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Abstract: Aiming at the problems of complex diesel
engine cylinder head signals, difficulty in extracting
fault information, and existing deep learning fault diag-
nosis algorithms with many training parameters, high
time cost, and high data volume requirements, a small-
sample transfer learning fault diagnosis algorithm is
proposed in this article. First, the fault vibration signal
of the diesel engine is converted into a three-channel red
green blue (RGB) short-time Fourier transform time–fre-
quency diagram, which reduces the randomness of artifi-
cially extracted features. Then, for the problem of slow
network training and large sample size requirements,
the AlexNet convolutional network and the ResNet-18
convolutional network are fine-tuned on the diesel engine
time–frequency map samples as pre-training models with
the transfer diagnosis strategy. In addition, to improve the
training effect of the network, a surrogate model is intro-
duced to autonomously optimize the hyperparameters of

the network. Experiments show that, when compared to
other commonly usedmethods, the transfer fault diagnosis
algorithm proposed in this article can obtain high classifi-
cation accuracy in the diagnosis of diesel engines while
maintaining very stable performance under the condition
of small samples.

Keywords: fault diagnosis, transfer learning, surrogate
model, hyperparameter optimization, small sample

1 Introduction

The condition monitoring and health management of
equipment are of great significance to maintain the
reliability and health of equipment; among these, fault
diagnosis is one of the key technologies, and it is very
important to determine the current fault state of the
equipment according to the state monitoring signal in
time tomaintain the reliability of the equipment [1–4]. The
reciprocating machinery represented by diesel engines is
widely used in modern industrial equipment, and the
signal monitoring of the diesel engine is mostly realized
by sensors placed in the cylinder head [5–7]. However, due
to the more complex structure of diesel engines, the vibra-
tion signals frequently exhibit stronger nonlinearity [8,9].
In this regard, a large number of scholars have done a lot
of effective work on the fault diagnosis of diesel engines.
The most widely used fault diagnosis method is a com-
bination of signal time–frequency characteristics and
machine learning. Jing et al. [10] extracted features,
such as fractal correlation dimension, wavelet energy,
and entropy, that can reflect diesel engine failure mode
from the vibration signal on the surface of the diesel
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engine and input them into the fast independent composi-
tional analysis-support vector machine classifier. Finally,
high-classification accuracy is achieved in small-sample
recognition; Zhang and Liu [11] proposed a signal proces-
sing method based on fully integrated intrinsic timescale
decomposition. First, the diesel engine nonstationary signal
is decomposed into a set of proper rotation components and
a residual signal, and then the singular values of the first
few proper rotation components (PRCs), the energy and
energy entropy of PRCs, and the auto regressive model
parameters are extracted as fault feature vectors. Finally,
the failure mode of a diesel engine was accurately identified
using the least squares support vector machine; Sanghar-
atna M. Ramteke et al. [12] adopted the condition moni-
toring technology of vibration and acoustic emission ana-
lysis to obtain the fault signal of a diesel engine and
analyzed the time–frequency characteristics of the signal
through fast Fourier transform (FT) and short-time Fourier
transform (STFT). Finally, high-precision classification of
diesel engine abrasion faults is realized through the arti-
ficial neural network model (ANN); Liu et al. [13] used an
adaptive Wigner–Ville distribution (WVD) to generate a
time–frequency image of diesel engine vibration signals
and extracted its four types of commonly used image
features, including moment invariants, gray statistical
characteristics, textural features, and the differential
box-counting fractal dimension; finally, the samples are
input into the relevance vector machine improved by the
fast correlation filter to accurately identify the fault type of
the diesel engine. Although the aforementioned methods
have achieved good diagnostic results, they require the rele-
vant personnel to have sufficient knowledge of the failure
mechanism, and the selection of feature extraction also
introduces greater uncertainties to the diagnostic algorithm.

Therefore, in recent years, fault diagnosis methods
based on data-driven deep learning have gradually been
applied to the fault diagnosis of mechanical equipment.
The advantages of deep learning are that there is no need
to extract relevant fault features from the original signal,
which eliminates certain artificial uncertainties; another
advantage is that the large parameter space of deep
learning and the nonlinear learning method can auton-
omously learn the fault characteristics of the data from a
large number of fault signals, so that different fault
types can be distinguished with high accuracy. Li et al.
[14] proposed a pattern recognition model based on
bispectral and convolutional neural networks (CNNs).
The size of the signal bispectral matrix is optimized by
interpolation to improve the diagnostic efficiency, and
the network model with the best diagnostic accuracy
is obtained after comparing and analyzing different

network settings. Du et al. [15] built a one-dimensional
convolutional network (1D-CNN), which directly used
the raw vibration signal of the car engine as the input
of the network to achieve end-to-end fault diagnosis;
Yousef Shatnawi and Al-Khassaweneh [16] collected
the sound signal of the internal combustion engine
and used the wavelet packet decomposition as a feature
extraction tool, finally realizing the fault identification
of the internal combustion engine by using the extended
ANN. Wang et al. [7] designed an innovative deep learning
network structure, the randomized CNN (RCNN), which
is constructed from several individual CNNs; and the
network can automatically extract discriminative fea-
tures of vibration signals using convolution computa-
tion and pooling operations. Finally, the diagnostic
superiority of the proposed RCNN is demonstrated by
the experimental vibration signal of a diesel engine. It
can be obtained that the deep learning method based on
the neural network can learn the deep-level features of
fault data autonomously, avoiding the participation of
human factors, but this method also has certain defects.
(1) Although a large hidden layer parameter space can
contain a large amount of data feature knowledge, it
also means that the deep network model requires a large
amount of data as support, and training a complete net-
work from scratch requires a lot of time consumption
[17]; (2) in order to improve the diagnosis efficiency
and consider the small amount of fault data in industrial
practice, scholars have extensively studied the diag-
nosis of small samples of equipment. However, deep
learning models tend to overfit in the learning of small
sample data, so in practical industrial applications, the
diagnostic accuracy of such models is often not ideal
[18,19]; (3) Deep learning models have many hyperpara-
meters, such as learning rate, batch size, and the number
of training rounds. The values of these parameters will
have a significant impact on the learning performance of
the model. The existing literature generally sets these
parameter values based on experience or artificial adjust-
ment, but because the single training time of the network
is very long, the efficiency of artificial parameter adjust-
ment is relatively low [20,21].

In response to the aforementioned problems, in
recent years, scholars have introduced transfer learning
methods into the field of fault diagnosis in an attempt to
solve these problems. The biggest feature of transfer
learning is to learn a lot of knowledge from the original
field and then apply that knowledge to the target field
that researchers are interested in. In addition, transfer
learning is mostly implemented through deep networks,
so this method can deeply mine data information, which
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is very suitable for industrial equipment fault detection
under small data samples [22,23]. Xiong et al. [24] pro-
posed a variable working condition recognition method
based on stacked autoencoders (SAEs) and feature transfer
learning. First, SAE is used to extract a feature set sensitive
to operating conditions from the diesel signal, and then a
balanced assignment adaptation transfer learning method
is used to map the diesel features of two different engine
operating conditions to the same feature space; the
migration of sensitive fault characteristics under dif-
ferent working conditions of two high-power diesel engines
is realized; Bai et al. [25] introduced deep transfer learning
into the fault detection of gas turbine combustors for the
problem of less historical data of new gas turbine failures.
The CNN network is pre-trained using data from a data-
rich gas turbine and then fine-tuned to detect failures of
the new gas turbine using a small amount of fault data
from the new gas turbine; the effectiveness of the method
is verified by experiments on two actual gas turbines.
Lei et al. [26] combined a transfer learning method with
a deep belief network, taking the fault data of a 35 kW
diesel generator simulation system as the source domain
data and the target domain being a 70 kW diesel generator
with sparse fault data. Through the pre-training and
reverse fine-tuning of the network, an accurate fault
diagnosis under the condition of a small sample of diesel
generators is realized. Although the existing transfer
learning methods can realize the feature transfer of
data in different fields, they still need to train the net-
work model from scratch on the fault data set in a certain
field, so the time cost of learning and training is very huge;
however, in the actual industrial environment, the timely
restoration of operation after equipment failure is critical
to maintaining efficient production. Finally, for the opti-
mization of hyperparameters of the network model, most
studies take the training accuracy of the network as the
optimization goal and combine it with the group optimi-
zation algorithm to optimize the hyperparameters of the
network [27,28]. Zhu et al. [29] chose particle swarm
optimization (PSO) to automatically optimize the hyper-
parameters of the LeNet-5 network mode. These hyper-
parameters include the learning rate, the number of
convolution kernels, the batch size, and the number of
neurons in the fully connected layer; Han et al. [30]
evaluated the original network using a simple model
with a single convolutional layer and a single fully con-
nected layer, combined with a genetic algorithm (GA) to
optimize the model’s hyperparameters. Experimental
results show that this method helps to reduce training
time; Tong et al. [31] used the cuckoo search algorithm
to automatically optimize the hyperparameters of the deep

autoencoder, which can effectively distinguish the fault
types and severity of rolling bearings under different
working conditions. Although the combination of the
group optimization algorithm reduces a certain number
of training times compared with the traversal manual
parameter adjustment, the time cost of hyperparameter
optimization under this method is still relatively large
due to the long training time of the network. Therefore,
improving the optimization performance of the group
optimization algorithm and accelerating the calculation
of the fitness function are the keys to improving the
efficiency of hyperparameter optimization [32–34].

Given the above research results and inspirations,
based on the vibration signal of diesel engine, a diesel
engine small-sample transfer learning fault diagnosis
algorithm based on the combination of diesel engine
STFT time-frequency images and hyperparameter autono-
mous optimization deep convolutional networks improved
by the PSO–gray wolf algorithm (GWO)–back propagation
neural network (BPNN) surrogate model is proposed in
this article. First, the cylinder head vibration signal of
the diesel engine is converted into a three-channel color
time–frequency map by STFT, and then the AlexNet con-
volutional network and ResNet-18 convolutional network
trained on the ImageNet dataset are used as pre-trained
models; it is to use the ImageNet dataset as a sufficient
amount of source domain knowledge. Then, the shallow
network parameters of the two types of convolutional net-
work models are frozen to extract the basic features of the
diesel engine time–frequency image samples; and then,
the deep parameter layer of the network is randomly initi-
alized to perform fine-tuning learning on the image sam-
ples to extract deep features. In addition, a surrogate
model that combines the gray wolf optimization algo-
rithm improved by the PSO algorithm and the BPNN is
introduced to efficiently and autonomously optimize the
hyperparameters of the network; so that the network
can more effectively realize the transfer learning fault
diagnosis of diesel engines. The main contributions of
the article are as follows:
1) First, given the complex structure of the diesel engine

and the cumbersome disassembly and assembly, using
the vibration signal of the cylinder head of the diesel
engine to realize the condition monitoring of the diesel
engine, the signal acquisition is relatively simple. In
addition, only STFT conversion is performed on the
signal to reflect the time–frequency characteristics
of the diesel engine fault signal, which greatly reduces
the factors of artificial selection of fault characteristics.
At the same time, simple signal preprocessing is
more conducive to the network model learning and
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distinguishing the category features between sam-
ples, which relieves the training pressure of the net-
work to a certain extent and helps to improve the
diagnosis efficiency.

2) Furthermore, AlexNet and ResNet-18 with sufficient
source domain knowledge (ImageNet dataset) are
used as transfer network models. On the one hand,
it solves the problem of the small amount of diesel
engine fault data, and on the other hand, it does not
need to train the network outright. It only needs to
use a small number of time–frequency map fault
samples to fine-tune the training of the network, which
greatly reduces the training cost. More importantly,
the transfer learning strategy of freezing shallow
parameter layers allows only part of the parameter
layers of the network to participate in training, avoiding
the occurrence of network overfitting. Finally, it is
experimentally verified that the method has better diag-
nostic accuracy compared with other deep learning
models.

3) Furthermore, given the low efficiency of manual
adjustment of network hyperparameters and the
longtime of single network training, a surrogate
model combining an improved group optimization
algorithm and BPNN is proposed. While improving
the optimization ability of the optimization algo-
rithm, it uses a certain number of hyperparameter
combinations and actual diagnosis results to train
the BPNN; then, the fast and high-precision predic-
tion process of the BPNN is used to replace the
actual training process of the network to obtain
the fitness function value, which realizes the effi-
cient and autonomous optimization of the network
hyperparameters.

4) Overall, the improvement of the accuracy and effi-
ciency of the overall fault diagnosis is the main pur-
pose and contribution of this research. This is due to
the high-precision prediction process of the surrogate
model based on the combined group optimization
algorithm for the actual training accuracy of the
deep network model for the test sample. In this pro-
cess, the combination of the group optimization algo-
rithm greatly improves the optimization ability of the
algorithm, the convolutional network-based transfer
model can deeply learn and compute deep fault
features of image samples in the time–frequency
domain, and the network test results under a certain
parameter combination need to be accurately pre-
dicted by the surrogate model. The combination of
the three allows the optimal hyperparameters of the
network to be searched efficiently. After a series of

optimization and nonlinear operations, the effect and
efficiency of fault diagnosis have been enhanced.

2 Theoretical background

2.1 Time–frequency image generation

In the fault diagnosis process, the original equipment
generally collects 1D signals, but the input type of the
deep network model is generally a 2D matrix or a 3D
red green blue (RGB) picture sample. The two types of
convolutional networks in this article both take pictures
as input, so it is necessary to convert 1D vibration signals
into 3D image data. One conversion method is to directly
intercept the vibration signal at equal intervals and reor-
ganize it into a 2D matrix, which is then saved as a three-
dimensional image; however, this method cannot reflect
the frequency domain characteristics of the signal; another
method is based on the time–frequency domain transform,
which mainly includes STFT, continuous wavelet trans-
forms, and Hilbert–Huang transform. Ahmad Taghizadeh-
Alisaraei and Mahdavian [35] comparatively analyzed the
effectiveness of four time–frequency representationmethods,
Welch test, STFT, WVD, and Choi–Williams distribution,
in diesel injector fault detection. It has been verified by
experiments that in the real-time performance moni-
toring of the engine, the STFT technology is more effec-
tive for the fault diagnosis and knock detection of fuel
nozzles. In the process of studying the combustion char-
acteristics of diesel engines for biodiesel fuel, Siavash et al.
[36] found that STFT can effectively analyze the time–
frequency information of noise other than effective acoustic
signals such as piston flapping and outlet valve closing
during diesel combustion.

Therefore, the STFT that is more suitable for analyzing
the time–frequency characteristics of diesel engine fault
signals is selected to generate time–frequency image
samples. The basic idea of STFT is to localize the inte-
gration interval of the FT of the time-domain signal of
the device. Suppose there is a continuous signal y(t),
which can be expanded in the complete quadrature
signal space as [37],

( ) ( )∫=
−∞

+∞

−F jω y t te d .jωt (1)

Eq. (1) is the definition of FT, which is used to convert
the signal from the time domain to the frequency domain.
ω represents frequency, t represents time, and e−jwt is a
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complex function. The sufficient condition for the estab-
lishment of the formula is: in the infinite interval, y(t) is
integrable, which is

∣ ( )∣∫ < ∞
−∞

+∞

y t td . (2)

For the nonstationary vibration signal of the diesel
engine cylinder head, it is necessary to use a window
function to intercept the signal to limit the time domain
range of the transformation so that the intercepted sam-
ples are within a certain frequency range. Then, the FT
operation is performed on the signal after the windowing,
and finally, the signal after the operation is superim-
posed, that is, the STFT is performed on the signal. The
definition formula of STFT is as follows:

( ) ( ) ( )∫= −
−∞

+∞

−t ω y t f t τ tSTFT , e d ,y
jωt (3)

where f(t − τ) is the window function and τ is the center of
the window function. The frequency obtained after STFT
can be regarded as the instantaneous frequency at that
point [38].

In MATLAB, after the signal is subjected to STFT
operation, the result is directly saved as a three-channel
color time–frequency diagram of RGB. In this way, time–
frequency picture samples of the vibration signal of the
cylinder head at different faults of the diesel engine can
be obtained.

2.2 Transfer learning

In recent years, transfer learning has been widely used as
a frontier field of deep learning. The main idea is to
use existing (source domain) knowledge to solve pro-
blems in different but related domains (target domain).

Therefore, it relaxes the stringent requirements of tradi-
tional machine learning that require a large amount of
data as training samples [39,40].

Transfer learning is defined as follows: given a source
domain { ( )}=D X P X,s s s and a learning task { ( )}⋅T Y f,s s s ,
a target domain { ( )}=D X P X,t t t and a learning task

{ ( )}⋅T Y f,t t t . Its purpose is to acquire knowledge in the
source domain Ds and learning task Ts to help improve
the learning of the prediction function in the target
domain, where ≠D Ds t and ≠T Ts t [41]. Figure 1 shows
the schematic of transfer learning.

In terms of technical means, transfer learning can be
divided into instance-based transfer learning, feature-
based transfer learning, association rule-based transfer
learning, and parameter-based transfer learning. Instance-
based transfer learning improves the effect and robustness
of transfer learning by adjusting the weights of the parts in
the source domain that are more similar to the target
domain; feature-based transfer learning attempts to con-
struct a feature subspace, which integrates the shared
latent feature factors of the source domain and the target
domain, which can reduce the feature difference between
the two and enhance the transferability of knowledge; The
purpose of transfer learning based on association rules is
to find potential connections between the source domain
and the target domain, focusing on the study of transfer-
ability; Parameter-based transfer learning reduces the dif-
ferences between domains. The idea is to use a large
amount of source domain data to train a model and then
use a small amount of target domain data to fine-tune the
deep parameters of the model under the transfer learning
strategy of shallow parameter freezing and deep parameter
learning. Make the parameters of the deep network layer
more in line with the classification characteristics of the
target domain data [42].

This article adopts a parameter-based transfer learning
method. The source domain knowledge is a sufficient
number of ImageNet datasets, and the target domain

Figure 1: Schematic diagram of transfer learning.
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is the time–frequency image samples of diesel engine
cylinder head vibration signals. The network models are
the AlexNet convolutional network and the ResNet-18
convolutional network. The migration strategy uses the
freezing of the shallow network layer and the fine-
tuning of the deep network layer. This approach elimi-
nates the need for end-to-end training of the network
model and the computation and reversed iteration of the
difference metric between the source and target domain
data at each iteration. Only a small number of samples
are needed to fine-tune the deep classification para-
meters of the network so that the classification layer
has the edge distribution characteristics of the target
domain data. Then, use the deep feature extraction ability
of the network to distinguish the subtle differences
between the pictures to distinguish the subtle differences
between the time–frequency images under different faults
of the diesel engine and achieve the purpose of quickly
classifying faults under the condition of small samples of
equipment.

2.3 Network architecture

In recent years, high-quality deep network models such
as AlexNet, Inception, GoogleNet, and ResNet have been
proposed one after another, and their capabilities in image
feature extraction and recognition have been effectively
tested in the ImageNet image classification task competi-
tion [43,44]. Second, these network models have a certain
parameter base after being trained on the ImageNet image
dataset; this solves the model problem and the need for
massive knowledge in the source domain for transfer
learning. However, a network model with too many net-
work layers and too large a parameter space will experi-
ence slow training speed and overfitting of training results
when learning from small sample data [45]. Therefore, this
article chooses to adopt a transfer learning strategy that
avoids network overfitting and implements parameter-
based transfer learning fault diagnosis between ImageNet
image datasets and diesel engine fault data on AlexNet
and ResNet-18 network models with fewer network layers.

The AlexNet network consists of five convolutional
layers (Conv), three max-pooling layers, and three fully
connected layers (dense), and convolutional layers and
max-pooling layers are alternately arranged [46]. Figure 2(a)
depicts the structure diagram of the AlexNet network, with
only the convolutional layer and fully connected layer
with parameter space listed, and the relevant pooling
and activation layers omitted. The highlight of the AlexNet
network is that it uses dual graphics processing unit

(GPUs) for network acceleration training; compared with
single GPU training and learning, the learning speed is
greatly improved. The activation function used by the
AlexNet network is the ReLU function instead of the tradi-
tional Sigmoid function, which also speeds up the learning
and solves the gradient dispersion problem well. The
local response normalization of local response normal-
ization is to establish a competition mechanism for local
neurons after ReLU, so that the value with a larger response
becomes relatively larger, suppressing the neuron with
a smaller response and strengthening the generalization
ability of the network [47]. In terms of network structure,
the last two layers of the AlexNet model are changed to a
fully connected layer and a Softmax classification layer cor-
responding to the number of diesel engine failure modes.

ResNet-18 network, as one of the typical deep residual
networks, uses skipping connections by constructing resi-
dual blocks. Let the input X of the network be directly
connected to the output Y of the parameterized layer
through an identity map →I X X: , so that the parameter-
ized network layer learns a residual map → −f X Y X: .
Literature research shows that compared with convolution
learning, the introduction of residual mapping can effec-
tively reduce the learning difficulty of the network and
speed up the convergence speed of the model [48]. The
structure of the ResNet-18 model is mainly composed of
a convolutional layer (Conv), four basic residual layers
(basic layers), an average pooling layer, and a fully con-
nected layer (dense); each residual block is, in turn, skip-
ping connected by two convolutional layers. Different from
the AlexNet model, the ResNet-18 model is a directed
acyclic graph network [49]. After changing the end net-
work layer, the global average pooling layer needs to be
connected to the fully connected layer to ensure smooth
network transmission. The network structure of the
ResNet-18 model is shown in Figure 2(b), with only the
convolutional layers and fully connected layers with
parameter space listed, and the related pooling layers
and activation layers omitted.

The image input dimension of the AlexNet model is
× ×227 227 3, and the input dimension of the ResNet-18

model is × ×224 224 3. This means that the feature map
needs to be adjusted to the size corresponding to the input
dimension of the model before being input to the network
for training; this operation is implemented in MATLAB
through the augmentedImageDatastore function.

2.4 Surrogate model

In the optimization of network hyperparameters, three
key hyperparameters, namely initial learning rate, batch
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size, and the maximum number of training rounds, are
optimized. For supervised learning, an appropriate initial
learning rate can make the objective function converge to
a local minimum within the verification time; an appro-
priate batch size can increase the accuracy of gradient
descent so that the amplitude of fluctuations during
training is reduced. It is closely related to memory utili-
zation and training speed during training; the maximum
number of training rounds determines the degree of con-
vergence of the network. Too small training rounds will
cause the network to converge in advance, and too large
rounds will waste time [50,51].

The surrogate model mainly includes two parts: the
group optimization algorithm and the calculation of the
fitness function value. The swarm optimization algorithm
adopts the GWO optimized by the PSO algorithm, which
improves the convergence speed and global optimization
ability of the gray wolf optimization algorithm and helps
optimize the hyperparameters of the network model effi-
ciently. In terms of solving the fitness function value,
first, use different hyperparameter samples to train the

network to obtain the corresponding training accuracy.
Then, the trained BPNNmodel is embedded into the solu-
tion of the fitness function to realize the efficient and
autonomous optimization of the hyperparameters of the
convolution network.

2.4.1 GWO

Inspired by the way wolves hunt, in the gray wolf optimi-
zation algorithm, the variants are divided into four dif-
ferent groups according to the rank of wolves in nature,
namely α, β, δ, and γ. Under the leadership of a wolf,
the wolves continuously perform behaviors such as hunt-
ing, encircling, and attacking to realize the optimization
process. The optimization diagram is shown in Figure 3
[52].

In the search process, use ∣ ∣ >A 1 to force the gray
wolf to separate from its prey to determine the optimal
attack target. After determining the attack target, the sur-
rounding behavior of wolves can be expressed as follows:

Figure 2: Network architecture diagram of (a) AlexNet and (b) ResNet-18.
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gray wolf and the prey after moving t times, respectively;
during the encirclement process, the convergence factor
→
a decreases linearly from 2 to 0 according to the encircle-
ment behavior of the gray wolf; the value range of the
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→
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random change parameter with direction. After encircling
the prey, consider α, β, and δ to be three potential solu-
tions, and their positions change with the movement of
the prey, such a chasing behavior can be expressed as
follows:
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where j = α, β, and δ; n = 1, 2, 3;
→
Dj represents the

Euclidean distance from α, β, and δ to γ;
→
Xn defines the

step size and direction of γ moving toward α, β, and δ;

( )+
→
X t 1p represents the final position of γ. When the prey
stops moving and the gray wolf attacks the prey, the

optimal value is determined. The value of
→
a decreases

linearly from 2 to 0, which is the core of this stage, indi-
cating that the value of the corresponding

→
A changes in

the corresponding interval, and the next update position
of the gray wolf will be closer to the prey position
(optimal solution) [53,54].

2.4.2 GWO optimized by PSO (PSO–GWO)

Because the GWO algorithm does not consider the indi-
vidual’s own experience in the optimization process and
lacks communication between the individual position
and the group position, it may lead to premature conver-
gence of the algorithm, and it is easy to fall into the local
optimum. The group optimization algorithm used needs
to have strong global optimization ability. So, consider
improving the deficiencies of the GWO algorithm.

The essence of the PSO algorithm is that the particles
continue to make directional variable-speed movements
in space and find the next position through their memory
and group communication to find the optimal solution.
Therefore, the position update method of the particle can
be used to replace the position update of the individual
gray wolf, so that the GWO has memory during optimiza-
tion. The update formulas for the velocity and position of
the PSO algorithm are [55] as follows:
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where x represents the position of the particle; v repre-
sents the flight speed of the particle; c1 and c2 are accel-
eration constants, which control the speed of the parti-
cles, represent the individual historical best position,
and represent the global best position. In addition, the
adjustment inertia constant γ is introduced to enhance the
global search ability and local development ability of
GWO, and the variation range of γ is [0.5, 1]. Therefore,
the updated formula of the speed and position of wolves in
the PSO–GWO algorithm is expressed as follows:
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The first formula in formula (5) becomes

∣ ∣= ⋅ − ⋅
→ → → →
D C X ω X .j n j (8)

To verify the improvement of the improved PSO–
GWO algorithm in the optimization ability, six types of
optimization algorithm performance test functions were

Figure 3: Schematic diagram of the GWO algorithm.
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selected to conduct simulation tests on GWO and PSO–
GWO, respectively, and for each test, the number of
populations and the maximum number of iterations of
the algorithm were set to 30 and 500. The experimental
results are shown in Figure 4. From the image of the
performance test function, it can be concluded that in
addition to the maximum value, the test function also
has dense and continuous local minima and local
maxima, which can greatly test the global optimization
ability and optimization efficiency of the group optimiza-
tion algorithm. From the simulation test results of the six
types of test functions on the GWO and PSO–GWO algo-
rithms, it can be concluded that the improved PSO–GWO
algorithm has a better convergence effect and global opti-
mization ability than the GWO algorithm.

2.4.3 BPNN

Use the network prediction process to replace the prac-
tical training process of convolutional networks, then the
network should meet the following two requirements: (1)
simple structure and fast training speed; (2) fast predic-
tion speed and high accuracy. As a typical three-layer
neural network, BPNN is composed of only input layers,
hidden layers, and output layers, and the structure com-
position is relatively simple. In addition, BPNN is widely
used in non-linear forecasts. Liang et al. [56] used BPNN
to predict the deformation temperature of coal ash, which
has higher predictive accuracy compared to traditional
linear regression and Factsage calculation. Aiming at
the nonstationarity and complexity of traffic flow, Peng
and Xiang [57] established a prediction model through
BPNN, optimized it through the GA, and finally realized
an accurate prediction of traffic flow. Zhang and Lou [58]
used BPNN and a deep learning fuzzy algorithm to pre-
dict stock prices and concluded that the trend prediction
of stock prices by BPNN is better than that of the deep
learning fuzzy algorithm. It can be seen that the BPNN
has a strong predictive ability for nonlinear complex
situations.

This article uses the 3-layer BPNN as a prediction
model. Assuming the input super-added combination
vector is ( )=x x x x, ,1 2 3 , the output of the hidden layer
can be represented as follows:

⎛

⎝
⎜

⎞

⎠
⎟∑= −y f w x θ ,i

j
ij j j (9)

where yi is the output of the ith neuron in the hidden
layer; xj is the jth feature; wij is the weight value from

the jth neuron in the input layer to the ith neuron in the
hidden layer; θj is the threshold of the jth neurons in the
hidden layer; and ( )⋅f is the transfer function from the
input layer to the hidden layer. The output of the output
layer is similar to the output of the hidden layer and can
be expressed as follows:

⎜ ⎟
⎛

⎝

⎞

⎠

∑= −z g h y n ,l
i

li i l (10)

where zl is the output of the lth neuron in the output
layer; yi is the output of the ith neuron in the hidden
layer; hli is the weight value from the ith neuron to the
lth neuron in the hidden layer; nl is the threshold of the lth
neuron in the output layer; and ( )⋅g is the transfer function
from the hidden layer to the output layer [59,60].

The above process is the positive transmission pro-
cess of the network. To optimize the weight and threshold
of the network, the network still needs to be adjusted
by feedback to minimize the error of the output layer.
The schematic diagram of the BPNN algorithm is shown
in Figure 5.

To enable BPNN to have the ability to predict the
training accuracy of convolutional networks, first, the
actual training accuracy of corresponding convolutional
networks under different hyperparameter combinations
is counted, thus generating a certain number of sample
pairs. Let BPNN train on these sample pairs, learn the
nonlinear relationship between the values of hyperpara-
meters and the network training results, and then use
them as a prediction model to predict the fitness value
of the optimization algorithm.

2.4.4 PSO–GWO–BP surrogate model

The design flow of the proposed surrogate model is
shown in Figure 6. It should be noted that the inverse
of the output result of BPNN is used as the fitness value of
PSO–GWO, that is, if the output value of BPNN is ac, then
the fitness value is 1/ac. After the PSO–GWO algorithm
reaches the maximum number of iterations, the values of
the convolutional network’s training accuracy and hyper-
parameter combination corresponding to the best fitness
can be output.

3 Methodology

In summary, a small-sample transfer learning fault diag-
nosis algorithm based on the combination of diesel
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engine STFT time–frequency images and hyperparameter
autonomous optimization deep convolutional networks
improved by the PSO–GWO–BPNN surrogate model is
proposed in this article. The following problems in diesel
engine fault diagnosis are attempted to be solved by this
method.
1) Try to use a simple feature extraction method to reflect

the fault characteristics of the signal to avoid the par-
ticipation of too many human factors in the feature
extraction.

2) Due to the small number of fault samples of equip-
ment in the actual industrial environment, an attempt

Figure 4: Simulation results of performance test functions on GWO and PSO–GWO algorithms: (1) test function F1; (2) test function F2; (3)
test function F3; (4) test function F4; (5) test function F5; (6) test function F6.

Figure 5: Schematic diagram of the BPNN. Figure 6: Surrogate model hyperparameter optimization flowchart.
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is made to improve the fault diagnosis accuracy under
the condition of small samples.

3) Attempts to improve the effectiveness and efficiency of
network hyperparameter optimization.

The algorithm framework is shown in Figure 7, which
includes five steps in total. The specific process includes:
1) First, the diesel engine fault preset experiment is car-

ried out, and the vibration signal of the cylinder head
is collected and preprocessed;

2) Second, the collected cylinder head vibration signal
is converted into three-channel RGB time–frequency
image samples through STFT and divided into a

training set and a test set according to a certain
proportion;

3) Next, use the AlexNet network model and ResNet-18
network model pre-trained on the ImageNet image set
as the basic migration model;

4) Furthermore, the learning rate of all network layers
with parameter space before the last fully connected
layer of the two-class convolutional network is set to
0. That is, these network layers are frozen, and only
the parameters of the last fully connected layer are
initialized so that it can learn the classification fea-
tures of diesel engine failure samples;

5) Then, train the convolutional network to obtain the
training accuracy and use the result set to train the
BPNN. Then, use the PSO–GWO–BPNN surrogate
model to optimize the hyperparameters of the two
types of convolutional networks autonomously;

6) Finally, two classes of convolutional networks are
trained using the optimized hyperparameters; the
test sample is then diagnosed, and the classification
result is obtained.

4 Experimental data collection and
sample construction

Relying on the six-cylinder in-line diesel engine for
testing, the condition monitoring test bench is shown
in Figure 8. The entire test bench is mainly composed of
a diesel engine control panel, a high-pressure common rail
diesel engine, and a data acquisition system. The basic
information is shown in Table 1. In terms of data acquisi-
tion, six piezoelectric vibration acceleration sensors are
used to realize the multi-channel acquisition of vibration
signals from the engine cylinder head, and the sampling
frequency is 20,000 samples/s. A total of eight hybrid
failure modes are set up in this article, see Table 2 for
details. Details of the preset fault settings are shown in
Figure 9.

After the conversion and effect analysis of the sensor
data in the early stages, it was decided to select the fifth
channel signal for research in the experiment. The
sample point number was 5,000, and each of the eight
types took 55 samples. The vibration signals and STFT
time–frequency diagrams under eight types of faults are
shown in Figure 10. It can be seen that there are subtle
differences between the signals of different types of
faults, whether it is the time-domain diagram or the
STFT time–frequency diagram. But it is still unable to
directly judge the fault type. Therefore, it is necessary to

Figure 7: The flow chart of the fault diagnosis algorithm proposed in
this article.

1004  Yangshuo Liu et al.



rely on the powerful feature extraction and learning
capabilities of the deep learning model to realize the
classification and identification of diesel engine hybrid
fault states.

At the same time, to verify the diagnostic effect of the
proposed diagnostic method under the condition of small
samples, the number of samples of each type is taken as
55, 45, 35, and 25, respectively. According to the ratio of
1:4, the samples are divided into training sets and test
sets. The number of data sets under different sample size
conditions is shown in Table 3. So far, the image samples
for training and testing have been constructed.

5 Results and discussion

During training, the AlexNet model uses the SGDM opti-
mizer and the ResNet-18 model uses the Adam optimizer
[61]. The empirical values of the initial learning rates
corresponding to the two optimizers are 1 × 10−2 and
1 × 10−3, respectively. However, because the initial learning

Figure 8: The condition monitoring test bench.

Table 1: Basic information on the diesel engine

Term Information Term Information

Type Six-cylinder in-line, high-
press common rail

Rated
power

155 kW

Model CA6DF3-20E3 Rated
speed

2,300 rpm

Size 1,330 mm × 970mm ×
1,005 mm

Net power 147 kW

Table 2: Failure mode settings

Serial number Failure mode

M1 No failure
M2 Misfire in the first cylinder
M3 Misfire in the second cylinder
M4 Insufficient fuel supply
M5 Air filter blocked
M6 M2/M3
M7 M3/M5
M8 M3/M4/M5

Figure 9: (a) Disconnect the startup power cord; (b) install the metal cover; and (c) replace the defective fuel injection pump.
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Figure 10: Time domain diagram and STFT time–frequency diagram of cylinder head vibration signal under different fault conditions.
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rate is too large during transfer learning, the network
cannot converge, so the learning rate is usually reduced
by 1–2 orders of magnitude, generally 1 × 10−4 and 1 × 10−5

[62]. In addition, in the AlexNet model, the learning rate
decay strategy of decreasing 0.9 in 10 epochs is adopted,
and the momentum value of stochastic gradient descent
(SGD) is 0.9. At the same time, tomake up for the impact of
the low initial learning rate on the learning speedwhen the
ResNet-18 model is trained under the conditions of the
Adam optimizer, the weight and bias learning factors in
the fully connected layer are set to a larger value of 10.
These values were obtained through previous experiments.
Table 4 lists the parameter settings of the network model.

5.1 Transfer learning fault diagnosis based
on AlexNet network model

First, the hyperparameters of the AlexNet network model
are optimized. The empirical values of the initial learning
rate, the batch size, and the maximum number of training
epochs of the model, and the optimization range of the
surrogate model are shown in Table 5 [63,64]. Taking the
total number of samples as 440, as an example, 25 sets of
different hyperparameter combinations are used to train
the network. The hyperparameter values and training
results are shown in Table 6. The values of the hyperpara-
meters in the table are the initial learning rate, batch size,
and the maximum number of training epochs. Use these
results to train the BPNN, then use the PSO–BPNN,
GWO–BPNN, and the PSO–GWO–BPNN surrogate models
to optimize the network’s hyperparameters and finally use
the optimized hyperparameter values to train the network
to get the test results. In the same way, the optimization
results and network training results under other sample
sizes can be obtained. Table 7 and Figure 11 list the varia-
tion of the network training results with the sample size

Table 3: Number of data sets under different sample size conditions

Total set Train set Test set

440 88 352
360 72 288
280 56 224
200 40 160

Table 4: Model parameters and implementation platform

Training options

Net architectures AlexNet and ResNet-18
Optimizers SGD (learning rate = 1 × 10−4, momentum = 0.9) Adam (learning rate = 1 × 10−5)
Remark The values of the learning rate, batch size, and maximum number of training rounds will be optimized

Table 5: Empirical value of hyperparameters and the optimization range of the surrogate model

Value Initial learning rate Batch size Maximum number of training rounds

Experience value 1 × 10−4 12 9
Optimization range value [5 × 10−5, 1.5 × 10−4] [6,16] [5,10]

Table 6: Training results with different hyperparameter values

Hyperparameter values Accuracy (%) Hyperparameter values Accuracy (%)

[5 × 10−5,6,5] 96.59 … …
[5 × 10−5,7,6] 96.31 [1.1 × 10−4, 10, 9] 98.43
[6 × 10−5,7,6] 97.16 [1.2 × 10−4, 15, 10] 95.24
[7 × 10−5,7,7] 97.17 [1.4 × 10−4, 16, 10] 97.62
… … [1.5 × 10−4, 16, 10] 94.05
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under different hyperparameter values. Figure 12 lists the
confusion matrix of the network training results and the
classification features calculated by the fully connected
layer under different data amounts.

From the above experimental results, the following
conclusions can be drawn:
1) From the training results in Table 7 and Figure 11, the

PSO–GWO–BPNN surrogate model optimizes effec-
tive hyperparameters for the network. The network
training results optimized by the PSO–GWO–BPNN
surrogate model are better than the network opti-
mized by the PSO–BPNN and GWO–BPNN surrogate
models and the network under the empirical value; in

addition, the optimization effect of the GWO–BPNN
surrogate model is not obvious compared with the
empirical value, which is even lower than the empirical
value in some cases. This shows that the PSO–BPNN
and GWO–BPNN surrogate models do not find the
globally optimal hyperparameters, and it also proves
the effectiveness of the PSO–GWO–BPNN surrogate
model in autonomously optimizing network hyper-
parameters.

2) The proposed diagnostic algorithm can achieve excel-
lent performance in fault diagnosis under small sample
conditions. First, the diagnostic accuracy of the network
does not fluctuate greatly with the decrease in the
sample size and remains above 90%. When the sample
size is 440, the highest accuracy rate can reach 98.58%.

3) It can be concluded from Figure 12 that the proposed
diagnosis algorithm can discriminate most of the eight
types of mixed faults with high precision. Only M1
(normal state) faults and M2 (one cylinder misfire)
faults will cause misjudgments. The reason may be
that the characteristics of M1-type faults and M2-type
faults are similar. In addition, when the sample size
drops to 200, the phenomenon of misjudgment will
be more serious, and there is a misjudgment of M4
(insufficient oil supply) faults. The reason may be
that the sample size is insufficient and the data features
that lead to M4-type failures are not sufficiently
learned.

4) In terms of training time, the network can efficiently
complete training and realize diesel engine fault diag-
nosis in a short time due to the strategy of freezing
some parameter layers.

Table 7: Empirical value of hyperparameters and the optimization range of the surrogate model

Sample size Method Hyperparameter values Accuracy (%) Training time (s)

440 PSO–GWO–BPNN [1.1 × 10−4,8,8] 98.58 24
PSO–BPNN [1.3 × 10−4,9,8] 98.32 32
GWO–BPNN [1.2 × 10−4,7,8] 98.11 30
Experienced [1 × 10−4,12,9] 98.00 40

360 PSO–GWO–BPNN [1.09 × 10−4,7,9] 98.26 43
PSO–BPNN [1 × 10−4,8,8] 97.32 38
GWO–BPNN [1.1 × 10−4,9,8] 97.62 43
Experienced [1 × 10−4,12,9] 97.53 53

280 PSO–GWO–BPNN [1.1 × 10−4,6,9] 96.88 34
PSO–BPNN [9 × 10−5,8,9] 94.88 35
GWO–BPNN [1 × 10−4,9,9] 93.14 33
Experienced [1 × 10−4e,12,9] 94.23 38

200 PSO–GWO–BPNN [1 × 10−4,6,8] 90.00 21
PSO–BPNN [8 × 10−5,9,9] 86.96 30
GWO–BPNN [1.02 × 10−4,7,7] 86.33 42
Experienced [1 × 10−4,12,9] 85.23 32

Figure 11: Comparison chart of different hyperparameter optimiza-
tion methods for the AlexNet network model.
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Figure 12: Confusion matrix of the AlexNet network training results and the classification features calculated by the fully connected layer
underdifferent data amounts: (a) 440; (b) 360; (c) 280; (d) 200.
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5.2 Transfer learning fault diagnosis based
on ResNet-18 network model

The hyperparameters of the ResNet-18 network model
are also optimized first. The empirical values of the
initial learning rate of the model, the batch size, and
the maximum number of training epochs, and the opti-
mization range of the surrogate model are shown in
Table 8 [65]. Taking the total number of samples as
440, as an example, 25 sets of different hyperparameter
combinations are used to train the network. The hyper-
parameter values and training results are shown in
Table 9. Table 10 and Figure 13 list the variation of the

network training results with the sample size under
different hyperparameter values. Figure 14 lists the con-
fusion matrix of the network training results and the
classification features calculated by the fully connected
layer under different data amounts.

From the above experimental results, the following
conclusions can be drawn:
1) The same experimental results as the AlexNet network

model can be obtained from Table 10 and Figure 13.
After the optimization of the PSO–GWO–BPNN sur-
rogate model, the ResNet-18 network is efficiently
trained, and the test results are better than the
PSO–BPNN and GWO–BPNN surrogate models and

Table 8: Empirical value of hyperparameters and the optimization range of the surrogate model

Value Initial learning rate Batch size Maximum number of training rounds

Experience value 1 × 10−5 12 8
Optimization range value [5 × 10−6, 1.5 × 10−5] [6,16] [5,10]

Table 9: Training results with different hyperparameter values

Hyperparameter values Accuracy (%) Hyperparameter values Accuracy (%)

[5 × 10−6,6,5] 92.35 … …
[6 × 10−6,7,5] 92.60 [1.1 × 10−5,11,8] 95.88
[6 × 10−6,8,6] 93.21 [1.2 × 10−5,12,6] 96.02
[9 × 10−6,8,6] 94.65 [1.4 × 10−5,15,7] 94.48
… … [1.5 × 10−5,16,7] 91.49

Table 10: Empirical value of hyperparameters and the optimization range of the surrogate model

Sample size Method Hyperparameter values Accuracy (%) Training time (s)

440 PSO–GWO–BPNN [1.2 × 10−5,8,6] 96.31 20
PSO–BPNN [1.1 × 10−5,8,8] 92.96 32
GWO–BPNN [1 × 10−5,7,8] 93.22 35
Experienced [1 × 10−5,12,8] 92.65 19

360 PSO–GWO–BPNN [9 × 10−6,6,5] 92.01 18
PSO–BPNN [1.3 × 10−5,6,7] 90.35 30
GWO–BPNN [1.03 × 10−5,10,9] 89.33 32
Experienced [1 × 10−5,12,8] 90.22 16

280 PSO–GWO–BPNN [1 × 10−5,6,6] 91.07 14
PSO–BPNN [1.2 × 10−5,7,9] 88.30 19
GWO–BPNN [9 × 10−6,7,7] 90.01 15
Experienced [1 × 10−5,12,8] 89.60 16

200 PSO–GWO–BPNN [8 × 10−6,6,5] 86.25 12
PSO–BPNN [9 × 10−6,6,8] 85.32 12
GWO–BPNN [8 × 10−6,10,6] 84.51 16
Experienced [1 × 10−5,12,8] 82.45 12
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the empirical method. The ability of the PSO–G-
WO–BPNN surrogate model to well optimize the net-
work hyperparameters is once again demonstrated.

2) The fault diagnosis algorithm based on the ResNet-18
network model can still achieve stable and excellent
performance in the fault diagnosis under the con-
ditions of small samples. The diagnostic accuracy
of the network will not fluctuate greatly with the
decrease in the sample size. Even when the sample
size is 440, the accuracy rate can reach 96.31%; even
when the sample size drops to 200, the accuracy rate
can reach 86.25%. However, the overall diagnostic
accuracy of the ResNet-18 network model is lower
than that of the AlexNet network model, which means
that the model training effect is not necessarily better
with more network layers.

3) It can be concluded from Figure 14 that compared
with the AlexNet network model, the ResNet-18 net-
work model can also better identify most of the eight
types of mixed faults. The misjudged fault types are
also basically consistent with the AlexNet network
model, including M1 (normal state) faults, M2 (first
cylinder misfire), and M4 (insufficient fuel supply)
faults. The difference is that when the number of sam-
ples is 360 and 200, the ResNet-18 network model has
misjudged the M6 (the first- and second-cylinder mis-
fire) faults and the M7 (the second-cylinder misfire
and air filter blockage) faults. The possible reasons
are that: the deep features extracted by the ResNet-
18 network model and the AlexNet network model are
different, and the decrease in the amount of data leads
to the fact that the features of some faulty types of
data are not completely learned.

4) In terms of training time, due to the introduction of
residual connections in the ResNet-18 network model,
it has a shorter training time cost and higher training
efficiency than the AlexNet network model.

5.3 Validity analysis of surrogate model

To verify the prediction accuracy of the surrogate model,
taking the sample size of 440 as an example, the trained
BP network is used to predict the accuracy of the four
hyperparameter combinations outside the optimization
range of the AlexNet network and the ResNet-18 network.
The comparison results with the actual training results
are shown in Table 11 and Figure 15. It can be seen
from the experimental results that the surrogate model
can predict the actual training results of the network with
high accuracy, and the error can be kept between 0.23%
and 1.45%. This strongly demonstrates the effectiveness
of the model. In the case of large errors, the reason may
be that the number of training samples of BPNN is not
enough, and the implicit relationship between the values
of hyperparameters and the training results cannot be
fully learned; but such errors are allowed.

In addition, based on ensuring the prediction accu-
racy, the role of the surrogate model is also reflected
in the shortening of the time cost. Taking the training
of the AlexNet network with a sample size of 440 as an
example, the training time of the network is 24 s. If the
traversal parameter adjustment method is used, the net-
work needs to be trained at times. With the surrogate
model, only 25 training sessions are required. The latter
has a time cost of ×701 24 s less than the former.
Compared with such a large time gap, the iteration time
of the PSO–GWO algorithm of the surrogate model is
negligible. The efficiency of the PSO–GWO–BPNN surro-
gate model in network hyperparameter optimization time
is thus demonstrated.

5.4 Performance comparison analysis

To further verify the comprehensive performance of the
diagnostic algorithm proposed in this article, the time–
frequency image samples of the diesel engine were input
into the following models for training. These models
include the AlexNet network model and the ResNet-18
network model without a freezing strategy, that is, the
network layer parameters of the whole domain will be

Figure 13: Comparison chart of different hyperparameter optimiza-
tion methods for the ResNet-18 network model.
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Figure 14: Confusion matrix of the ResNet-18 network training results and the classification features calculated by the fully connected layer
under different data amounts: (a) 440; (b) 360; (c) 280; (d) 200.

Transfer learning fault diagnosis algorithm using PSO–GWO–BPNN surrogate model  1013



learned. These two methods are denoted by NF-AlexNet
and NF-ResNet-18, respectively. Inception-v3 network
with freezing strategy (F-Inception-v3) [66], VGG-16 net-
workwith freezing strategy (F-VGG-16) [67], support vector
machine with PSO parameter optimization (PSO–SVM)
[68], kernel learning machine with PSO (PSO–KLM) [69],
and random forest with PSO (PSO–RF) [70]. The input of
the SVM is the one-dimensional spectral distribution
of the vibration signal after STFT calculation. The two
convolutional models in this article are denoted by PSO–
GWO–BPNN-AlexNet and PSO–GWO–BPNN-ResNet-18,
respectively. It should also be noted that the network
models used all have initial parameters, that is, they
are pre-trained on the ImageNet image set. First, the
sample size was set to 440, and the mean of the 10 experi-
mental results for each model is shown in Table 12.

From the above experimental results, it can be con-
cluded that the PSO–GWO–BPNN-AlexNet and PSO–GWO–
BPNN-ResNet-18 methods proposed in this article can
reach the highest 98.58% and 96.31%, respectively, sur-
passing other models; and the time cost is the least,

which reduces the time by 40–100 s compared with other
models. This fully proves that the diagnosis method in this
article can complete the hybrid fault diagnosis of a diesel
engine with high precision and efficiency.

In addition, to further verify the stable performance
of the diagnostic algorithm under small sample condi-
tions. Set the sample sizes to 440, 360, 280, and 200,

Table 11: Predicted results of the surrogate model and the actual training values of the network

Model Hyperparameter values Prediction accuracy (%) Actual accuracy (%) Error (%)

AlexNet [9 × 10−5,6,6] 97.33 97.68 0.35
[1 × 10−4,8,7] 97.99 97.51 0.48
[1.1 × 10−4,10,8] 97.22 98.00 0.78
[1.2 × 10−4,12,9] 96.15 95.62 0.53

ResNet-18 [9 × 10−6,6,6] 94.88 94.02 0.86
[1 × 10−5,8,7] 94.50 95.85 1.45
[1.1 × 10−5,10,8] 94.50 95.24 0.74
[1.2 × 10−5,12,9] 96.23 96.00 0.23

Figure 15: The predicted results of the surrogate model and the actual training values of the network. (a) AlexNet; (b) ResNet-18.

Table 12: Comparison between models

Model Average
accuracy (%)

Training
time (s)

NF-AlexNet 95.84 130
NF-ResNet-18 95.66 95
F-Inception-v3 90.65 120
F-VGG-16 94.34 233
PSO–RF 76.30 93
PSO–KLM 75.23 86
PSO–SVM 71.33 63
PSO–GWO–BPNN–AlexNet 98.58 24
PSO–GWO–BPNN–ResNet-18 96.31 20
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respectively, and reenter the abovemodel for training. The
mean of 10 experimental results is shown in Figure 16. It
can be seen from the experimental results that the PSO–
GWO–BPNN-AlexNet and PSO–GWO–BPNN-ResNet-18
methods in this article perform very stable under the
conditions of small samples and maintain high diag-
nostic accuracy. NF-AlexNet and NF-ResNet-18 perform
parameter learning for all network layers, so the fault
features of the data are relatively fully learned. Therefore,
when the amount of data is reduced, the accuracy will not
drop significantly. However, since the hyperparameters
of the network cannot be optimized, the overall diagnostic
accuracy is still lower than that of PSO–GWO–BPNN-
AlexNet and PSO–GWO–BPNN-ResNet-18. NF-AlexNet
and NF-ResNet-18 perform parameter learning for all
network layers, so the fault features of the data are rela-
tively fully learned. Therefore, when the amount of data
is reduced, the accuracy will not drop significantly.
However, since the hyperparameters of the network
cannot be optimized, the overall diagnostic accuracy is
still lower than that of PSO–GWO–BPNN-AlexNet and
PSO–GWO–BPNN-ResNet-18. This shows that the deeper
the number of network layers does not necessarily mean
that the learning effect of the data is better, but the appro-
priate network model and diagnosis method need to be
selected according to the data. Finally, the diagnostic
effect of PSO–RF, PSO–KLM, and PSO–SVM is not very
satisfactory, and the accuracy rate drops greatly when
the sample size decreases. This is because traditional
machine learning methods cannot learn classification fea-
tures only from the spectral distribution of the data, and
they do not have the powerful feature extraction ability of
deep networks.

To sum up, compared with the common deep models
and machine learning diagnosis algorithms, the diag-
nosis method proposed in this article can not only realize
the hybrid fault diagnosis of a diesel engine with high
accuracy and efficiency but also has very stable and good
performance under the condition of small samples.

6 Conclusion

A small-sample transfer learning fault diagnosis algo-
rithm based on the combination of diesel engine STFT
time–frequency images and hyperparameter autonomous
optimization deep convolutional networks improved by a
surrogate model is proposed in this article. Taking the
STFT time–frequency image of the vibration signal of
the diesel engine cylinder head as a sample, the hyper-
parameters of the AlexNet and ResNet-18 networks were
autonomously optimized using the PSO–GWO–BPNN
surrogate model. The transfer learning from the ImageNet
dataset to diesel engine fault samples is realized, and
high fault diagnosis accuracy and diagnosis efficiency
are obtained. The main contributions of this method are
as follows:
1) The vibration signal from the cylinder head under

different fault types of the diesel engine is collected
by the acceleration vibration sensor. The vibration
signal is then converted into a 3-channel RGB time–
frequency image using STFT calculations, providing a
good input for the diagnostic model. In addition, this
simple feature extraction method minimizes the fac-
tors of the artificial selection of features.

2) By combining the PSO algorithm and the GWO algo-
rithm, the PSO algorithm is used to optimize the posi-
tion update method of the GWO algorithm, which
enhances the communication between individuals
and groups in the GWO algorithm and further improves
the global optimization ability of the GWO algorithm. In
addition, the PSO–GWO–BPNN surrogate model is
formed by combining the PSO–GWO algorithm and
BPNN, and the hyperparameters of the AlexNet and
ResNet-18 networks are effectively and autonomously
optimized. It is verified by the diesel engine fault diag-
nosis experiment that the two types of convolutional
networkmodels can efficiently classify the hybrid faults
of diesel engines after being optimized by the surrogate
model.

3) In this article, two network models of AlexNet and
ResNet-18 are used as transfer models, and the
transfer learning strategy of freezing the shallowFigure 16: Model training results with different sample sizes.
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network parameters and fine-tuning the deep network
parameters realize the knowledge transfer from the
ImageNet image set to the time–frequency images of
diesel engine fault signals. After the fault diagnosis
experiment under the condition of a small sample,
it is concluded that compared with the common
deep network model and machine learning algo-
rithm, the diagnosis algorithm in this article can
not only realize the hybrid fault diagnosis of a diesel
engine with high precision but also has excellent and
stable performance under the condition of a small
sample.

To sum up, compared with the existing fault diag-
nosis algorithms, the algorithm proposed in this article
has low requirements on the amount of data and does not
require the staff to have too much professional knowl-
edge. More importantly, the algorithm can autonomously
and efficiently adjust the parameters according to the
data, to better learn the knowledge and characteristics
of the data. Therefore, this research can provide a theo-
retical reference for practical application technologies
such as fault diagnosis of industrial equipment. At the
same time, there are still problems and deficiencies that
can be further studied in this article. For example, opti-
mizing the deep network structure, improving the feature
extraction and learning capabilities of the network,
researching surrogate models with higher accuracy to
improve the efficiency of parameter optimization, and
finding more effective migration strategies to further
reduce the data volume requirements and improve the
accuracy and efficiency of fault diagnosis.
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