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Abstract: Due to the complexity of the compressor operating conditions and the existence of various
disturbances and unsteady effects in the flow field, the analysis of compressor stator vibration
characteristics becomes particularly critical. The convolutional neural network model combined
with a transient CFD method was introduced to solve the difficulty of analyzing the flow load of the
compressor stator blade. This paper mainly focuses on two key points: the complex change of the
aerodynamic load and the accurate prediction of the blade excitation. Considering the stator–rotor
interference, the unsteady effects, and the variable working condition characteristics, the random
disturbance analysis model of the flow field boundary was generated to simulate the unsteady flow
excitation of the stator under complex working conditions. By establishing the neural network of
boundary disturbance and flow excitation characteristics, the prediction model was trained and
generated under the support of large-scale data. The most important role of the model was to
establish the end-to-end data mapping between the disturbance condition and the aerodynamic load
of the stator blade. The conclusions demonstrate that the introduction of an airflow disturbance
is helpful to obtain the excitation characteristics of the stator under complex working conditions.
The model established in this paper based on 1000 groups of disturbed working condition data
can effectively predict the aerodynamic load of the blades under complex working conditions. In
addition, the construction of the model is beneficial for saving a lot of computing resources, and
the prediction accuracy also reaches a good level. The method presented in this paper provides a
reference for the vibration analysis of the compressor stator.

Keywords: airflow disturbance; blade vibration; unsteady excitation; neural network; prediction model

1. Introduction

At present, the development trend of the compressor is towards higher and higher
parameters. Because of the strong unsteady flow in the compressor, there are complex
flow excitation characteristics on the blade. At the same time, the compressor operation
often needs to change the operating condition, and there are various disturbances in the
operating environment, resulting in the blade vibration problem becoming more and more
prominent. Under this condition, it is very necessary to study the transient flow field and
the characteristics of complex flow excitation load in the compressor.

The computational fluid dynamics (CFD) method has become matured after years
of development. The complex flow characteristics of the compressor can be captured
effectively by this method. Furthermore, the unsteady flow force and other loads on the
blades can be obtained by a further analysis, so to evaluate the vibration behavior of the
blades and the safety of the equipment. Using numerical methods, Du [1] carried out
three-dimensional flow field calculations of the blade. The results show that the numerical
results are stable. Additionally, when they are compared with the experiment data, the
error is very small. It has been proven that the method is suitable for an engineering
application. Mailach [2] studied the unsteady flow force on the blade of a four-stage
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compressor through experiments and CFD methods, and they found that the frequency and
amplitude of an unsteady flow force changed greatly under different working conditions
between the design point and the limit point. In view of the unsteady force of blades,
some scholars [3–7] have used numerical methods to study an compressor model, and
the results showed that unsteady aerodynamic loads were generated by the stator–rotor
interaction. Under different working conditions, the aerodynamic loads show complex
variation rules, and they have different effects on the pressure surface and suction surface.
The unsteady flow field of a multistage axial compressor has been analyzed [8,9]. The
authors compared the blade time average and the instantaneous integral parameters and
the local parameter pulsation.

In the actual operation process of compressor, it is impossible to operate only in a spe-
cific design condition, and this often deviates from the design condition, and so, it operates
under a variable working condition. Moreover, due to the influences of the environmental
disturbance and air flow, there will be some differences between the operating parameters
and the theoretical situation at a certain operating point. The fluctuation of the working
conditions will have a great influence on the airflow excitation of the compressor blades.
Anon [10] summarized the influence of the compressor operating under a disturbance
condition. Based on the acceptable boundary disturbance parameters, the influence of
the total pressure and temperature on the aerodynamic response is discussed from the
experimental and simulation perspectives. Niu [11] studied the influence of the operating
conditions on the compressor’s performance and the mechanism of dynamic and static
interaction. Rzadkowski [12,13] numerically calculated the unsteady low-frequency aero-
dynamic forces of the blades caused by an asymmetric upstream flow. Yu [14] established a
boundary condition model for an unsteady numerical simulation of the inlet circumferen-
tial distortion. Jia [15] discussed the influence of different working conditions on unsteady
pressure fluctuations of the blades. Vogeler [16] carried out a detailed experimental study
on the stall of a four-stage low-speed compressor, focusing on blade aerodynamic excitation.
Under various working conditions, the rotor–stator interaction has a great influence on the
blade excitation force.

At present, the compressor operating conditions are complex and changeable, and the
vibration safety problem is prominent. For the study of compressor blades, the accurate and
rapid prediction of the unsteady forces is particularly critical. With the rapid development
of neural network technology, the combination of CFD technology and intelligent algorithm
has been born. Brunton [17] reviewed the advantages and development trends of the com-
bination of CFD technology and machine learning methods as well as the interdisciplinary
approaches. It has been concluded that the method of machine learning has a great positive
effect on the application and popularization of computational fluid dynamics. Kutz [18]
combined a deep neural network (DNN) to study the flow characteristics. Zhang [19]
built a simplified DNN model based on DNS computing data. The research shows that
the use of a network is helpful to reveal the characteristics of Reynolds stress. Chen [20]
found through research that using a DCNN network to establish a composite model can be
used to break through the problem of multivariable model association. Using an HDNN
network, Han [21] conducted a flow field analysis under various transient conditions, and
the error between the DNN prediction results and the numerical calculation values was
very small. Hasegawa [22] used a CNN and an LSTM to construct a composite model to
effectively predict the unsteady flow, while Kou [23] used a multi-core neural network to
improve the calculation accuracy of the model. Hu [24] used an ASA and an RRBF to build
a flow field prediction model, which was more accurate than the single RRBF model was.
Li [25] built a blade excitation analysis model based on machine learning, which could
achieve the fast and accurate prediction of unsteady aerodynamic forces. Du [26] adopted
the DCNN network which can precisely give rich flow field information and performance
characteristics within 3 ms of training to enhance the design optimization problem of
the end wall profile of a turbine stator blade. Du [27] also applied the DCNN structure
in the field of airfoil design optimization to generate fundamental airfoil profiles with
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only three basic parameters, with high prediction accuracy when it was compared to the
traditional machine learning methods. Wang [28] established a data-driven deep learning
off-design aerodynamic prediction model to improve the inefficiency of the traditional
off-design analyses for a S-CO2 centrifugal turbine based on a deep CNN structure. Li [29]
proposed a real-time data-driven high-fidelity wing shape optimization method to meet
the interactive requirements of aircraft design, rather than using expensive computational
fluid dynamics simulations, which were validated in several single point, multi-point, and
multi-objective wing design optimization problems. Wang [30] compared different deep
learning methods for energy conversion and heat transfer problems, concluding that the
CNN was a promising surrogate model due to its acceptable prediction error and ability to
reconstruct the physical fields.

It should be noted that at present, the application of artificial intelligence methods in
fluid mechanics mainly focuses on the flow field characteristics, but there is little research
on the application of network modeling to unsteady aerodynamic loads. In this paper, a
machine learning algorithm and a unsteady flow analysis method were combined to estab-
lish a compressor blade flow excitation prediction model. The unsteady flow characteristics
can be captured by small batch of numerical simulation results data training. Additionally,
aerodynamic loads of the compressor blades under complex working conditions can be
obtained by using the data mapping of the operating condition input and the airflow
excitation parameter output. When it is compared to traditional models, the proposed
model not only saves a lot of computational resources and time, but it also achieves a high
level of accuracy. In addition, this study also provides an effective method for analyzing
the aerodynamic load of the blades under various disturbance conditions.

2. Machine Learning Methods
2.1. Overall Research Framework

The main idea is shown in Figure 1. Firstly, the range and parameters of the compressor
condition disturbance are defined to generate the compressor condition disturbance data
matrix. Based on the transient flow excitation analysis model of the compressor stator
blade, the flow excitation of the stator blade under the compressor disturbance condition
is solved. The transient pulsation pressure of different blade heights on the stator surface
was obtained. The FFT method was used to obtain the mean value, amplitude, and other
characteristics of the axial and circumferential airflow excitation and establish the sample
data set of the working condition disturbance.
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Two networks are used to predict the physical field and the excitation characteristics,
respectively. The detailed network structure is given later. The flow field reconstruction
network was used to establish the compressor stator surface pulsation pressure prediction
model. The compressor disturbance condition variable was used as the input parameter,
and the transient pulsation pressure distribution of the stator blades was used as the output
parameter. The convolutional neural networks were selected to build the analysis model of
the compressor stator blade’s condition disturbance excitation. The flow field information
of the compressor stator blade is used as the input parameter, and the mean value and
amplitude of airflow excitation of stator blade are used as the output parameters to train the
convolutional neural network model. Once the well-trained model was obtained, the flow
excitation characteristics of stator blades could be predicted by the disturbance variables
in any working condition. In the figure, the gray rectangle represents the numerical
calculation steps, while the bottom rectangle represents the neural network. In addition,
“SCNN architecture” is used later to represent the entire network.

The performance prediction network and the field reconstruction network are the
two sub-networks that make up the SCNN framework that has been built in this paper,
which is depicted in Figure 1. The design variables are the first network’s input; the second
network’s input is flow field information; the latter network’s output is aerodynamic
performance targets. The field reconstruction progress can be described as follows:

Ŷ1 = F̂1(X,Θ1) (1)

where the loss function of the field reconstruction network is written as:

LŶ1
= L(Y1,

_
Y1) = L

(
‖Y1 − F̂1(X,Θ1)‖

)
(2)

where X is the design variables,
_
Y1 is the predicted flow field, Y1 is the true flow field, and

Θ1 is the factors in the network that are to be learned which can be obtained by minimizing
LŶ1

when it is subjected to:

Θ1 = argmin
Θ1

{
∑
D

(
LŶ1

)}
(3)

where D is the dataset of flow fields obtained by CFD.
Similarly, the performance prediction progress can be expressed as follows:

Ŷ2 = F̂2(Ŷ1,Θ2) = F̂2(F̂1(X,Θ1), Θ2) (4)

where the loss function of the performance prediction network is showcased as:

LŶ2
= L(Y2,

_
Y2) = L

(
‖Y2 − F̂2(F̂1(X,Θ1), Θ2)‖

)
(5)

where Y2 is the actual aerodynamic performance parameters, Ŷ2 is the predicted aerody-
namic performance parameters, Θ2 is the factors in the network that are to be learned
which can be obtained by minimizing LŶ2

when it is subjected to:

Θ2 = argmin
Θ2

{
∑
D

(
LŶ2

)}
(6)

2.2. Network Structure

The overall framework of the network structure that has been built is detailed in
Figure 2, including two sets of network models. One of the network’s functions is the flow
field reconstruction. Another function of the network model is the performance prediction.
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For the flow field reconstruction model, the input variables, namely the working
condition parameters, are processed by some of the network modules to become the output
variables, namely the flow field parameters. In detail, the fully connected layer is used to
reconstruct the input variables, which result in a characteristic tensor with two dimensions.
Then, in order to match the size of the output variables with the real size of the flow field
parameters, some of the operation modules are used to process this part of data so to obtain
the real flow field. There are two operations, up-sampling and convolution. For another
performance prediction network model, some necessary network operations are applied
to convert the real flow field data which are obtained from the CFD results into predicted
values of the blade excitation parameters. In detail, a large number of real flow field data
which are obtained from CFD numerical simulation are input into the excitation prediction
module. Next, in order to obtain the flow excitation parameters of the compressor blades,
a series of combined operations are used to transform the flow field data. It includes
7 down-sampling modules. There are also two layers that are used for pooling and full
connectivity. It must be explained here that after a successful blade excitation prediction
model is constructed through a large amount of data training, the predicted flow field
parameters can also be used as its input variables. Using the coupling relationship between
the output and output variables, two effective network structures are combined together to
form a very complete SCNN network model.
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However, in the process of the network’s construction and training, it is easy to
encounter two thorny problems, namely slow convergence and gradient explosion. Ac-
cordingly, some simple and effective methods have been adopted for data processing to
solve these problems. Both the input and output variables in each of the network models
were batch normalized. The normalization operation is mainly aimed at performing data
preprocessing. For each up-sampling module, it includes four convolution submodules
and an activation layer with an ReLU function. In the process of the convolution operation,
the convolution kernel size of its module is 3, the operation step size is 1, and the filling
size is 1. This paper uses a powerful Adam optimization algorithm to train the structure
of the SCNN. For improving the training efficiency, a small batch mode is adopted in the
training process. In this paper, 1000 sets of working condition disturbance parameters and
part of the corresponding transient pressure pulsation on the stator blade surface are used
as the training sample data set.

3. Parametric Methods and Data Collection
3.1. Research Model

The transient flow excitation analysis model of the compressor stator was established.
According to the actual equipment that were studied, a three-dimensional flow field CFD
model was constructed by the mesh discretion of the rotor and stator blade geometry
to verify the solution’s accuracy and the speed of the model, so to meet the steady-state
and unsteady solution requirements of high fidelity for the stator blade. Additionally, the
3D flow field model includes a guide moving-vane stator-vane 1.5 level model, which
adopts multi-core parallel computing to conduct the CFD simulation of the flow field.
In order to reduce the flow channel and save the resources for the transient calculation,
the study model was adjusted to include 50 guide blades, 25 rotor blades, and 50 stator
blades. The standard operating speed is 3000 rpm. In addition, the subsequent calculation
efficiency of working condition disturbance is improved through adaptive numerical
model construction, solution, and post-processing, which can meet the needs of large-scale
data solutions. Through this model, the simulation analysis and data acquisition of the
compressor transient flow excitation are realized efficiently and accurately. Figure 3 shows
the numerical model.
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Figure 3. The numerical model.

3.2. Flow Equations and Meshing

There are three conserved variables in the equation, namely the mass, the momentum,
and the energy. For the 3D CFD simulation, it can be uniformly described by the following
formula:

div(ρuϕ)= div(Γgradϕ) + S (7)
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In detail, there are three terms in the equation from left to right, which represent the
convection term, the diffusion term, and the source term in the flow field. It should be
noted that the meaning of ϕ is a universal variable. If ϕ is equal to 1, then the equation
is continuous. When ϕ means temperature, the equation becomes an energy equation.
Similarly, if ϕ is the velocity in any direction, the momentum equation is obtained. Γ
represents the generalized diffusion coefficient. S represents the source item. the three-
dimensional flow of a compressor blade is studied in this paper. The continuum hypothesis
and the vortex viscosity hypothesis were adopted. Therefore, the RANS method is used in
this paper to simulate the compressor flow field. The Reynolds average method (RANS) is
a widely used numerical simulation method of modelling the turbulence in engineering.
The turbulence model that was used in this study is k-w. An ideal air condition was used
as the working medium. Additionally, the wall surface adopts no slip boundary condition.
When the calculated residual is less than 10−5, the calculation is considered to converge.

In order to save the time that it used for data acquisition, the reduced model was
used to calculate the compressor blade three-dimensional flow. The mesh generation of
the model was performed by calling the TurboGrid macro command in MATLAB. The
flow channel is extended axially downstream of the model to enhance the computational
convergence. It is helpful to improve the quality of boundary layer meshes by using
O-mesh to generate meshes near the blades. For improving the solution accuracy, the
mesh density near the front and back edges is increased. Since the mass flow is a working
condition parameter in a sample calculation, its calculation accuracy is closely related
to the sample data quality. The model that is used in this paper represents the actual
equipment in the project, and one working point of the model is used as the reference for
grid independence verification in a steady-state calculation. Table 1 shows the research
results of grid independence of the model. It can be found that when the grid number
increases to 4.4 × 105, the relative deviation of the calculated value of flow is less than 0.4%.
So this grid scale is adopted as the benchmark. Figure 4 shows a grid diagram of the fluid
domain during the CFD calculation.

Table 1. Mesh independence study.

Nodes Number Massflow/(kg·s−1) Deviation/%

9 × 104 69.52 -
1.7 × 105 71.13 2.26
2.8 × 105 71.75 0.86
4.4 × 105 72.00 0.34
7.9 × 105 72.04 0.05
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Figure 4. Mesh of rotor and stationary blades.

3.3. Sample Data Setting

The data matrix of the compressor stator blade in a limited working condition and
disturbance range can be generated by self-programming, and the boundary mutation
caused by the inlet distortion can be simulated during the operation of the compressor.
Thus, the unsteady flow field of a compressor stator blade which is driven by disturbance
data is analyzed, and the typical characteristics of the flow excitation on the stator blade
surface under the disturbance are obtained. Finally, the corresponding database of the
airflow disturbance and stator blade excitation is formed. In the disturbed space, enough
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sample space should be constructed for the data acquisition to facilitate network learning.
Therefore, the quantity and distribution of the data should have sufficient randomness.
For the input data, they are distributed using the Latin hypercube sampling method. This
method fully guarantees the randomness and uniformity of the samples in the working
condition space. Further, within the assumed range of the operating condition disturbance,
the sampled samples can cover all of the possible areas without local a concentration
phenomenon occurring. In fact, the number of samples is closely related to the accuracy of
the model. When the number of samples is too small, the underfitting of the training model
leads to a poor prediction accuracy. The selection of the total sample size is positively
correlated with the number of input variables and output variables. If the network model
has fewer input and output variables, then the required sample size is smaller. When there
are more variables, the coupling relationship is very complex, resulting in a very large
sample size. In this paper, the LHS method is used to obtain 1000 groups of operating
disturbance variables.

For the research model in this paper, if a 20-core CPU was used to solve the problem,
then the calculation time for each case would be about half an hour. If the subsequent
post-processing and data collation are taken into account, the time of a single case would
not exceed 1 h. Two computers were used for the numerical simulation, and the total data
preparation time was about 18 days. The disturbance range of the input parameters of the
model that is constructed in this study is 8%. So, the data can include a percentage change.
Further, if a larger range of percentage data changes is required, the sample extraction of
the corresponding range can be carried out in the sampling stage. Of course, this means
that the number of samples will increase accordingly. Table 2 shows the parameter ranges.
Figure 5 shows the scatter diagram of the relationship between the variables, which shows
that there is a high degree of randomness among the variables in the disturbance space.

Table 2. RANGES OF SAMPLING.

Parameters Unit Value

Inlet total pressure Pa [72,000, 78,000]
Inlet total temperature K [288, 312]

Outlet massflow kg/s [72, 78]
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4. Results and Discussion
4.1. Influence about Training Sizes

Seven groups of data with different training set proportions were selected to train the
aforementioned SCNN network model. When the proportion of training set data changes,
the prediction error of test set will also change. Figure 6 shows this trend. The flow field
is predicted to be the unsteady pressure of a section of blade height on the stator blade
surface. The airflow force prediction parameter is the airflow load on the blade, where
the FT is the average value of the tangential airflow load, and the FX is the average value
of axial load. In addition, “1 order FT” represents the first order tangential airflow force
amplitude. Similarly, “1 order FX” represents the force amplitude of the first order axial
flow. To further explain the figure below, it is important to point out the definition of the
relative error. It represents the average error of all of the predicted values and the real
values for the field prediction model. In terms of the load prediction model, the relative
error represents the average error between the model prediction parameters of all of the
load variables and the real values which are calculated by the CFD.
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It can be clearly observed from the figure that the values of the relative error decrease
rapidly as the proportion of training sets increases. Additionally, the error tends to be stable
when the training set size reaches 0.3. The reason for this phenomenon occurring is that the
proportion of data is too low for the small training set, and the constructed neural network
system cannot be fully trained. Therefore, the prediction error of lower training set size is
large. However, the training effect will not always increase with the increase in the training
set size. Because too much training data can easily lead to over fitting of the model. At this
time, the network training effect is no longer significantly improved. Therefore, the large
training set size prediction error tends to be stable.

For the research in this paper, satisfactory prediction results can be obtained when
the training set ratio is 0.3. At this time, the efficiency and accuracy of the neural network
model reach a relatively balanced state. Its training effect and resource consumption are
considerable. Therefore, only 300 groups of samples are required to participate in the
network training for the data that were used in our research. It is very necessary to reduce
the consumption of the computing resources in the data preparation stage, which is also
conducive to the popularization and application of the model.

4.2. Results of Flow Field Reconstruction

The pressure is the target variable of the flow field reconstruction; the prediction of
the pressure is completed at the same time when the model is training. Figure 7 gives the
information about the changes with the iteration steps of the loss function in the training
process. After several training and testing phases in the network model, the batch size of
32 with a considerable level of accuracy is finally selected. According to the results in the
previous section, the training set sample proportion here is defined as 0.3.
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It is not difficult to find from the figure that at the beginning, the loss function of
both of the network structures decreases very rapidly. While the step of the iteration
exceeds 200, the loss function of flow field reconstruction model reaches a small value as
the learning rate further decreases. It is 10−5 in the training set, and it is 10−4 in the testing
set. Similarly, by observing the training process of the network structure of the incentive
prediction, it can be clearly observed that the loss function has the same downward trend.
In a word, the training process of network model is complete according to the characteristics
of loss function.

Figures 8–11 show the real pressure field and the predicted pressure field of 0.1, 0.4,
0.6, and 0.9 stator heights for a specific instance in the test set at different times, respectively.
The stationary blade bears the impact of the wake flow of the upper swimming blade, and
periodic airflow excitation appears on the blade surface under the unsteady calculation. It
can be clearly seen that the surface pressure of different blade height sections undergoes an
obvious change at different calculation times. Moreover, the surface trend is basically the
same at 0T and T, while the difference is the largest at 0.5T. This corresponds to a complete
cycle of airflow excitation.
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(d) t = 3/4T. (e) t = T.

At the same time, it can be seen that the airflow excitation level of the stator at several
blade heights is also different, which is reflected in the curve area surrounded by the
pressure surface and suction surface. Due to the complex characteristics of the internal flow
field of the compressor, the pressure pulsation values at different heights are inconsistent.
By comparing all of the pictures, it can be observed that the unsteady prediction data of
each section at different times are very close to the numerical curve that was calculated
by the CFD. It can be proven that the network performance of flow prediction reaches a
high accuracy level. On the other hand, the pressure values at LE and TE of the stator
blade changed sharply, which is clearly reflected and accurately predicted in the figure.
The results showed that the influence of the wake on the leaves was also clearly reflected.
Therefore, the flow field reconstruction network is also very effective in capturing the
details of the compressor flow field. In conclusion, this method is very reasonable and
reliable for a transient pressure evaluation. Because the two subnetworks are combined,
the high prediction accuracy of this network also lays a foundation for the prediction of the
airflow excitation.

4.3. Comparison of Performance Prediction

In view of the characteristics of the airflow excitation of the compressor stationary
blades, we mainly compared and analyzed the mean and amplitude of the airflow force.
The average tangential airflow force data results for all of the validation sets are presented
in Figure 12. The excitation prediction model can be used to obtain the average tangential
airflow force of the blade under each working condition sample. Additionally, this part of
data can be compared and analyzed with the numerical simulation results. The distribution
of the predicted values and the actual values as well as the relative error of distribution
density can be clearly obtained from the figure.
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It is easy to observe that the prediction error of all of the test sample points is very
small. The predicted and actual values of the average tangential load of the blade are in
good agreement with y = x ray. All of the points are within the error range of 2%, without
there being any exceptions. Additionally, the trend of the distribution density is consistent
with the characteristics of the normal distribution. This result reveals the sufficiency of the
network training and the accuracy of the model in predicting the average tangential force.

In addition to the mean value of the excitation force, the amplitude of each order of
the airflow force load is also an important research parameter for blade vibration. The
FFT treatment in this paper ignores the higher-order terms and retains the first-order
airflow force amplitude characteristics of the blades under each working condition. For
the validation set data, the real value and the predicted value of the first-order amplitude
of the tangential airflow force are shown in detail in Figure 13. It is not difficult to find
that the tangential airflow force amplitude of the blade has a large variation range due to
the disturbance of the operating conditions. This further illustrates the complexity and
necessity of studying the blade load under the condition of disturbance. It can be found
that the data points of each test set are also very concentrated around y = x. Very few
outliers fall outside the 2% error band. Therefore, it is reliable to apply this model to the
prediction of airflow excitation with the first-order amplitude of the tangential flow force.
Through the above method, the load characteristics of compressor blades can be predicted
quickly and accurately.
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A similar analysis can be performed for the axial flow force of the blade. Here, the
model results and the calculated values of the axial force load mean of the compressor stator
blade are also shown in Figure 14. It is not difficult to find that the model still achieves a
quite satisfactory prediction accuracy. The data points in each validation set fall well within
the 2% error band and fit tightly around y = x. In addition, the distribution density of the
graph also corresponds to the characteristics of normal distribution. Additionally, it can be
found that the mean value of the axial force is smaller than the tangential force is. The same
conclusion can be obtained from the results of the first-order axial flow force, as shown
in Figure 15. With the exception of a few points that fell outside the 2% margin of error,
almost all of the predictions were very accurate. This is because the prediction parameters
themselves are small so the error fluctuations that are caused by the disturbance are large.
In conclusion, this network model constructed that was In this research could be used to
effectively predict the aerodynamic load of the compressor blades.
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Figure 14. Mean axial flow force ((a) Predicted value and true value; (b) relative error density dis-
tribution). 
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Figure 14. Mean axial flow force ((a) Predicted value and true value; (b) relative error density
distribution).

In fact, during the numerical analysis in this study, the simulation results of steady-
state operating points are consistent with the actual results. Moreover, the data error of
airflow force is very small under the design condition. The rationality of the numerical
analysis in this paper is verified. The established transient excitation prediction model
needs to be further compared with the real operating parameters of the compressor for
analysis, and this part of the work needs to be further carried out in the following studies.
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Figure 14. Mean axial flow force ((a) Predicted value and true value; (b) relative error density dis-
tribution). 
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Figure 15. First order amplitude of axial flow force ((a) Predicted value and true value; (b) relative
error density distribution).

5. Conclusions

As far as this study is concerned, the deep learning method is used to carry out the
excitation prediction of the compressor stator unsteady flow field. Two network structures
are established to connect the compressor operating parameters with the blade flow field
parameters and the excitation characteristics. In addition, the aerodynamic characteristics of
the compressor under complex working conditions are obtained by an unsteady calculation.
A large amount of CFD data were used to train the network model, and good training
results have been obtained. Finally, an effective prediction model was formed to analyze
the unsteady flow field and the flow force parameters of the compressor stator blades under
complex working conditions. The research in this paper contributes a simple and reliable
method to the analysis of the compressor blade load under complex working conditions.
The main conclusions are as follows:
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(1) This paper compares the influence of different training set sizes on the network
training effect. In both the flow field prediction model and the blade airflow excitation
parameter prediction model, the relative error between the model results and the
actual values decreases gradually when the training set size increases gradually.
The best training set size is 0.3. In this case, both the flow field and the excitation
prediction loss function are reduced to below 10−4. At this time, the relative errors of
the model forecasts have been reduced to a considerable level. If the training accuracy
is increased, overfitting will occur. It can be seen that the SCNN network model that
is presented in this paper can use a small number of CFD data to obtain good training
effects and achieve accurate parameter predictions.

(2) A test sample was selected for the study, and the prediction effects for the transient
pressure on the stator’s different sections at 0.1, 0.4, 0.6, and 0.9 blade heights were
compared and analyzed in detail. It can be found from the results that the flow
prediction network has a very good prediction effect on the unsteady pressure. The
actual value that was calculated by the CFD is very close to the predicted result of
the network model at each time point or blade section. This method can also reliably
obtain the flow parameter details of the LE and TE of the stator blade. At the same
time, very obvious periodic information of the pressure fluctuations can be obtained
by solving an unsteady calculation. It shows that the network that is presented in this
paper is accurate and reliable for the prediction of the blade’s transient parameters.

(3) In terms of the compressor flow excitation prediction under complex working con-
ditions, it can be seen that the network model that was trained with 1000 working
condition disturbance samples has achieved good results. By comparison, it can be
found that the relative errors of both the mean value and the first-order amplitude of
the axial and tangential blade airflow loads are very small. Most of the data points
were within 2% of the error. Moreover, the predictions of various parameters are
in good agreement with the normal distribution. This method of the blade load
analysis is efficient and accurate, and it has a good reference value for the blade
vibration analysis.

The research of this paper has more scope for further expansion. On the one hand, the
airflow load data are combined with the finite element method, and the network model
of the blade vibration response and the operating condition disturbance can be analyzed.
On the other hand, the excitation characteristics of the compressor rotor blades are more
complex, and the method that is proposed in this paper can also be used to predict the load
under complex working conditions.
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