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Abstract

Accurately predicting the temperature field of turbine blades is of great significance for
evaluating the thermal reliability and service life of high-temperature components in aero-
engines. However, due to the high computational cost of numerical simulations and the
limitations imposed by complex geometric structures and harsh operating environments,
experimental measurements can usually only obtain sparse sensor data, making the acqui-
sition of complete temperature distributions still challenging. Therefore, reconstructing
the complete temperature field under sparse measurement conditions has become a key
research issue in turbine thermal analysis. To address this problem, this paper proposes
an attention-enhanced CNN–LSTM framework for reconstructing transient turbine blade
temperature fields from sparse data. The model combines the spatial feature extraction
capability of Convolutional Neural Networks (CNNs) with the time-series modeling ca-
pability of Long Short-Term Memory networks (LSTM). An SE channel attention module
is introduced in the CNN feature extraction stage to achieve adaptive recalibration of
channel features, and a temporal attention mechanism is incorporated after the LSTM layer
to highlight key transient thermal features. A multi-condition temperature field dataset
was constructed by conducting Computational Fluid Dynamics (CFD) simulations on low-
pressure turbine guide vanes, and the model was experimentally validated through thermal
shock tests. The results show that the proposed model can accurately reconstruct the spatial
distribution and transient evolution of the turbine blade temperature field under sparse
measurement conditions. Under different operating conditions, the predicted temperature
fields are highly consistent with the CFD results, with the maximum Reconstruction error
remaining below 19 ◦C. Error distribution analysis indicates that the model has stable
Reconstruction performance and good generalization ability.

Keywords: turbine blade; thermal shock test; physical field reproduction; deep learning;
small sample data

1. Introduction
As a key component of aero-engines, turbine blades serve for a long time in environ-

ments with complex coupled loads such as high temperature and high pressure. Their
extreme working conditions pose severe challenges to material performance, structural
reliability, and service life [1]. During actual operation, turbine blades often fail prematurely
before reaching the expected equivalent service time [2–4], thereby posing a serious threat
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to the safe and stable operation of the engine. However, the causes of turbine blade failure
are extremely complex, and the influencing factors cover multiple aspects such as structural
design, material performance, and unit operating conditions [5]. A large number of engi-
neering practices and studies have shown that the uneven temperature distribution formed
during the service of turbine blades and the local thermal stress induced by it are one of
the important reasons for blade damage and failure [6–8]. Therefore, accurately predicting
the blade temperature field is of great significance for turbine blade life Reconstruction.

Currently, the acquisition of turbine blade temperature fields mainly relies on two ap-
proaches: numerical simulation and experimental measurement. Among them, numerical
simulation methods (such as CFD and conjugate heat transfer analysis) can obtain relatively
complete temperature distribution information, so they are widely used in blade charac-
teristic research. Gorgulu, YF et al. [9] systematically analyzed the cooling performance
of gas turbine blades through the CFD method. Under different incoming flow velocity
conditions, a comparative study was conducted on the k–ω SST, k–ε, and Reynolds stress
model (RSM). The results showed that the k–ω SST model exhibited good comprehen-
sive performance between Reconstruction accuracy and computational efficiency, with the
temperature Reconstruction deviation controlled within 3%. Zacharko, Bartosz et al. [10]
performed a steady-state thermal analysis on the uncooled rotor blades of the low-pressure
turbine of a dual-rotor turbofan engine using a three-dimensional CFD method based on
the Reynolds-averaged Navier–Stokes (RANS) equations, and obtained the distribution
laws of the heat transfer coefficient and adiabatic wall temperature on the blade surface.
The research results indicated that the heat transfer coefficient in the leading edge region
of the blade reached the maximum value under takeoff conditions, and the temperature
showed obvious non-uniform distribution characteristics along the radial and axial di-
rections. Tuncil, Ismail et al. [11] studied the influence of parameters such as hole shape,
hole diameter, spanwise angle, coolant flow rate, temperature, and turbulence intensity
on film cooling efficiency. They used the k-omega SST turbulence model and conducted
CFD numerical analysis on C3X turbine blades with the help of ANSYS Fluent. The results
showed that the parameter combination of triangular holes, −45◦ spanwise angle, and
2 mm hole diameter achieved the optimal cooling effect. Triangular holes have outstanding
potential in improving cooling performance, which can provide a basis for the optimization
of high-temperature turbine film cooling.

Although numerical simulation methods can provide high-precision temperature field
information, their calculation process is complex and the computational cost is high, making
it difficult to meet the needs of rapid Reconstruction and online evaluation in engineering
applications. At the same time, limited by the complex geometric structure of turbine blades
and the high-temperature gas environment, experimental measurements can usually only
arrange sensors at limited positions. The obtained temperature data show obvious sparsity
and non-uniform distribution characteristics, making it difficult to directly reflect the
complete evolution law of the temperature field. To improve the temperature measurement
capability of high-temperature components, Zhonglin Ji et al. [12] developed a thin-film
thermocouple array based on MEMS technology, realizing high-precision and low-intrusive
measurement of the transient temperature field of high-temperature components in aero-
engines, which provides an important experimental basis for obtaining temperature data
in real service environments. In addition, Lavagnoli et al. [13] studied the estimation
method of flow parameters related to heat transfer through transient turbine experiments,
systematically analyzed the uncertainties of adiabatic wall temperature and convective
heat transfer coefficient, and proposed an error quantification method based on multiple
test strategies, which can effectively reduce the uncertainty of temperature measurement
under complex turbine operating conditions. Although the above studies have achieved
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certain results, they still cannot realize the high-precision reconstruction of the complete
temperature field under sparse measurement conditions.

In recent years, data-driven deep learning methods have made significant progress in
the Reconstruction and inversion of complex physical fields. Compared with traditional
numerical methods, such methods can realize fast approximate Reconstruction of high-
dimensional nonlinear systems by learning potential mapping relationships from existing
data, showing good application prospects in fields such as flow analysis, heat transfer
calculation, and structural response evaluation. To meet the high timeliness requirements
for thermal protection evaluation of double-wall cooled turbine blades, Xiaoming Tan [14]
proposed a performance Reconstruction model based on deep learning. In this study, a
dataset was constructed through Latin hypercube sampling and validated CFD simulations,
and a BP neural network was used to establish the mapping relationship between ther-
modynamic parameters, spatial coordinates, and blade surface temperature distribution.
The experimental results show that the model exhibits extremely high Reconstruction
accuracy in key areas such as the pressure surface and blade tip, with a mean absolute
percentage error (MAPE) of less than 2%. Mingyang Hao [15] et al. proposed a physically
encoded neural network deep learning method, which can invert the transient temperature
field of metals during the entire steady flow cycle through limited surface temperature
time series data. The study was verified by multi-dimensional tests, and the results are
in good agreement with the real values, which greatly reduces the experimental cost and
provides an accurate and economical solution for predicting the transient temperature
distribution in the solid domain. For turbine blades with complex cooling channels, Jinxing
Li et al. [16] proposed a network (ASP-GNN) to predict aerodynamic strength characteris-
tics and temperature fields under different boundary conditions. The study verified the
advantages of the model in Reconstruction accuracy and time consumption, and limited
training samples can ensure good generalization. It also quantified the influence of bound-
ary conditions and obtained unsteady characteristics, which can provide a fast method
for turbomachinery design and analysis and reduce the workload of complex engineering
numerical simulations. Zuobiao Li et al. [17] constructed a super-resolution model based
on deep learning to reconstruct the complete pressure and temperature fields on the blade
surface from limited observation data. The study proposed a pyramid model with four
optional input ports to adapt to data with different numbers of spanwise sections. After
evaluating three training strategies, it was confirmed that distributed training is more
time-efficient and flexible while maintaining high accuracy. Jin Mi et al. [18] decomposed
(SPOD) algorithm and proposed a multi-condition SPOD framework. By decomposing
multiple typical transient scenarios, a frequency-domain aware and condition-robust modal
basis was constructed, and the reconstruction task was transformed into a compressed
sensing inverse problem, using least squares projection to estimate modal coefficients. The
study also explored the criteria for dataset construction and verified the model through
two sets of sparse measurement data. The results show that compared with the traditional
gappy POD algorithm (1.04%), the average reconstruction error of this algorithm is only
0.12%, which significantly improves the accuracy and has a good application prospect
in the actual reconstruction of turbine blade temperature fields under variable working
conditions. However, existing data-driven models are still prone to problems such as
overfitting or insufficient Reconstruction accuracy in local areas when facing highly sparse
inputs and strong non-uniform gradient distributions, which limits their popularization
and application in actual engineering.

To solve the above problems, a CNN-LSTM transient temperature field reconstruction
model fused with an attention mechanism is constructed to reconstruct the temperature
field from sparse measurement data. This model combines the advantages of convolutional
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neural networks (CNNs) in extracting spatial features with the ability of long short-term
memory networks (LSTM) to capture time series [19,20], which can not only effectively
extract the spatial distribution law of the blade temperature field but also capture the
dynamic evolution characteristics of the temperature field over time. On this basis, the
SE module is introduced in the convolution feature extraction stage. This module obtains
the channel statistical information of the feature map through global average pooling and
uses a fully connected network to model the nonlinear relationship between channels,
thereby performing adaptive weight allocation for different channel features. In addition,
to further enhance the model’s ability to model transient time information, a temporal
attention mechanism is introduced after the LSTM layer to capture the gradient change
characteristics during the evolution of the temperature field, improving the accuracy and
reliability of the overall temperature field reconstruction.

2. Methodology
2.1. Reconstruction Model of CNN-LSTM Framework Based on Attention Mechanism

This section will detail the attention mechanism-based CNN-LSTM framework for
turbine blade temperature field reconstruction. This framework aims to reconstruct the
global temperature field of turbine blades using limited boundary conditions or sensor
measurement data.

2.1.1. Data Preprocessing

To improve computational efficiency and mitigate the impact of feature dimensions
on Reconstruction results, normalization is applied to the input data. Let the input feature
matrix be X = [x1, x2, . . . , xT ], where xt ∈ RK denotes the K known measured point input
features (coordinates and temperature) at time t, and the output is the three-dimensional
temperature field Yt ∈ RM×N over the entire blade domain. Z-score standardization is
performed on the input features and temperature field labels:

x′t,k =
xt,k − µk

σk
(1)

In the formula, x′t,k and xt,k represent the k–th input feature before and after stan-
dardization, respectively, while µk and σk denote the mean and standard deviation of the
measured point over the entire training set.

2.1.2. Temperature Field Reconstruction Model

Directly reconstructing the three-dimensional temperature field of turbine blades
under sparse measurement conditions is a typical underdetermined inverse problem [21].
To improve the accuracy of temperature field reconstruction, this paper constructs an
Attention-enhanced CNN–LSTM framework that integrates the capabilities of spatial
feature extraction and time series modeling. The overall network framework is shown in
Figure 1.
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Figure 1. Network Structure.
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First, the preprocessed sparse sensor data is input into the network in the form of a time
series, and sequentially passes through the input layer and the sequence folding layer. After
converting the sequence data into a structure suitable for convolution operations, it is sent
to the CNN module. Subsequently, CNN is used to extract the spatial distribution features
of the temperature field. Through the mechanisms of local receptive fields and weight
sharing, convolution operations effectively capture local correlation patterns in the data,
thereby enhancing the model’s expressive ability in the feature space. After completing
the convolutional feature extraction, the SE attention mechanism is introduced into the
network to perform adaptive weighting on the feature channels, so as to enhance the
model’s ability to focus on key feature channels and make up for the deficiency of CNN in
feature recalibration at the channel dimension. Finally, a Long Short-Term Memory network
(LSTM) is introduced to model the temporal evolution process of the transient temperature
field, and a temporal attention mechanism is added after the LSTM to strengthen the ability
to capture key dynamic information, thus achieving high-precision reconstruction of the
transient temperature field of turbine blades.

The specific network parameters of the CNN-LSTM model based on the fused attention
mechanism are detailed in Table 1, where M represents the total number of training samples.

Table 1. Network parameter table.

No. Layer Type Parameters Output Size Activation

1 Sequence Input Input dimension: 3 × 1 × 1 3 × 1 × 1 –
2 Sequence Folding Convert sequence to feature map 3 × 1 × 1 × M –
3 Conv2D-1 Kernel: 1 × 1, Channels: 32 3 × 1 × 32 × M –
4 ReLU-1 – 3 × 1 × 32 × M ReLU
5 Conv2D-2 Kernel: 1 × 1, Channels: 64 3 × 1 × 64 × M –
6 ReLU-2 – 3 × 1 × 64 × M ReLU
7 Global Average Pooling Channel-wise pooling 1 × 1 × 64 –
8 SE Attention Block FC layers: 64 → 16 → 64 1 × 1 × 64 ReLU + Sigmoid
9 Feature Recalibration Channel-wise multiplication 3 × 1 × 64 × M –

10 Sequence Unfolding Restore temporal sequence 3 × 64 × M –
11 Flatten Feature vectorization 64 × M –
12 LSTM Hidden units = best_hd best_hd × M Tanh
13 Temporal Attention Attention weights over time best_hd Softmax
14 Context Vector Weighted sum of hidden states best_hd –

The specific implementation method of this network structure is detailed as follows:
Since the input measurement point or boundary condition data may contain local

spatial correlations, a two-dimensional convolution layer is used to extract deep spatial
features [22]. For the feature map of the input layer, the output feature of the i-th layer
convolution is calculated as follows:

Hl
i = σ

(
∑j W l

ij ∗ Hl−1
j + bl

i

)
(2)

where * denotes the convolution operation, W l
ij is the weight vector of the convolution

kernel, bl
i is the bias term, and σ(·) is the nonlinear activation function (the ReLU function

is adopted in this paper to alleviate the vanishing gradient problem). After multi-layer
convolution and pooling operations, the high-dimensional sparse raw data is mapped
into a low-dimensional dense feature vector HCNN that contains rich spatial topological
relationships, which serves as the input for the subsequent time-series module. The
structure of the designed CNN is illustrated in Figure 2.
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Figure 2. CNN Network Structure.

To further enhance the model’s ability to express key feature channels, the Squeeze-
and-Excitation (SE) attention mechanism is introduced after the CNN feature extraction
module. This module achieves adaptive recalibration of channel features by explicitly
modeling the dependencies between feature channels.

Perform global average pooling on the spatial dimensions through the Squeeze operation:

zc =
1

H × W ∑H
i=1 ∑W

j=1 Fc(i, j) (3)

where zc denotes the global feature descriptor of the c–th channel.
Subsequently, two fully connected layers are used to construct the Excitation operation,

generating channel weights:
s = σ(W2δ(W1z)) (4)

where W1 and W2 are learnable parameters; δ(·) represents the ReLU activation function;
σ(·) represents the Sigmoid function.

Finally, the obtained weight vector is multiplied with the original feature map in a
channel-wise manner:

F̃c = sc·Fc (5)

Through this process, the model can automatically enhance the response to important
feature channels while suppressing redundant information, thereby improving the feature
representation ability.

The heat transfer process of turbine blades is a typical transient process. Standard
RNNs are prone to gradient vanishing/explosion when processing long sequences [23]. In
contrast, LSTM introduces a unique gating mechanism [24,25] with the collaborative action
of input gates, forget gates, and output gates. Combined with convolution and pooling
operations for feature extraction, this mechanism effectively solves the aforementioned
problem [26].

At time step t, the LSTM unit receives the feature vector HCNN,t extracted by the CNN,
as well as the hidden state HCNN,t and cell state Ct−1 from the previous time step. The
LSTM architecture is illustrated in Figure 3.

The forget gate is mainly used to eliminate redundant historical thermal state informa-
tion and regulate the threshold for retaining or discarding historical thermal features. Its
mathematical expression is:

ft = σ(W f · [ht−1, HCNN,t] + b f ) (6)

where σ denotes the Sigmoid function, ⊙ denotes the Hadamard product (element-wise
multiplication), and W and b are the weight matrix and bias term of each gate, respectively.

The input gate (determines the retention degree of newly incoming aerothermal
boundary information):

it = σ(Wi · [ht−1, HCNN,t] + bi) (7)

C̃t = tanh(WC · [ht−1, HCNN,t] + bC) (8)
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The cell state update module fuses the historical thermal state and the current aerother-
mal input information to realize the iterative update of the cell state. The operation
formula is:

Ct = ft ⊙ Ct−1 + it ⊙ C̃t (9)

The output gate is used to screen the effective thermal features to be output and
determine the dimension and core content of the final output features. Its mathematical
expression is as follows:

ot = σ(Wo · [ht−1, HCNN,t] + bo) (10)

ht = ot ⊙ tanh(Ct) (11)

where σ denotes the Sigmoid function, ⊙ denotes the Hadamard product (element-wise
multiplication), and W and b are the weight matrix and bias term of each gate, respectively.

When the blade experiences abrupt aerodynamic conditions (such as flutter or rapid
acceleration), the historical states in certain specific time periods have a decisive influence
on the current temperature field distribution; meanwhile, high-temperature gradient re-
gions such as the leading edge and trailing edge of the blade require the model to allocate
more attention. Therefore, an attention mechanism is introduced after the LSTM layers:

First, calculate the matching score et between the hidden state ht at time step t and the
target state (or learnable context vector uw):

et = tanh(Waht + ba) (12)

The Softmax function is used to normalize the scores, yielding the attention weight et:

αt =
exp(eT

t uw)

∑L
k=1 exp(eT

k uw)
(13)

Finally, the outputs of the LSTM are linearly weighted and summed according to the
attention weights to obtain the context vector Catt that contains key spatio-temporal features:

Catt =
L

∑
t=1

αtht (14)

This mechanism ensures that the model can adaptively amplify the feature signals in
regions with drastic temperature changes and moments of abrupt operating conditions,
thereby significantly improving the reconstruction accuracy of hot spots in the tempera-
ture field.
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The feature vector Catt weighted by the attention mechanism is fed into a decoder
composed of fully connected layers, which finally maps it to the high-dimensional Recon-
struction value Ŷt of the full-domain blade temperature field:

Ŷt = Wcc + b (15)

2.1.3. Training Strategy

All numerical calculations, model training, and inference processes in this study were
conducted on a fixed desktop workstation. The operating system of this workstation
is Microsoft Windows 10 Professional Edition, the central processing unit is the 13th
Generation Intel Core i7-13700KF processor, and the graphics processing unit is the NVIDIA
Geforce-3060 GPU processor.

Given the limited sample size in this study, further adopting a fixed and independent
partitioning method for the training set, validation set and test set will reduce the amount
of data available for model training, which is unfavorable for the model to fully learn the
spatiotemporal evolution characteristics of the temperature field. Therefore, this paper
adopts the leave-one-out cross-validation framework for model training and evaluation. In
the outer cross-validation, one sample is reserved from all samples as the test set in each
round, and the remaining N–1 samples are used for model development. On this basis, one
sample is further divided from these N–1 samples as the validation set for hyperparameter
selection, training process monitoring and early stopping judgment, while the remaining
samples serve as the training set for model parameter updating. The above process is
repeated until each sample is independently evaluated as a test sample once, and the
average value of the test results from each round is finally taken as the overall performance
index of the model. After completing cross-validation and determining the optimal model
configuration, all samples are further utilized to retrain the final model, so as to realize the
reconstruction and Reconstruction of the full-domain temperature field of the blade.

The model training process uses the Adaptive Moment Estimation (Adam) optimizer
to complete the iterative update of network parameters. The optimizer is set with a first-
order moment exponential decay rate β1 of 0.9 and a numerical stability constant ε of
1 × 10−8 to balance the stability and convergence speed of parameter updates. The initial
learning rate for training is set to 0.01, and a step decay strategy is adopted to dynamically
adjust the learning rate. When the loss does not decrease for 180 consecutive training
epochs, the learning rate is reduced by 90%, and a lower limit of 1 × 10−6 is set for the
learning rate to avoid convergence stagnation caused by an excessively low learning rate.
The total number of training epochs is set to 2000.

The backpropagation algorithm is adopted for model training. To ensure full-domain
reconstruction accuracy while preventing model overfitting, the loss function is defined as
a combination of the mean squared error LMSE and the regularization term Lgrad

LMSE =
1
N ∑ (Tpred − Ttrue)

2 (16)

Lgrad =
∣∣∣∣∣∣∇Tpred −∇Ttrue

∣∣∣∣∣∣2 (17)

L = LMSE + λLgrad (18)

2.2. CFD Model and Methodology

The numerical model used in this study is a certain type of aero-engine low-pressure
turbine guide vane, whose geometric structure is shown in Figure 4. To simplify the
calculation, the geometric model only includes the three-dimensional surface structure
of the stacked blade profiles. There are two independent cooling air cavities inside the
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blade. The cooling gas enters the cavities through the blade root area, is distributed through
the internal channels, then flows along the flow direction, and conducts convective heat
transfer with the inner wall of the blade.

 

Figure 4. Simplified blade model.

It is assumed that the distribution of flow variables at the inlet and outlet is uniform.
Rotational periodic constraints are set on both circumferential sides. Other boundaries are
adiabatic and no-slip walls. To better approximate the real flow state, rotational periodic
boundaries are set on both circumferential sides, and the fluid–structure interaction model
is shown in Figure 5.

Inlet

Outlet

Cooling Air
Turbine vane

Periodic boundary

Figure 5. Fluid solid coupling model.

In this model, in the model adopted in this study, the blade is made of 0Cr25Ni20
high-chromium-nickel austenitic stainless steel, whose typical chemical composition (mass
fraction) is as follows: carbon 0.05%, silicon 0.70%, manganese 0.95%, phosphorus 0.025%,
sulfur 0.006%, chromium 24.5%, and nickel 19.3%. This material exhibits excellent corro-
sion resistance in oxidizing media, and its mechanical properties meet the requirements:
tensile strength ≥ 515 MPa, elongation ≥ 35%, making it suitable for corrosion-resistant
components and high-temperature working condition components below 1000 ◦C. Air is
simulated as an ideal gas for calculation and analysis. The relevant thermophysical prop-
erties of these two materials are summarized in Table 2. Since this study mainly focuses
on the impact of high temperature on the blade, the factor of aerodynamic pressure is not
considered for the time being.

In this paper, the Fluent Meshing 2024 is used to divide the computational domain
model into grids, constructing a poly-hexahedral hybrid grid structure. This grid type
combines the core advantages of hexahedral grids and polyhedral grids: hexahedral grids
have the characteristic of high computational accuracy and can effectively reduce numerical
dissipation in the boundary layer and mainstream regions; polyhedral grids, on the other
hand, exhibit excellent adaptability in complex geometric regions such as the leading edge
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and trailing edge of the blade. Therefore, they can significantly reduce the total number of
grids while ensuring computational accuracy. To verify the comprehensive performance
of this hybrid grid, this paper designed three sets of comparative experiments, using
tetrahedral grids, pure hexahedral grids, and poly-hexahedral hybrid grids for numerical
simulation respectively. The comparison results show that: under the condition that the
computational accuracy is of the same order of magnitude, the number of tetrahedral grids
reaches 2.1 million, and its computation time is 2.7 times that of the hybrid grid; the pure
hexahedral grid has severe grid distortion in complex regions such as the leading edge
and trailing edge of the blade, with grid orthogonality lower than 0.3, which cannot meet
the computational convergence requirements of the turbulence model [27]; in summary,
the poly-hexahedral hybrid grid shows significant advantages in balancing accuracy and
computational efficiency.

Table 2. Material parameters related to temperature.

Properties Air Steel Units

Density Ideal Gas 8030 [kg/m3]
Mass specific heat 1006.43 502 [J/(kg/K)]
Dynamic Viscosity 1.78 × 10−5 – [kg/(m × s)]

Thermal conductivity 0.0242 0.0115T + 9.9105 [W/(m × K)]

To improve the ability to analyze key flow characteristics, this paper performs local
grid refinement on core regions such as the leading edge and trailing edge of the blade to
accurately capture the flow separation phenomenon that may occur near the blade tip. By
increasing the grid resolution in key areas of the blade surface, the accuracy of numerical
calculations is effectively improved. At the fluid–structure interaction interface, this paper
constructs a three-layer boundary layer grid and further refines the near-wall region. It
should be noted that the core of this study is the influence of high-temperature environ-
ments on the thermal response characteristics of the blade, so the effect of aerodynamic
pressure factors is not considered in the numerical calculation. Figure 6 shows a detailed
schematic diagram of the overall grid layout and local refined regions.

 

Figure 6. Grid structure.

To ensure high numerical accuracy and computational efficiency, a grid independence
study was conducted on this model. Three gradually refined grid schemes were generated
and evaluated, as shown in Table 3.
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Table 3. Grid schemes.

Scheme Grid 1 Grid 2 Grid 3

Grid quantity/ten thousand 88 110 120

This paper mainly focuses on the temperature characteristics of turbine blades. There-
fore, the temperature distribution on the surface of the middle section of the blade is
selected for grid independence verification. The verification results using four different
grid configurations are shown in Figure 7. When the number of grids reaches 1.11 million,
the temperature distribution law on the blade surface almost coincides with that when the
total number of grids is 1.20 million, and the change in calculation results is less than 0.5%.
Considering both calculation accuracy and resource efficiency, 1.10 million grids are finally
used in the numerical simulation for numerical calculation.

0.0 0.1 0.2

450

500

550

600
 Grid 1
 Grid 2
 Grid 3

X/Cx

T/
(K

)

Figure 7. Section temperature variation in different grid numbers.

In this study, ANSYS Fluent 2024 is used to perform numerical simulations on a turbine
blade model. The flow and heat transfer processes are described by solving the three-
dimensional Reynolds-averaged Navier–Stokes equations, and the Realizable k–epsilon
turbulence model is employed to simulate turbulent effects. During the numerical solution
process, the COUPLED algorithm is used to achieve the coupled calculation of the pressure
field and velocity field. The spatial gradients and pressure terms are discretized using the
least-squares cell-based method and a second-order scheme. The turbulent dissipation
is discretized with the second-order upwind method. All terms except the turbulent
dissipation are discretized by the third-order MUSCL scheme. The convergence of the
calculation results is determined by monitoring the changes in residuals. In the simulation
process, the mainstream gas temperature is selected as a variable. During the thermal
cycle test, by adjusting the heating and cooling rates of the mainstream gas temperature
while keeping other operating parameters unchanged, the blade temperature distributions
under different working conditions are obtained. These three working conditions cover
the typical transient processes of an aero-engine from idle to takeoff and then back to idle,
with differences in mainstream heating rate, peak total temperature, cooling start time,
and cooling air flow rate, which can effectively verify the reconstruction accuracy and
generalization ability of the model under different heat loads and transient change rates.
The variation law of the mainstream gas temperature under each working condition is
shown in Figure 8, and the remaining test parameters are listed in Table 4.

The detailed operating parameters of the three working conditions (Working Condition
1, Working Condition 2, Working Condition 3) are shown in Table 5. The mainstream peak
total gas temperature is maintained at 1200 K under all working conditions, and the variable
parameters are mainly concentrated on the gas heating rate and the starting time of cooling.
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Among them, the heating rate of Working Condition 1 is 20 K/s, and cooling starts at
90 s; the heating rate of Working Condition 2 is 17.14 K/s, with the cooling starting time
advanced to 85 s; the heating rate of Working Condition 3 is further reduced to 15 K/s, and
the cooling starting time is advanced to 80 s.

0 50 100
400

600

800

1000

1200
 Case1
 Case2
 Case3
 Cooling gas

t/(s)

T/
(K

)

Figure 8. Mainstream gas inlet temperature.

Table 4. Boundary parameters of the fluid domain under experimental conditions.

Boundary Conditions Value Units

Total temperature at inlet of main gas flow domain Figure 8 [K]
Total pressure at inlet of main gas flow domain 0.8 [MPa]

Specific heat capacity of gas Cpgas [J/kg·K]
Mass flow at outlet of main gas flow domain 6.3631 [kg/s]

Mass flow at inlet of cooling airflow 0.2/0.1 [kg/s]
Total temperature at inlet of cooling gas 500 [K]

Table 5. Core operating parameters of the three working conditions.

Working Condition Mainstream Peak Total Temperature [K] Heating Rate [K/s] Cooling Start Time [s]

Case 1 1200 20 90
Case 2 1200 17.14 85
Case 3 1200 15 80

In this study, a zoned and fixed-point measuring point layout scheme is adopted to
obtain sparse temperature data that are more consistent with actual working conditions.
Specifically, five typical characteristic cross-sections are selected along the spanwise di-
rection on the outer surface of the blade, and 12 temperature sampling points are evenly
arranged along the circumferential direction on the outer surface of each cross-section,
resulting in a total of 60 measuring points on the outer surface. Meanwhile, considering
that the internal cooling air cavities of the blade exert a significant influence on the overall
heat transfer process, 6 temperature sampling points are respectively arranged in the key
areas of the internal cooling air cavities corresponding to Cross-Section 1, 4 and 5, with a
total of 18 internal measuring points set up. Accordingly, the total number of measuring
points inside and outside the blade is 78. The specific locations of each measuring point are
shown in Figure 9.

The above measuring point layout fully covers the main heat transfer areas of turbine
blades, including key parts such as the leading edge, trailing edge, pressure surface, suction
surface and internal cooling air cavities. The measuring points on the outer surface are
arranged evenly by sections, which helps characterize the overall distribution law of the
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temperature field on the blade surface; the internal measuring points are arranged in the
key areas of the cooling air cavities to capture the influence of internal cooling on local
temperature distribution. The total number of 78 internal and external measuring points
is consistent with the maximum deployable scale of sensors in actual engineering tests,
thus possessing favorable engineering implement ability. Based on the above standardized
measuring point layout method, representative sparse measured data can be provided for
subsequent temperature field reconstruction.

Sampling points on the outer surface
Cooling air chamber sampling point

1

2

3

5

4

Figure 9. Distribution location of sampling points.

It should be noted that the CFD results are used only to extract sparse temperature
samples at selected locations, so as to simulate the sparse temperature measurements that
can be obtained in real experiments

2.3. Thermal Shock Test

To verify the accuracy and reliability of the established model, a thermal shock test
on turbine blades was conducted to obtain the blade test data under real working condi-
tions. The test was carried out using the thermal shock test bench at Shenyang Aerospace
University, Shenyang, China and the test bench is shown in Figure 10.

Blade installation section

Cooling gas

Gas collection section

Combustion chamber

 

Figure 10. Thermal shock test rig.

The test piece uses a certain type of high-pressure turbine guide vane, adopting a
layout form of 2 test blades paired with 2 accompanying test blades to form a 4-blade
3-flow-channel standard test piece. The specific layout is shown in Figure 11 below. This
layout method can effectively simulate the real flow field environment of turbine blades,
avoid the boundary effect and flow field distortion problems of single-blade tests, ensure
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that the temperature measurement data is consistent with the actual working conditions,
and improve the authenticity and reliability of the test results.

Figure 11. Blade distribution diagram.

To ensure that the numerical simulation results can be effectively compared and
validated against the experimental measurements, the boundary conditions of the CFD
numerical simulation are strictly set according to the actual operating parameters measured
in the thermal shock test. During the test, flow meters, pressure sensors, and temperature-
measuring thermocouples were installed at the inlet and outlet of the test section to monitor
key parameters in real time. Additionally, precise control is exerted over major operating
parameters such as the total temperature of the inlet airflow, total pressure, Mach number,
cooling air flow rate, and outlet back pressure. The real-time measured parameters of the
test are used as the boundary conditions of the CFD numerical simulation, to ensure that
the numerical model can accurately reproduce the flow and heat transfer process in the test,
and the simulation results have a reliable comparative basis with the experimental data.

To obtain the measured data of Blade temperature, two temperature-measuring ther-
mocouples were arranged in the leading edge area of the mid-section on the outer surface
of the Blade. Each thermocouple was fixedly installed in a buried manner, and their specific
positions are shown in Figure 12. The computer data acquisition system collected the
temperature of each measuring point in real time with a sampling frequency of not less
than 2 Hz, and simultaneously completed data transmission, storage, and preprocessing,
providing reliable experimental data for subsequent numerical simulation verification.

Figure 12. Temperature couple distribution.

3. Results and Discussion
3.1. Numerical Results and Experimental Verification

The temperature field distribution results of turbine blades under different working
conditions were obtained through CFD numerical calculations. The temperature data of
two sampling points corresponding to the test measuring points were extracted at the
leading edge of the blades and compared with the experimental measurement results, as
shown in Figure 13. The comparison results show that under the three working conditions,
the time-varying trends of the temperatures at the two measuring points on the leading
edge of the blade are generally consistent with the experimental results, indicating that
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the numerical model can well reflect the transient temperature change characteristics of
the blade.

Figure 13. Comparison between Simulation Results and Experimental Data under Different Work-
ing Conditions.

Figure 14 shows the variation law of the maximum blade temperature with time under
three operating conditions (Case 1–Case 3). Overall, the maximum blade temperature under
the three operating conditions all exhibits the typical transient response characteristic of
“first increasing and then decreasing”. In the initial stage, as the high-temperature gas
continues to act on the blade surface, the intensity of convective heat transfer gradually
increases, and the blade wall continues to absorb heat, resulting in a rapid rise in the
maximum temperature. When the gas temperature starts to drop, the heat input on the
blade surface gradually weakens, and the continuous heat accumulation process on the
wall is terminated. Therefore, the maximum blade temperature reaches its peak and then
gradually decreases.

Figure 14. Trend of maximum temperature variation with temperature.

A further comparison of different working conditions reveals that the time when the
maximum blade temperature reaches its peak is advanced in sequence under Case 1–Case 3.
This phenomenon is mainly related to the differences in the timing of gas temperature
changes. Among the three working conditions, the gas temperature starts to drop at
approximately 90 s, 85 s, and 80 s respectively, and the maximum temperature reaches
its peak around the corresponding times. In addition, there are certain differences in the
peak values of the maximum blade temperature under different working conditions, with
the peak temperature under Case 1 being the highest. This is mainly because the high-
temperature gas acts for a longer duration under this working condition, allowing the blade
to absorb heat for a longer time, thereby resulting in a more obvious heat accumulation
effect. In contrast, in Case 2 and Case 3, the gas temperature drops earlier, and the heat
input to the blade wall weakens in advance, leading to relatively lower peak values of
the maximum temperature. The above results indicate that the gas temperature change
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process has a significant impact on the transient thermal response of the blade, which not
only determines the magnitude of the peak temperature but also affects the time when the
peak occurs.

Based on the sensor layout scheme specified in Section 2.2 (a total of 78 measuring
points: 5 cross-sections with 12 surface measuring points each plus 3 cross-sections with
6 internal cooling air cavity measuring points each), we extract the temperature time series
of these 78 measuring points from the full-domain computational fluid dynamics data. To
conform to the data acquisition specifications of practical engineering, the temperature time
series with a 1 s time step in the computational fluid dynamics simulation is resampled to
1 s (consistent with the 1 Hz sampling frequency of actual sensors), and ultimately 120 time-
step temperature data points are obtained for each measuring point. For each working
condition, the final input data volume is 78 measuring points multiplied by 120 time steps,
amounting to 9360 temperature values, which forms an input time series matrix with a
dimension of 78 × 120.

3.2. Reconstruction Performance of Models Under Different Operating Conditions

The sparse transient temperature field data extracted under different working condi-
tions are input into the Reconstruction model for training. After the training is completed,
the mean square error loss on the training set and the average value of the mean square
error loss of the cross-validation test set in each round are counted respectively, and the
results are shown in Table 6. Overall, the mean square error loss of the test set under the
three working conditions is slightly higher than that of the training set. This is mainly
because during the cross-validation process, some test samples contain measuring points
located in areas with large temperature gradient changes, which leads to an increase in the
average mean square error loss. Nevertheless, the loss values of the training set and the
test set under each working condition are generally maintained at a low level, indicating
that the established Reconstruction model has been sufficiently trained under the three
working conditions and exhibits excellent temperature field reconstruction capability and
Reconstruction stability.

Table 6. Core operating parameters of the three working conditions.

Case Training Loss Test Loss

1 7.04 × 10−5 2.13 × 10−4

2 7.62 × 10−5 2.22 × 10−4

3 7.45 × 10−5 2.38 × 10−4

To further verify the accuracy of the proposed Reconstruction model, the predicted re-
sults of the turbine blade temperature field under three different operating conditions were
compared and analyzed with the CFD numerical simulation results. Figure 15 presents the
comparison results of the temperature field on the pressure side of the blade at t = 75, while
Figure 16 shows the temperature distribution on the suction side at the corresponding
moment. Overall, under the three operating conditions of Case 1–Case 3, the model’s
predicted results and the CFD results have a high degree of consistency in the temperature
distribution pattern, and can well reproduce the main spatial characteristics of the tempera-
ture field on the blade surface. This indicates that the established Reconstruction model
can effectively capture the overall variation law of the temperature field under different
operating conditions.

In terms of the overall distribution characteristics, the temperature fields on the blade
surface show similar spatial structures under the three operating conditions. This is because
only the mainstream gas temperature is changed among different operating conditions,
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while the blade geometry, cooling airflow conditions, and other boundary conditions
remain unchanged. Therefore, the overall distribution pattern of the temperature fields is
basically consistent, with differences only in temperature levels. From the perspective of
local heat transfer mechanisms, the leading edge of the blade is directly impacted by the
high-temperature mainstream gas, and the high convective heat transfer intensity causes
this area to form an obvious high-temperature zone. Meanwhile, due to the restriction
of adjacent blade passages in the trailing edge region, strong airflow mixing and heat
exchange processes occur in the narrow space, so the temperature near the trailing edge is
also relatively high. In addition, since the blade adopts a cooling structure where cooling
air is supplied from the lower end and discharged from the upper end, the cooling gas first
acts on the lower area of the blade and exchanges heat with the wall surface, significantly
reducing the temperature in this area. Therefore, the lowest temperature usually appears at
the lower end of the suction surface near the cooling gas inlet.

CFD

Pre

Error

Case1 Case2 Case3

T [ºC] T [ºC] T [ºC]

T [ºC]

 

Figure 15. CFD results and Reconstruction results of pressure side temperature field of turbine
blades under different operating conditions. Note: Different color bar ranges are used to improve the
visibility of local temperature gradients under different operating conditions; absolute values should
be interpreted according to the corresponding labeled scales.
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Figure 16. CFD results and Reconstruction results of suction side temperature field of turbine blades
under different operating conditions.

Analysis of the error distribution reveals that the overall Reconstruction errors of the
model are relatively small, and they are mainly concentrated in regions with large tempera-
ture gradients, such as near the leading edge and trailing edge. This is primarily because the
flow structures in these regions are complex, and the local heat transfer processes exhibit
strong nonlinear characteristics, causing more drastic changes in the temperature field and
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thus increasing the difficulty of model Reconstruction. Nevertheless, the Reconstruction
errors in most regions remain at a low level, indicating that the proposed model still has
good predictive ability under complex flow and heat transfer conditions. Under three
different operating conditions, the Reconstruction accuracy of the model remains stable
overall, with the maximum temperature error not exceeding 19 ◦C. Among them, the
Reconstruction error under Case 3 is the smallest, only 14 ◦C, indicating that the model has
good generalization ability under different operating conditions.

To further evaluate the Reconstruction stability and error characteristics of the pro-
posed model under different operating conditions, a statistical analysis was conducted
on the RMSE between the predicted temperature field and the CFD calculation results,
as shown in Figure 17. The error distributions under the three different operating con-
ditions all conform to the normal distribution, and are generally centered around zero.
Among them, under the Case 3 operating condition, the RMSE distribution is relatively
concentrated, with most error values distributed within a small range, and the probability
density curve has an obvious peak and good symmetry, indicating that the model has high
Reconstruction accuracy and stability under this operating condition. In contrast, the error
distributions under Case 1 and Case 2 operating conditions are slightly expanded, with
the peaks of the RMSE probability density curves being slightly lower and the distribution
ranges relatively larger. This is mainly because under higher heat load conditions, the
temperature gradient on the blade surface is more intense, and more complex transient
heat transfer characteristics may appear in local areas, thereby increasing the difficulty of
model Reconstruction. In summary, this method has good Reconstruction accuracy and
stability under different operating conditions.

 

Figure 17. Error distribution density.

3.3. Unsteady Characteristic Reconstruction

Case 1 is selected as the representative working condition to analyze the unsteady
temperature evolution of turbine blades. The CFD calculation results, model Reconstruction
results, and corresponding error distributions of the blade surface temperature field at
multiple time nodes (t = 30 s, 60 s, 90 s, and 120 s) are presented respectively.

As shown in Figures 18 and 19, in the initial stage of the transient process (t = 30 s), the
overall temperature on the blade surface is at a relatively low level, with a relatively gentle
temperature distribution, mainly showing a temperature gradient that gradually increases
along the chord direction. It can be observed from the figure that the model Reconstruction
results are highly consistent with the CFD results in terms of the overall distribution
structure, and the positions of the high-temperature regions and low-temperature regions
basically coincide. The error distribution map shows that the error in most regions is
small, and larger errors only occur in local positions where the temperature gradient
changes rapidly.

As time progresses to t = 60 s and t = 90 s, the temperature on the blade surface
gradually increases, and the temperature gradient significantly strengthens, especially near
the leading edge of the blade and local flow separation regions, where the high-temperature
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regions gradually expand. It can be seen from the figure that the predicted temperature
field can still well track the changing trend of the temperature distribution and accurately
reproduce the spatial position of the high-temperature regions. Although there is a certain
degree of error diffusion in local high-gradient regions, the overall error remains at a low
level, with a maximum error of 20.46 ◦C. This indicates that the model can not only learn the
characteristics of the spatial temperature distribution with limited data but also effectively
capture the dynamic evolution process of temperature changes over time.

 

Figure 18. The temperature field of the pressure side of the blade over time under operating condition
Case 1.

t=30s
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Figure 19. The temperature field of the suction side of the blade over time under operating condition
Case 1.

In the late stage of the transient process (t = 120 s), the temperature field gradually sta-
bilizes, but there are still relatively obvious temperature gradients in local regions. The error
in some regions increases slightly, especially near the leading edge and trailing edge of the
blade. This is mainly because the temperature changes in these regions are affected by com-
plex heat transfer and flow coupling mechanisms, resulting in stronger nonlinear character-
istics of the temperature field, thereby increasing the difficulty of model Reconstruction.

A statistical analysis was performed on the RMSE between the predicted temperature
fields and the CFD calculation results at different time points (t = 30 s, 60 s, 90 s, and
120 s), as shown in Figure 20. Overall, the error probability distributions at each time point
all exhibit a relatively obvious bell-shaped distribution characteristic. In the initial stage
of the transient process (t = 30 s), the RMSE distribution is relatively concentrated, with
errors mainly distributed within a small range, and the peak of the probability density
curve is high and the distribution is relatively symmetrical. When t = 60 s, the range of
the error distribution expands somewhat, and the peak of the probability density curve
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decreases relatively. At t = 90 s, the error distribution further expands, the error distribution
density drops below 0.15, and the range of RMSE values increases. At t = 120 s, the error
distribution still maintains an approximately normal distribution shape, but its width
is increased compared to the initial stage. This indicates that under high-temperature
conditions, the uncertainty of the model Reconstruction slightly increases. However, from
the overall distribution, most errors are still concentrated within a small range.

 

Figure 20. Error distribution of Case 1 at different time points.

In summary, the proposed CNN-LSTM model based on the attention mechanism can
effectively learn the spatiotemporal characteristics of the temperature field and exhibits
high Reconstruction accuracy at multiple time points throughout the transient process.
This method can not only accurately reconstruct the overall distribution structure of the
blade surface temperature field but also well capture the variation trend of local high-
temperature regions, indicating that the model has good applicability and engineering
application potential under complex transient thermal environments.

3.4. Comparison of Different Prediction Models

To further compare the performance differences of different models in transient tem-
perature field reconstruction, this paper selects the sparse transient data of the temperature
field under the Case 1 working condition to analyze four different models, which are
shown in Table 7. Among them, Model A is a model containing only CNN, Model B is a
model containing only LSTM, Model C is the basic CNN-LSTM model, and Model D is the
attention-enhanced CNN-LSTM model proposed in this paper.

Table 7. Performance Comparison of Different Models.

Model Architecture Time [min] Training Loss Test Loss

A CNN 40 2.1 × 10−4 5.4 × 10−4

B LSTM 38 1.65 × 10−4 3.8 × 10−4

C CNN + LSTM 21 7.9 × 10−5 2.18 × 10−4

D Attention-enhanced
CNN–LSTM 26 7.04 × 10−5 2.13 × 10−4

From the perspective of training time, there are relatively obvious differences in
computational efficiency among different models. Model A(CNN) and Model B(LSTM),
which adopt a single structure, have training times of 40 min and 38 min respectively, both
remaining at a relatively high level. In contrast, the basic CNN-LSTM model (Model C)
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has its training time significantly reduced to 21 min, representing a decrease of 47.5% and
44.7% compared with Model A and Model B respectively. This result indicates that in the
current temperature field reconstruction task, relying solely on spatial feature extraction or
time series modeling cannot efficiently organize and express temperature field information.
When CNN and LSTM are coupled, the model can more effectively establish spatiotemporal
correlations between sparse temperature inputs and global temperature responses, thereby
improving the efficiency of feature extraction during the training phase. The attention-
enhanced CNN-LSTM model (Model D) proposed in this paper has a training time of
26 min, an increase of approximately 23.8% compared with Model C. This shows that the
introduction of the attention mechanism does bring additional computational overhead,
yet its time cost is generally controllable and does not significantly weaken the engineering
application potential of the model.

In terms of loss results, the performance differences among various models are quite
significant, showing a clear progressive trend. The training loss and test loss of Model A
are 2 × 10−4 and 5.4 × 10−4 respectively, presenting the worst performance among the
four models. This indicates that although relying solely on CNN can extract certain spatial
distribution features, it is difficult to identify the temporal evolution rules in the transient
thermal response process. The training loss and test loss of Model B drop to 1.65 × 10−4 and
3.8 × 10−4, which are reduced by 21.4% and 29.6% compared with Model A respectively.
It demonstrates that temporal modeling is more critical for transient temperature field
reconstruction, as the blades are in an unstable state and the temperature field changes
continuously over time. However, due to the lack of effective representation of spatial
structures, its overall accuracy remains limited. After combining CNN with LSTM, the
training loss and test loss of Model C are further reduced to 4.9 × 10−5 and 2.18 × 10−4,
decreasing by 76.7% and 59.6% relative to Model A. This proves that spatio-temporal joint
modeling can significantly enhance the model’s ability to characterize complex thermal
response features. On this basis, although the training loss of Model D proposed in this
paper is slightly higher than that of Model C at 5.84 × 10−5, its test loss is further lowered
to 2.13 × 10−4, a decrease of approximately 2.3% compared with Model C. This reveals that
the attention mechanism does not simply strengthen the fitting ability on the training set,
but improves the model’s capability to identify key spatial regions and important temporal
features, thereby further boosting the reconstruction accuracy and stability during the
testing phase.

To further compare the performance differences of various models in transient tem-
perature field reconstruction, this paper conducts research at specific moments under the
Case 1 working condition. Figures 21 and 22 present the temperature field prediction
results and error distribution of different models under the Case 1 working condition at the
corresponding moments.

Further analysis based on the maximum error results enables a more intuitive com-
parison of the performance of different models. The maximum errors of Model A, Model
B, Model C and Model D are 76.12 ◦C, 45.39 ◦C, 28 ◦C and 17.54 ◦C respectively. It can be
seen that LSTM reduces the maximum error by approximately 40.4% compared with CNN,
indicating that time series information can significantly alleviate the distortion problem of
pure spatial models in transient responses; CNN-LSTM further reduces the maximum error
by about 38.3% in comparison with LSTM, which shows that spatiotemporal joint modeling
can effectively suppress local high-error regions; and the proposed model in this paper
cuts down the maximum error by an additional 37.4% relative to the basic CNN-LSTM,
demonstrating that the enhancement effect of the attention mechanism on key regions is
not a partial modification but a further optimization of the overall error structure. It is
particularly noteworthy that although the improvement in test loss is relatively limited,
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the maximum error keeps decreasing significantly. This proves that the advantages of the
model proposed in this paper are reflected not only in the improvement of accuracy, but
more importantly in its ability to effectively enhance the prediction reliability of the model
in complex high-gradient regions.
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Model A Model B Model C
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Model D

 

Figure 21. Reconstruction results of the temperature field on the pressure surface of turbine blades of
different models under Case 1 working condition.

Pre

Error

Model A Model B Model C Model D

T [ºC] T [ºC] T [ºC] T [ºC]

 

Figure 22. Reconstruction results of temperature field on the suction surface of turbine blades of
different models under Case 1 working condition.

3.5. Influence of the Number of Measuring Points on the Reconstructed Model

In actual experiments, there may be issues such as limited sensor deployment, failure
of local measuring points, and measurement noise. These factors will ultimately result in a
reduction in the volume of input data for the model. Therefore, analyzing the impacts of
the aforementioned uncertainties helps to further evaluate the robustness and applicable
scope of the proposed model under practical application conditions. For the uncertainty
caused by insufficient input data volume, this paper gradually reduces the number of
input measuring points on the basis of the benchmark measuring point layout scheme
to investigate the influence of missing measuring points on the accuracy of temperature
field reconstruction. Taking the original measuring point scheme as a reference, different
sparse input conditions are constructed by retaining 100%, 80%, 60% and 40% of the
measuring points respectively. To avoid the accidental impact caused by a single deletion
of measuring points, multiple random samplings are carried out under each retention ratio
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of measuring points, and the average results are taken as the evaluation indicators under
the corresponding working conditions.

Figure 23 presents the box plot distribution of temperature field reconstruction errors
under different retention ratios of measuring points. It can be observed that as the retention
ratio of measuring points increases from 40% to 100%, the overall error distribution shows
an obvious convergence trend. Under the 40% condition, the error distribution is relatively
scattered, with the range of upper and lower whiskers extending approximately from
−90 to +80, and there are many outliers, indicating that the model output has strong
uncertainty when measuring points are severely missing. Under the 60% condition, the
interquartile range is about −5 to +25, which means although the extreme error range
has narrowed, the main distribution of errors is still wide and shows a certain positive
skewness. This indicates that an increase in the number of measuring points does not
necessarily bring a synchronous improvement in reconstruction performance. In contrast,
under the 80% condition, the interquartile range is significantly reduced to approximately
−4 to +1, and the range of upper and lower whiskers also converges remarkably, proving
that the model can stably reconstruct the main characteristics of the temperature field under
this condition, yet the errors still remain relatively large. Under the 100% condition, the box
almost shrinks into a line, with the median and interquartile range basically concentrated
near zero, suggesting that the model achieves the optimal reconstruction stability at this
time. Overall, the retention ratio of measuring points exerts a significant impact on model
performance, especially when the retention ratio rises from 60% to 80%, the convergence
trend of error distribution becomes more prominent. In practical applications, it is necessary
to maximize the coverage of measuring points in key heat transfer areas to reduce the
uncertainty caused by insufficient input data and enhance the reliability of temperature
field reconstruction results.

Figure 23. The Impact of Measurement Point Quantity on Model Performance.

4. Conclusions
This study focused on the key challenge of reconstructing transient turbine-blade

temperature fields under sparse measurement conditions and developed an attention-
augmented CNN–LSTM framework for this purpose. In the proposed model, SE channel
attention was introduced to adaptively recalibrate feature responses, while temporal atten-
tion was incorporated to enhance the extraction of critical transient thermal features. By
combining CFD simulations with thermal shock experiments, the proposed method was
systematically validated. The main conclusions are summarized as follows:

(1) By adjusting the temperature variation process of the mainstream gas, the blade tem-
perature fields under three different transient operating conditions were established.
Meanwhile, the CFD model was verified through thermal shock tests, which provides
a reliable foundation for dataset construction and subsequent model validation.
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(2) By comparing the reconstruction performance of the model under different working
conditions, it can be seen that the training and test losses remain at a low level under
all working conditions, indicating that the established model possesses favorable
training stability and reconstruction capability under various transient thermal load
conditions. A comparison between the reconstructed temperature field at the same
moment and the CFD results reveals that the maximum error is 19 degrees Celsius
and the error distribution follows a normal distribution. This demonstrates that the
model can accurately reproduce the main temperature distribution characteristics on
the blade surface.

(3) Taking the typical working condition Case 1 as the research object, the transient
prediction performance of the model at different moments is analyzed. The results
show that the reconstruction model has certain errors in local areas with significant
temperature gradients such as the leading edge and trailing edge of the blade, but the
overall error is always maintained at a low level, with the maximum reconstruction
error being 20.46 ◦C; the model can still achieve high-precision temperature field
reconstruction in most areas. In conclusion, the proposed model can effectively
characterize the temporal evolution law of the blade temperature field and reconstruct
the high-gradient temperature changes with relatively high accuracy.

(4) A comparison of the analysis results of different models shows that the enhanced CNN-
LSTM model integrated with the attention mechanism (Model D) outperforms single-
structure models and the basic CNN-LSTM model without the attention mechanism
introduced. This verifies that the attention module can effectively improve the model’s
capabilities in feature extraction and time series modeling.

Although the attention-enhanced CNN-LSTM model proposed in this paper exhibits
favorable capability for reconstructing transient temperature fields under sparse measure-
ment conditions, the research still has certain limitations. The reconstruction performance
remains sensitive to the density and coverage of measurement points. Therefore, future
work will focus on introducing governing physical equations into the model to improve
physical consistency and reconstruction robustness with limited measurements.
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