block of data, the nearest

square number of the frequency range that covers all the

essential amplitude values of the PGT system was selected

and the N dimension of the N x N grayscale image was the

square root of that frequency. In Figs. 21, 22, 23, and 24,

the frequency range is from 0 to 12,100 Hz and N is 110

pixels. The image resolution is 110 9 110 pixels.

Fig. 16 Noisy and denoised frequency spectrum for healthy—50%

speed

Fig. 17 Noisy and denoised frequency spectrum for cracked sun—

50% speed
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3.2 Training, validation, and test sets

The image set generated using the python code now shall

be divided into three separate sets. Approximately 70% of

the dataset collected shall be used as the training set, 15%

as the validation set to tune hyper parameters, and another

15% as a test set for an unbiased evaluation. The images

contained in the final test set shall include data mixed with

multiple cracks per gear along with the usual one crack per

gear described in Sect. 4.

The training set consists of a set of images for each

health condition for multiple runs. Figure 25 shows an

example of a set of images for the healthy PGT condition.

The training set consists of 1400 images for each of the

speeds discussed in Sect. 4. Then, a validation set will

consist of 300 images (1200 total for four outputs) for

hyper parameter tuning. Finally, the test set will consist of

a new set of images for the same speed conditions, but

instead of one crack per gear, there will be several cracks

per gear.

Figure 26 illustrates the dataset structure for the training

and validation sets where PGT condition N = healthy,

cracked sun, cracked planet, dual cracks. Finally, a separate

test set of 300 images with multiple cracks for each gear at

condition N shall be used to test for the unbiased

evaluation.

The dataset properties of each of the training, validation,

and test sets are described in Table 3. While three speed

conditions were studied, some images were of single cracks

and other images were of multiple cracks for both the

training and the validation sets.

The two frequency ranges listed in Table 3 are basically

selected as samples for the grayscale image. While main-

taining the 110 9 110 dimensions, the frequency range in

the first image sample would be from 0 to 121,000 Hz and

the second sample would be from 200 to 121,200 Hz.

Figure 27 shows the examples of frequency range 1 and

frequency range 2.

Fig. 18 Noisy and denoised frequency spectrum for cracked planet—

50% speed

Fig. 19 Noisy and denoised frequency spectrum for dual crack—50%

speed
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3.3 Selection of activation function

Artificial neural networks’ (ANN) functioning mechanism

is inspired by the human brain’s neuron network where an

electrical signal enters one neuron as an input and leaves as

an output signal for the next neuron’s input signal [52].

These ANNs have several activation functions that deter-

mine the method of data flow between input and output

neurons in the neural network [52]. In an artificial neural

network, the accuracy of the outputs is dependent on the

number of layers used and the type of activation function

selected. The literature review on the number of layers to

use in an ANN or the type of activation function to use is

scarce. In the subsequent paragraphs, several types of

activation functions and their performances are explored.

Activation functions can be both linear and nonlinear

[52], but nonlinear activation functions are preferred over

linear function due to the ability of the nonlinear functions

to learn and adapt to erroneous data. The following are

several types of activation functions in use.

3.3.1 Binary step function

This is the simplest activation function that works on the

threshold-based classifier method. For instance, the neuron

gets activated if the input to the activation function is

greater than the threshold value or else the neuron gets

deactivated [52]. It can be mathematically defined using

Eq. 6:

f xð Þ ¼ 1; x[ ¼ 0; f xð Þ ¼ 0; x\0: ð6Þ

The binary step function also has a zero gradient.

Fig. 20 Vibration spectrum to grayscale image conversion process

Fig. 21 Grayscale image of Healthy PGT ring gear vibrations

Fig. 22 Grayscale image of cracked sun PGT ring gear vibrations

Fig. 23 Grayscale image of cracked planet PGT ring gear vibrations

Fig. 24 Grayscale image of multi-crack PGT ring gear vibrations
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3.3.2 Linear activation function

This function has a direct proportionality relationship with

the input. Unlike binary activation functions, linear acti-

vation functions have a gradient and are defined by Eq. 7

[52]

f xð Þ ¼ ax: ð7Þ

The gradient is ‘a’ and linear functions are not particularly

useful because the error will not improve due to the same

gradient value for each iteration.

3.3.3 Sigmoid function

Sigmoid is the most widely used nonlinear activation

function [52]. It is a smooth s-shaped continuously differ-

entiable function that normalizes the values between 0 and

1. It is defined by Eq. 8.

f xð Þ ¼ 1=e� x; f 0 xð Þ ¼ 1� sigmoid xð Þ: ð8Þ

Nevertheless, the sigmoid function is not symmetric about

0, and the signs of all output values will be the same.

3.3.4 Tanh function

This is a hyperbolic tangent function which is similar to the

sigmoid function but it is symmetric around the origin [52].

Tanh function is defined by Eq. 9.

Fig. 25 Example set of first 20 images of the training set

Fig. 26 Dataset for individual PGT conditions
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f xð Þ ¼ 2 � sigmoid 2xð Þ � 1: ð9Þ

Tanh function values lie in the range of -1 to 1, and it has

a steeper gradient compared to sigmoid function. The

hyperbolic Tanh function is favored over sigmoid due to

having gradients that are free to change direction and its

zero-centeredness over sigmoid.

3.3.5 ReLU function

ReLU, which stands for rectified linear unit, is a widely

used nonlinear activation function [52, 53]. The main

advantage of the ReLU function is that it does not activate

all neurons at the same time. Only a certain number of

neurons are activated at a given time, and a neuron will be

deactivated only when the output of the linear transfor-

mation is zero [54]. It is defined by Eq. 10.

f xð Þ ¼ max 0; xð Þ: ð10Þ

3.3.6 Leaky ReLU function

This is a modified ReLU function in which the negative

values of x are defined as extremely small linear x com-

ponents rather than zero [52]. Leaky ReLU is defined by

Eq. 11.

f xð Þ ¼ 0:01x; x\0; f xð Þ ¼ x; x[ 0: ð11Þ

3.3.7 Parametrized ReLU function

Parametrized ReLU is another variant of the ReLU func-

tion which resolves the issue of ReLU gradient becoming

zero for negative values of x by introducing a gradient

parameter ‘a’ in the negative region [45]. It is governed by

Eq. 12.

f xð Þ ¼ x; x[ ¼ 0; f xð Þ ¼ ax; x\0: ð12Þ

Fig. 27 Grayscale image

frequency range 1 (left),

frequency range 2 (right)

Table 3 Dataset properties for

training, validation, and test sets
Dataset Image properties Percentage of images

Training set Maximum input speed Frequency range 1 0.17

Frequency range 2 0.17

50% Input speed Frequency range 1 0.17

Frequency range 2 0.17

10% Input speed Frequency range 1 0.17

Frequency range 2 0.17

Validation set Maximum input speed Frequency range 1 0.17

Frequency range 2 0.17

50% Input speed Frequency range 1 0.17

Frequency range 2 0.17

10% Input speed Frequency range 1 0.17

Frequency range 2 0.17

Test set Three cracks per gear per fault 0.5

One crack per gear per fault 0.5
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3.3.8 Softmax activation function

The Softmax function is defined using a combination of

multiple sigmoid functions, and due to sigmoid functions

returning values in the range 0–1, these can be treated as

probabilities where a function for every data point of each

class returns the probability which adds up to 1

[52, 55, 56]. Softmax function is defined by Eq. 13

r Zð Þj¼
e Zjð Þ

PK
k¼1 e

Zkð Þ
� � for j ¼ 1; 2; :::::;K: ð13Þ

Softmax functions can be used in multi-class classification

problems [52]. When designing a neural network model for

multi-class problems, the output layer of the neural net-

work will have the same number of neurons as the number

of classes.

Since we are dealing with a multi-class problem, which

are four output classes of healthy gear, cracked sun gear,

cracked planet gear, and dual cracked gears, Softmax

functions shall be utilized in the 2D CNN image classifi-

cation algorithm along with some ReLU functions.

3.4 Neural network structure

For the neural network model for the fault classification on

PGT conditions, a CNN model similar to the structure

shown in Fig. 1 was created. Figure 28 illustrates the

structure of the 2D CNN model. As evident from Fig. 28,

four convolution and four max pooling layers were chosen

between the input data and the output classification layer.

The summing junction in the images between max pool

layer 1 and convolution layer 4 indicates the existence of

layers 2 and 3. The max pooling function selects the

maximum value from a set of numbers in a kernel window.

Max pooling was chosen over average pooling due to its

ability to detect sharp edges over average pooling. A ReLU

function was applied to each of the four convolution and

max pool layers due to its ability to activate and deactivate

several neurons based on its output [52]. For the weights, a

back-propagation algorithm was used as the training

method. For the output classification layer, four output

neurons were used for the four health conditions.

A SoftMax function was used in this layer.

4 Results and discussion

Table 4 shows the accuracy of each of the training, vali-

dation, and test sets. Training set consisted of 5600 total

images and yielded 100% training accuracy after 20 iter-

ations. The diversity of the training set was that it had

vibration images of different speeds, different crack

numbers, and different frequency ranges for an image. A

similar approach was taken for the validation set but with

1200 total images, and it also yielded 100% validation

accuracy.

For the test set, a completely new image set of 1200 total

images was used. In the test set, a fixed number of cracks

were added to the model to check how accurately the 2D

CNN algorithm can classify cracks based on little to no

prior training data. For the sun gear cracks, three cracks

were introduced in the sun gear of another model and that

dataset was mixed with the sun gear with one crack with a

ratio of 1:1. For the planet only cracks, three cracks were

placed on each of the three planet pinions and mixed with

the dataset with only one planet pinion crack with the same

ratio. For the dual cracks, several cracks were introduced in

the sun and planet gears and mixed with the single crack

dataset with 1:1 ratio.

Fig. 28 2D CNN model structure

Table 4 2D CNN algorithm

classification accuracy results
Dataset Accuracy

Training set 1

Validation set 1

Test set 0.92
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The training set and validation set eventually reached

100% training and validation accuracy. The new test set

with some new data eventually reached 92% accuracy.

5 Comparison of results with previous work

5.1 Why microcrack of 20 lm in length
was chosen?

The motivation for this experiment was that extremely

small cracks in the ranges of 0.01–0.02 mm were not

studied in planetary gears. Yet, studies have shown that

cracks that are in the micrometer ranges can begin to go

unnoticed, propagate, and eventually cause catastrophic

failure due to fatigue stress, corrosion, and several other

factors [41, 42]. This issue combined with the difficulty in

planetary gear fault detection due to its non-stationary

components became the motivation of this study. The

machine learning algorithms used in previous literature

review are compared with this study’s results in the next

section.

5.2 2D CNN Algorithm comparison with previous
fault detection methods

The proposed grayscale image 2D CNN algorithm was

compared against all other kinds of algorithms. Table 5

highlights this CNN algorithm against other non-destruc-

tive fault detecting algorithms used in planetary gear fault

classification [6–10, 12–14, 20] Since detection of cracks

in the micrometer range in planetary gears has not been

performed any known studies, a new vibration image

method was utilized to study such cracks and classified

images using 2D CNN. According to Table 5, just like

other algorithms, these methods fall within the typical

classification range of many recent fault classification

methods, which are above 90%.

The proposed grayscale 2D CNN method showed 100%

classification accuracy for both training and validation data

and 92% for the test set. LDA-SVM method, weighted

kNN method, PCA-SVM method, and FFT-least square

SVM method showed over 90% accuracy, but their fault

types varied from larger cracks in the ranges of 1–5 mm, or

other defects such as bearing faults and pitting damage.

The proposed method is less complicated and has fewer

steps because all that needs to be done is converting the

vibration signals to FFT, denoising using a MATLAB

wavelet transform function and converting the data from

the denoised signal to a square grayscale image to be used

as input to the 2D CNN image classification algorithm. In a

nutshell, data acquisition step is simplified where the MSC

ADAMS software converts the data into the frequency

domain using a built-in Blackman window fast Fourier

transform method and any additional noise can be cleaned

by a MATLAB wavelet denoising function to enrich the

signal making the feature extraction step easier. A few

lines of code in Python are used to convert the clean signal

to the grayscale image which would clearly show the fre-

quency bands in the form of grayscale pixels of varying

intensities. The other methods discussed in Table 5 had a

greater number of steps in the feature extraction and feature

selection process of fault diagnosis compared to this

method making them more complicated to learn and time

consuming.

The IRT-CNN method also classified PGT faults with a

near 100% accuracy, but paper [14] only used infrared, and

since there is no known method to simulate IR using

computer software and IR has penetration issues of gear-

boxes in the real world, the proposed method in this paper

is better suited using vibration images.

Despite the importance of detecting microcracks at an

early stage, only a limited number of studies have been

done on detecting microcrack sizes in rotating machinery

[57–59]. Some of these microcrack detection methods

attempted acoustic emission, kurtosis, and root mean

square methods to detect microcracks, but not much

information exists on machine learning to detect fatigue

microcracks. The closest reasonable comparison that can

be made to microcrack identification is gear pitting and

gear wear identification using machine learning methods

described in Table 5 such as the PCA-based SVM method

and FFT–least squares SVM method, which had accuracies

of 93.7% and over 90%, respectively. Since this grayscale

image method is simplified and can identify a new dataset

with up to an accuracy of 92% with little prior information,

this is a good algorithm that can be developed into other

applications.

As discussed earlier during the literature review, this

study was based on a vibration image-based convolutional

neural network (VI-CNN) algorithm [20]. The study

Table 5 Comparison of different PGT fault detection methods

PGT fault classification method Classification accuracy

Grayscale 2D CNN method 0.92

Linear discriminant analysis-SVM method 1.0

Weighted kNN method 0.98

PCA-based SVM method 0.94

FFT-least square SVM method [ 90%

IRT-CNN method 100%

VI-CNN model 0.98

1D-CNN method 0.99
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discusses time-domain, frequency-domain, and time–fre-

quency-domain signals converted from vibration data to

grayscale images that were used to diagnose bearing faults

in rotating machinery. The vibration image method of

signal conversion is a recent idea that gained attention, and

since it was only used in bearing faults, in this paper, the

method was tested on planetary gear train faults. As shown

in Table 5, the VI-CNN method has 97.74% accuracy.

With the current research and limited availability of

experimental equipment, the simulation of MSC ADAMS

alone gave an accuracy of 100% for both the training and

validation sets and an accuracy of 92% for the test set for a

planetary gear set with microcracks of 20 lm in length.

Therefore, this VI-CNN-based method can be applied to

detect microcracks in PGT systems, but since microcracks

are difficult to detect from raw vibration signals and

additional step of wavelet denoising using MATLAB was

added to extract key vibration features that was not done in

the original VI-CNN study.

6 Conclusion

Planetary gear trains are widely used in place of fixed-axis

gearboxes due to PGTs high power-to-weight ratio. How-

ever, PGTs are prone to failure much similar to regular

gearboxes and fault detection in PGTs has become a

challenging task over the years. Several robust machine

learning algorithms have been able to classify various types

of gear defects and bearing faults in planetary gears with

over 90% accuracy, but cracks in the micrometer ranges

have not been studied in PGTs despite their potential to

form unnoticed and eventually cause failure in many

industrial applications. Planetary gears also have an issue

of sun gear faults being neutralized or amplified by planet

pinion faults. This study proposes a novel vibration data

(grayscale image) 2D convolutional neural network algo-

rithm that converts vibration signals in the frequency

domain into grayscale images to be used as input for the 2D

CNN machine learning algorithm. A similar methodology

was documented by Boldsaikhan et al. [60], which also

uses vibration frequency patterns and shallow learning

neural networks for detecting process anomalies during

friction stir welding. Four types of faults, namely healthy

gear, sun crack, planet crack, and dual sun–planet crack,

were studied for microcrack classification accuracy, and

the results yielded 100% classification accuracy for the

training and validation sets and 92% for a new test set.

Therefore, this grayscale image 2D CNN algorithm is

strongly suggested to be used with experimental validation

to be considered as future work.
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