ChinaRxiv [$X]

AT translation - View original & related papers at
chinarxiv.org/items/chinaxiv-201712.00240

Multi-SoftMax Convolutional Neural Networks
and Their Application to Complex Fault Diag-
nosis of Planetary Gearboxes

Authors: Jianhua Shan, Lii Qin, Zhang Shenlin, Meng Rui, Wang Xiaoyi,
Jianhua Shan

Date: 2017-12-26T00:00:004-00:00

Abstract

Existing planetary gearbox fault diagnosis methods exhibit limitations: first,
conventional methods suffer from complexity and are ineffective at diagnos-
ing planetary gear fault types; second, convolutional neural network-based ap-
proaches are primarily utilized for gearbox fault diagnosis and are rarely em-
ployed for planetary gearbox diagnosis. To effectively diagnose complex fault
types and variable operating conditions, this paper proposes for the first time
a fault tree structure, an operating condition parallel structure, and a multi-
SoftMax convolutional neural network. The fault tree structure enables unified
processing of various complex fault types and allows for examination of diag-
nostic performance at each node. The operating condition parallel structure
can handle variable operating conditions and predict rotational speed and load.
Utilizing vibration data from a laboratory planetary gearbox, a series of tests
were conducted, demonstrating that the proposed method can accurately diag-
nose complex faults and variable operating conditions in planetary gearboxes
with an accuracy of 97%, thereby verifying the strong generalization capability
of the multi-SoftMax convolutional neural network and the advantages of the
fault tree structure.
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Abstract

Existing methods for planetary gearbox fault diagnosis suffer from two primary
limitations: First, traditional approaches are computationally complex and can-
not effectively identify specific fault types in planetary gears. Second, convolu-
tional neural network (CNN)-based methods have been predominantly applied
to conventional gearbox fault diagnosis, with minimal application to planetary
gearboxes. To address complex fault types and variable operating conditions,
this paper proposes, for the first time, a fault tree structure, a working condition
parallel structure, and a multi-SoftMax convolutional neural network. The fault
tree structure enables unified processing of various complex fault types while
allowing examination of diagnostic performance at each node. The working
condition parallel structure handles variable operating conditions and predicts
rotational speed and load. Experimental validation using vibration data from
a laboratory planetary gearbox demonstrates that the proposed method accu-
rately diagnoses complex faults and variable operating conditions in planetary
gearboxes, achieving 97% accuracy. These results verify the strong general-
ization capability of the multi-SoftMax convolutional neural network and the
advantages of the fault tree structure.

Keywords: Fault diagnosis; Planetary gearbox; Deep learning; Convolutional
neural network

0 Introduction

Planetary gearboxes offer significant advantages including high transmission ra-
tios, compact size, and substantial load-bearing capacity, making them widely
employed in wind power generation, metallurgy, shipbuilding, and lifting equip-
ment. However, gearbox failures can cause severe safety accidents, rendering
fault diagnosis critically important. The gear motion in planetary gearboxes rep-
resents typical compound motion, producing more complex vibration responses
than those from bearings or fixed-axis gearboxes, which presents unique chal-
lenges for fault diagnosis.

Numerous studies have addressed these challenges. YU from the University of
Toronto proposed a planetary gearbox fault diagnosis method based on wavelet
transform and time-synchronous averaging. In 2017, CHENG Junsheng from
Hunan University introduced a method based on ASTFA and SDEO demodula-
tion. In 2016, HUANG Wentao from Harbin Institute of Technology developed
a resonance-based sparse signal decomposition method with adaptive quality
factor optimization for planetary gearbox fault diagnosis. However, these meth-
ods are only suitable for steady-state conditions, involve complex mathematics,
and exhibit suboptimal diagnostic performance. To overcome these limitations,
an innovative approach is required.
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In recent years, deep learning has emerged as the most active field within ma-
chine learning, achieving remarkable success in natural language processing and
image recognition through powerful feature learning capabilities. As a key com-
ponent of deep learning, convolutional neural networks have been primarily ap-
plied to two-dimensional image recognition, offering several advantages: (1) Au-
tomatic feature learning from large datasets eliminates the complex and tedious
manual feature extraction process, reducing dependence on expert knowledge.
(2) The architecture employs local connections and weight sharing, dramatically
reducing network parameters, lowering training difficulty, improving training
speed, and enhancing generalization capability.

1 Fault Tree Structure and Multi-SoftMax Convolutional
Neural Network

1.1 Development of Convolutional Neural Networks

In recent years, scholars have begun applying CNNs to rotating machinery fault
diagnosis, primarily for bearing faults. In 2016, WANG Jinjiang from China
University of Petroleum used CNNs for rotating machinery fault diagnosis with
one-dimensional vibration data as input. In 2017, CHEN Lu from Beihang
University, ZHANG Wei from Harbin Institute of Technology, and LIU Ruo-
nan from Xi’ an Jiaotong University all converted one-dimensional vibration
signals into two-dimensional representations for CNN-based fault diagnosis. In
2017, Min Xia from the University of British Columbia proposed a multi-sensor
fusion CNN approach for rotating machinery fault diagnosis. However, these
studies exhibit several shortcomings: (1) Input sample lengths are arbitrarily
fixed, making them difficult to generalize across different sampling frequencies
and rotational speeds. (2) They primarily diagnose bearing faults with distinct
vibration patterns, whereas planetary gearbox faults show minimal waveform
differences, presenting significantly greater diagnostic challenges. (3) Operating
conditions are simplified with fixed or narrowly varying speeds, without address-
ing variable condition diagnosis. (4) For compound faults, composite failures
are treated as a single independent class, preventing examination of individual
fault diagnostic performance.

To address these limitations, this paper proposes an improved solution for plan-
etary gearbox fault diagnosis. The innovations include: (1) A formula for cal-
culating sample data length that adapts to different speeds and sampling fre-
quencies, combined with random sampling to enhance network generalization
and simplify testing. (2) A fault tree structure that uniformly handles both sim-
ple and compound faults while enabling performance evaluation at each node.
(3) A multi-SoftMax network architecture to implement the fault tree struc-
ture diagnosis. (4) The adoption of large convolutional windows, large pooling
strides, and the latest DenseNet structure to simplify the network and solve
variable-condition planetary gearbox fault diagnosis.
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1.2 Convolutional Neural Network Architecture

Traditional CNNs consist of input layers, convolutional layers, nonlinear activa-
tion layers, pooling layers, fully connected layers, and SoftMax output layers,
with convolutional, activation, and pooling layers forming the core. As shown in
[Figure 1: see original paper], the input layer is typically an image represented
as 0X. The convolutional layer performs feature extraction from the previous
layer using convolution kernels, where X represents the feature map of layer
1, 1W represents the weight matrix of layer ¢© s convolution kernel, ® denotes
convolution operation, and ib represents the bias vector of layer 1.

The nonlinear activation layer maps features from the previous layer to the
next through nonlinear functions, expressed as F(iX), where F is a nonlinear
function. Common activation functions include ReLU and its variants: Leaky
ReLU, Random ReLU, Parametric ReLLU, Shifted ReLLU, and Exponential LU.

The pooling layer downsamples feature maps, reducing both dimensionality and
network parameters. Maximum pooling is most common, expressed as sbp(saX),
where s X s is the pooling window size, and a and b represent pixel coordinates.

The CNN objective is to minimize loss, comprising empirical risk and structural
risk. Cross-entropy loss is commonly used for empirical risk, while weight L2
norm serves as structural risk.

1.3 Fault Tree Structure

In practice, fault types can be extremely complex, including simple faults, com-
pound faults, and varying fault severities. To uniformly handle these scenarios,
a fault tree structure was designed, as shown in [Figure 2: see original paper].
The tree has “Normal (no fault)” and “Faulty” as root nodes, branching down-
ward to leaf nodes. “Normal” is a leaf node, while “Faulty” branches into simple
and compound faults. Simple faults are categorized by component (sun gear,
bearing, planet gear, carrier), with each component further divided by fault
type (broken tooth, crack, wear, missing tooth). For example, sun gear cracks
are classified by severity as slight, medium, or severe. Compound faults involve
multiple components failing simultaneously. This structure can be adapted for
other machinery fault types.

1.4 Working Condition Parallel Structure

Beyond fault types, planetary gearboxes operate under variable conditions where
rotational speed and load change. A working condition parallel structure was
designed, as shown in [Figure 3: see original paper], incorporating several typical
speeds and loads based on actual operating conditions. Additional condition
attributes can be added to this structure as needed.
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1.5 Multi-SoftMax Convolutional Neural Network Structure

The multi-SoftMax CNN architecture includes input layers, convolutional lay-
ers, max pooling layers, average pooling layers, and a multi-SoftMax output
layer. The output layer contains multiple SoftMax score vectors, denoted as
{SoftMaz,...,SoftMaz,}. As shown in [Figure 4: see original paper], each
SoftMax, is fully connected to the final feature layer. Traditional CNNs are
special cases of this architecture with a single SoftMax output vector.

The empirical risk loss differs significantly from traditional CNNs. For example,
in [Figure 2: see original paper], if a planetary gearbox has a sun gear fault but
the specific location is unknown, the corresponding SoftMax index set is {1, 2, 3}.
If the fault is a medium-severity crack, the index set becomes {1,2,3,5,9}. Thus,
samples correspond to multiple SoftMax vectors with variable counts.

The SoftMax index set includes vectors from both fault tree and working condi-
tion parallel structures. In [Figure 3: see original paper]|, for speed 2 and load 3,
the working condition index set is {10,11}. When both structures are present,
samples include SoftMax vectors from both.

The empirical risk loss for multi-SoftMax CNN is the average cross-entropy loss
across all included SoftMax vectors. For a single SoftMax, vector, the loss is:

n
Loss; = — Z y;;log(sm;;)
=1

where sm is the SoftMaz; score vector, n is its dimension, and y,; is the
corresponding label value.

The sample loss is:

1
Loss = — Z Loss;

|SZ| SoftMax,;€S;

where S; is the sample’ s SoftMax vector set and |S,| is its cardinality. During
backpropagation, gradients are only passed through SoftMax vectors in 5.

Sample labels are determined such that each SoftMax,; corresponds to one
label element, with values representing attribute indices (starting from 1). For
example, if SoftMax, represents bearing faults, the label element is 2. A
medium-severity sun gear crack corresponds to label [2,1,1,2,2].

2 Planetary Gearbox Fault Diagnosis Methodology

The multi-SoftMax CNN fault diagnosis process comprises four steps: train-
ing database creation, network architecture design, network training, and fault
diagnosis.
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(1) Training Database Creation: This involves generating sample data and
labels. For each operating condition, samples are created randomly by extract-
ing continuous data points longer than one maximum data period (the number
of sampling points per revolution at the lowest speed) from random positions in
the vibration data. The preferred sample length is k x 2™ points, where k& and
n are positive integers. This random approach enhances model generalization
and simplifies testing. Sufficient samples are generated to form the training
database, with labels created according to the fault tree and working condition
parallel structures.

(2) Multi-SoftMax CNN Architecture Design: The network is designed
based on DenseNet. The input layer is H x 1 x K, where H is sample length, 1 is
data width, and K is data dimension (number of sensors). Multi-sensor signal
acquisition improves diagnostic accuracy, equivalent to multi-sensor fusion at
the data level.

(3) Network Training: The multi-SoftMax CNN is trained using the train-
ing database. Mini-batch training is employed, with each mini-batch containing
different samples, ensuring each sample participates in training only once. Hy-
perparameters are tuned to optimize network parameters and generalization
performance.

(4) Fault Diagnosis: Test samples are input into the trained network to ob-
tain multi-SoftMax score vectors. For fault tree vectors, diagnosis proceeds from
the root node downward based on maximum values until reaching a leaf node.
Using [Figure 2: see original paper] as an example, SoftMaz, (root node) is
evaluated first: if the maximum is at position 1, the diagnosis is normal and
terminates; if at position 2, a fault is detected and evaluation continues to
SoftMax,. Working condition vectors are evaluated directly. For improved re-
liability, multiple samples can be collected, with the most frequent label selected
as the final diagnosis.

3 Planetary Gearbox Fault Diagnosis Case Study

This case study uses self-measured fault data from a laboratory planetary gear-
box test rig, as shown in [Figure 5: see original paper|, with vibration data
collected from two sensors. The gearbox parameters are listed in .

** Experimental Planetary Gearbox Parameters**

Parameter Sun Gear Planet Gear Ring Gear Carrier

Module (mm)
Pressure Angle (deg)
Tooth Width (mm)
Mass (kg)

Pitch Diameter (mm)
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The experiment includes four sun gear rotational frequencies: 10 Hz, 15 Hz, 20
Hz, and 25 Hz. Due to experimental constraints, the fault types are simplified
compared to [Figure 2: see original paper|. Simple sun gear faults include broken
tooth, crack, wear, and missing tooth at 10 Hz, 20 Hz, and 25 Hz. Compound
faults combine sun gear faults (broken tooth, crack, wear, missing tooth) with
bearing outer ring faults at 15 Hz and 20 Hz. Load conditions include loaded
and unloaded states.

Vibration waveforms under different conditions are shown in [Figure 6: see orig-
inal paper|. Under identical conditions, normal, broken tooth, and crack wave-
forms are very similar, demonstrating the diagnostic difficulty. Under the same
condition, wear patterns differ significantly from other fault types but resemble
patterns from other conditions (e.g., wear at one condition resembles broken
tooth at another). Missing tooth patterns are distinct and easily identifiable.

3.1 Database Creation

The sampling frequency is 8192 Hz. At the minimum 10 Hz rotation frequency,
the sun gear completes one revolution with 820 sampling points, defining the
data period. 1280 is selected as the sample length—exceeding 820 and satisfy-
ing k x 2" (with k = 5, n = 8). For each condition, 1280-point segments are
extracted from random positions, as shown in [Figure 7: see original paper].
This relatively short length reduces network complexity and training difficulty
while accelerating training. Random sampling eliminates the need for specific
extraction points during testing and theoretically enables unlimited sample gen-
eration.

The corresponding fault tree and working condition parallel structures are shown
in [Figure 8: see original paper|, with SoftMax index set [1,2,3,4,5,7,8,10].
Since indices [3,4,8] in [Figure 2: see original paper| contain only single at-
tributes, these SoftMax vectors can be omitted, resulting in final index set
1,2,5,7,10].

For a sample at 20 Hz with wear fault under simple fault conditions, the label
is [2,1,3,3].

3.2 Multi-SoftMax CNN Architecture

The network employs large convolutional kernels and strides, with pooling layers
using large windows and strides to reduce network depth. The activation func-
tion is Max(—1, X). To address the trade-off between excessive depth (training
difficulty) and insufficient depth (poor feature extraction), the DenseNet dual-
path architecture is adopted, as detailed in [Figure 9: see original paper| and

** Multi-SoftMax CNN Layer Parameters™*
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Multi-Soft Max
Layer Operator Size  Stride Feature Map Size Output

Input - - 1280 x 1 x 2 -

Convl - - 1280 x 1 x 48 -

Pooll - - 321 x 1 x 48 -

Conv2 - - 321 x 1 x 96 -

Pool2 - - 80 x 1 x 96 -

Conv3 - - 80 x 1 x 192 -

Pool3 - - 40 x 1 x 192 -
Feature - - 40 x 1 x 192 -
SoftMax1- - 1x1x192 1x1x16
SoftMax2- - 1x1x192 1x1x5
3.3 Test 1

Hyperparameters: For iterations ¢ < 7000, learning rate = 0.001, regularization
= 0.00001, mini-batch = 32, momentum = 0.9; for ¢ > 7000, learning rate
= 0.0005. Weights are initialized with Gaussian random numbers (mean = 0,
variance = 0.1) and biases to zero. Input data is vibration waveforms multiplied
by 10. Training employs early stopping at 21,400 iterations.

Each condition provides 100 test samples. Diagnostic performance uses two met-
rics: (1) Overall accuracy requiring complete label matching achieves 97.55%,
demonstrating accurate diagnosis of complex planetary gearbox faults. (2) Re-
call rate (proportion of correctly diagnosed samples per class) for each node, as
shown in [Figure 10: see original paper]. Simple fault recall is 99.96%, indicating
nearly all simple fault samples are correctly classified as simple faults.

3.4 Test 2

In practice, planetary gearboxes experience complex variable loads not fully
represented in training data. To evaluate load generalization capability, Test 2
uses unloaded data for training and loaded data for testing, with identical labels
and network architecture.

Hyperparameters are similar to Test 1, but training stops at 6,000 iterations
(earlier than Test 1), indicating reduced training difficulty. Each loaded condi-
tion provides 100 test samples, achieving 88.83% accuracy. Node recall rates
are shown in [Figure 11: see original paper].

Although accuracy is lower than Test 1, collecting multiple samples per condi-
tion (e.g., 100) and selecting the most frequent diagnosis significantly reduces
misclassification probability. Compound fault recall substantially exceeds its
sub-node recalls, indicating most compound fault samples are correctly identi-
fied as compound faults, though specific fault type classification within com-
pound faults shows errors (e.g., many broken tooth samples misclassified as
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wear). This demonstrates the fault tree structure’ s advantage: when fault
type details are ignored, recall rates for fault presence and simple/compound
classification remain high (minimum 96.92%).

3.5 Test 3

Planetary gearboxes often operate under variable speeds. To evaluate speed
generalization, Test 3 uses 10 Hz, 15 Hz, and 25 Hz data for training and 20
Hz data for testing, excluding speed score vectors. The pre-SoftMax network
structure matches Test 1.

Training stops at 5,500 iterations (earlier than Test 1), indicating reduced train-
ing difficulty. Each condition provides 100 test samples, achieving 76.37% ac-
curacy. Node recall rates are shown in [Figure 12: see original paper].

Test 3 accuracy is significantly lower than Tests 1 and 2, indicating speed vari-
ation impacts vibration waveforms more than load variation. This is confirmed
by normal gearbox waveforms at different speeds in [Figure 13: see original pa-
per]. Average absolute amplitude values are: 0.0032, 0.0056, 0.0075, and 0.012
m/s? for 10-25 Hz respectively—a fourfold maximum difference.

Despite 76.37% accuracy, recall rates for fault presence and simple/compound
classification remain near 100%. Lower accuracy stems primarily from misclas-
sifying specific fault types within compound faults (e.g., most broken tooth and
crack errors).

Conclusions

This paper makes three key contributions: (1) First proposal of fault tree and
working condition parallel structures for unified handling of complex fault types
and variable conditions, with node-level diagnostic performance visibility. (2)
First proposal of multi-SoftMax CNN architecture for these structures, incor-
porating DenseNet principles and Max(-1, X) activation for easier training. (3)
Successful diagnosis of laboratory planetary gearbox faults with 97.55% accu-
racy in Test 1, validating the approach’ s effectiveness.
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