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Abstract

In the digital twin modeling of aero-engine turbine blades, traditional CFD requires ex-
tensive computational time. Existing data-driven models also struggle to achieve multi-
physics decoupling and high-accuracy predictions with extremely small sample con-
straints. To overcome these challenges, a multitask generative adversarial network (M-
GAN) is proposed for multi-physics digital twin modeling. By incorporating a multi-
branch attention mechanism into the U-Net generator, this method achieves the decou-
pling and prediction of multi-physics fields. Additionally, a multi-objective adaptive loss
optimization strategy based on uncertainty weighting is proposed to mitigate gradient
interference and mode collapse during the joint training of multiple coupled physical
fields. Based on the proposed M-GAN, a high-performance digital twin model for turbine
blades is developed using only 10 training samples, achieving accurate predictions of
pressure, temperature, and airflow angle fields. The test results demonstrate that, on a test
set comprising 90 different operating conditions, the average prediction error across all
physical fields is only 1.85%, indicating strong cross-physics prediction capability, gener-
alization, and robustness. This approach provides a solid algorithmic foundation for real-
time, high-precision mapping in turbine blade digital twin systems.

Keywords: aero-engine turbine blade; digital twin; multitask generative adversarial
network; small sample learning; multi-physics field prediction

1. Introduction

Aero-engine turbine blades operate under extreme service environments character-
ized by high temperatures, high pressures, and strong swirling flows. Their complex aer-
odynamic and thermodynamic characteristics directly affect engine efficiency and blade
service life [1-4]. The accelerating digital transformation of aviation power systems has
driven increasing research interest in digital twin modeling of turbine blades for achiev-
ing lifecycle-wide virtual-physical mapping [5,6]. According to Grieves’ conceptual
framework, a digital twin comprises three fundamental components: a physical entity, its
virtual representation, and the bidirectional data and information connections between
them [7]. For turbine blades, the physical entity refers to an actual blade, while the virtual
representation integrates physics-based and data-driven models to predict its multi-phys-
ics response under different operating conditions. Through data exchange, measured
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operating data can be used to update the virtual model, whose predictions provide feed-
back for performance assessment and engineering decisions. During the design stage,
rapid multi-physics field prediction can reduce repeated CFD calculations and accelerate
design iterations. During experimental testing, digital twins integrated with measurement
data can provide early warnings of potential anomalies and support safer test planning,
thereby reducing the need for costly, high-risk destructive tests when exploring perfor-
mance limits. To support these applications, the virtual model must provide accurate
multi-physics predictions while maintaining high computational efficiency. Currently,
high-fidelity computational fluid dynamics (CFD) simulation remains the primary
method for obtaining detailed physical field data of turbine blades [8,9]. However, tradi-
tional CFD demands substantial computational resources and long solution times, limit-
ing its application in rapid performance prediction and real-time digital twin modeling
[10]. Therefore, developing a high-fidelity surrogate model that balances prediction accu-
racy and computational efficiency is essential for overcoming the computational bottle-
neck of CFD and supporting the practical application of turbine blade digital twins [11].

In recent years, surrogate modeling has played a key role in the aerodynamic opti-
mization and reduced-order modeling of physical fields for aero engines. Traditional
data-driven surrogate models, such as Kriging models and response surface methodolo-
gies, have been widely applied in the performance prediction and design optimization of
various aero-engine components. For example, Goulos et al. [12] utilized a Kriging-based
polynomial response surface to perform global aerodynamic optimization on an exhaust
system. Cheng et al. [13] achieved high-dimensional global optimization of a compressor
by combining a multi-model ensemble strategy. Lian et al. [14] predicted the heat transfer
characteristics of a turbine casing under multi-parameter coupling using a Kriging surro-
gate model. However, as physical constraint dimensions and geometric complexity in-
crease dramatically, traditional low-order surrogate models struggle with strongly non-
linear aerodynamic and thermodynamic fields. This limitation often leads to a sharp de-
cline in interpolation accuracy [15].

To overcome this limitation, high-order data-driven paradigms represented by deep
learning have been widely introduced, demonstrating outstanding nonlinear representa-
tion potential in surrogate modeling [10,16,17]. Kiyik et al. [18] proposed a surrogate
model based on a pyramidal deep regression network for accurate and efficient wing
structural analysis and optimization. Abucide-Armas et al. [19] proposed the DeepCFD
and further confirmed the significant efficiency advantages of deep convolutional net-
works in steady-state flow field approximations, thereby improving reconstruction accu-
racy. Vlahostergios et al. [20] developed a micro-network surrogate model to quickly eval-
uate the internal cooling effectiveness of turbine blades. Ma et al. [21] constructed a locally
enhanced physics-informed neural network, achieving high-precision and ultra-fast as-
sessment of engine nozzle wall temperatures. Chen et al. [22] reconstructed transient tem-
perature fields of turbine blades from sparse measurement data using an attention-aug-
mented CNN-LSTM framework, achieving high accuracy with maximum reconstruction
errors below 19 °C. Among various deep learning methods, generative adversarial net-
works (GANSs) [23] and its variants, e.g., conditional generative adversarial networks
(cGANSs) [24], have shown strong potential for aerodynamic performance evaluation and
physical field prediction owing to their powerful high-resolution mapping and data gen-
eration capabilities. Li et al. [25] proposed a cGAN-based correction method for turbine
blade scaling criteria, reducing the prediction error of high-temperature cooling effective-
ness by approximately one order of magnitude compared with traditional methods. Yang
[26] employed cGANSs to learn and augment features from aero-engine flight data, signif-
icantly improving the accuracy of a support vector machine in detecting abnormal engine
vibrations. Ge et al. [27] proposed a dynamic adversarial domain adaptation transfer
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network based on an improved GAN to accurately predict the remaining useful life of
aero engines under multiple operating conditions and fault modes.

Despite the remarkable results achieved by deep learning models in the above stud-
ies, their direct application to turbine blade digital twin modeling remains subject to three
major limitations. Firstly, high-fidelity CFD simulations are computationally expensive,
while most deep learning models require large datasets to achieve satisfactory generali-
zation capabilities [28]. Secondly, a high-fidelity turbine blade digital twin system needs
to synchronously map multiple strongly coupled physical fields, such as pressure, tem-
perature, and airflow angle. Existing research mostly focuses on a single scalar field, such
as cooling effectiveness [20] and temperature field [22], lacking explicit decoupling mech-
anisms for high-dimensional multi-physics features. As a result, when predicting multiple
physical fields simultaneously, existing models are susceptible to feature entanglement
and uneven prediction accuracy due to discrepancies in both gradient directions and mag-
nitudes across different physical fields. Thirdly, under extremely small sample con-
straints, conventional deep learning models lacking implicit physical constraints and ro-
bust regularization mechanisms are highly susceptible to severe mode collapse [29]. This
prevents the model from learning the global distribution laws of the genuine multi-phys-
ics fields, rendering its extrapolation prediction capabilities under extreme operating con-
ditions completely ineffective.

In view of this, this study aims to overcome the technical bottlenecks of multi-physics
turbine blade digital twin modeling under extreme small-sample limitations by proposing
the M-GAN. First, a multi-branch attention mechanism is introduced into the generator to
implicitly decouple the features of multiple physical fields. This architecture enables task-
specific feature extraction and parallel prediction of pressure, temperature, and airflow
angle fields, while reducing feature interference among different tasks. Consequently, it
significantly reduces the reliance on large sample sizes. Second, a multi-objective adaptive
loss optimization strategy based on uncertainty weighting is proposed to mitigate gradi-
ent interference during the joint training of multiple physical fields. This strategy dynam-
ically adjusts the weight of each physical field task in the global gradient, fundamentally
reinforcing convergence stability under extremely small sample constraints and effec-
tively preventing mode collapse. Using this approach, a high-performance multi-physics
digital twin model for turbine blades was trained using only 10 CFD samples. Test results
show that the overall average prediction error across the 90 different operating conditions
in the test set was only 1.85%. This result demonstrates the potential of the proposed
method for digital twin modeling under small sample conditions.

In the following sections, Section 2 introduces the M-GAN; Section 3 details the train-
ing process of the multi-physics digital twin model for turbine blades; Section 4 presents
the test results and analysis; and Section 5 outlines the conclusions.

2. Multitask Generative Adversarial Network

Extremely small sample availability and strong multi-physics coupling remain major
challenges in digital twin modeling. To address these challenges, a multitask generative
adversarial network (M-GAN) is proposed by substantially redesigning the conventional
conditional generative adversarial network (cGAN) [24]. To minimize data dependency
and prevent mode collapse under small sample constraints, M-GAN incorporates three
key designs: a multi-branch attention mechanism in the generator (see Section 2.2), a
patch-based discriminator to improve local flow-field reconstruction fidelity (see Section
2.3), and a multi-objective adaptive loss optimization strategy based on uncertainty
weighting to stabilize gradient updates (see Section 2.4). The details are introduced as
follows.

https://doi.org/10.3390/aerospace13100954


https://doi.org/10.3390/aerospace13100954

Aerospace 2026, 13, 954

4 of 17

Inputs

Geometric
Features

Boundary
Conditions

Inlet Pressure
Inlet
Temperature
Rotational
Speed

|

Predicted
Field

Target
Field

2.1. Overall Algorithm Framework

As shown in Figure 1, the framework of the M-GAN algorithm inherits from the
cGAN structure. It consists of four main functional modules: the inputs processing, a gen-
erator (G), a discriminator (D), and a composite loss function. Through an adversarial
training process, the network learns the complex mapping relationship between input
conditions and target physical distributions.

The inputs consist of geometric features and operating parameters, which are deter-
mined according to the specific prediction task. Geometric features are represented by
two-dimensional feature maps, while operating parameters are scalar variables describing
the corresponding boundary conditions. To integrate these different types of data, the sca-
lar parameters are mapped into spatial feature maps with the same resolution as the geo-
metric features. These feature maps are then concatenated along the channel dimension
to form the input tensor for the generator.
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Figure 1. Overall architecture schematic of the proposed M-GAN algorithm.

Generator primarily outputs specified physical field prediction results based on in-
put conditions, which include the geometric structures and operating parameters of the
physical field to be predicted (see Figure 1). In this algorithm, generator inherited the clas-
sic U-Net fully convolutional neural network [30] as its backbone. The core advantage of
U-Net is its symmetric encoder—decoder structure paired with a skip connection mecha-
nism. Given the input x, the encoder progressively extracts high-level features through
successive convolution and downsampling operations. The decoder then progressively
restores the spatial resolution of the feature maps through transposed convolution and
upsampling operations. The mathematical transfer processes of encoding and decoding
are represented by Equation (1) and Equation (2), respectively:

hgenc) - O'(VVi(enC) % hgch) + bi(enc)) (1)
(dec) _ (dec) (dec) (enc) (dec)
h = oW« [R50 @ hy"1 + ;) )

Here, hge"“) is the output of the i-th layer encoder; * denotes the convolution oper-
ation; o is the activation function; and @ represents feature concatenation along the
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channel dimension. Through skip connections, U-Net fuses shallow features containing
spatial localization information from the encoder with deep semantic features from the
decoder, effectively preventing the loss of detail during reconstruction. To achieve high-
accuracy multi-physics field prediction, a multi-branch attention mechanism is intro-
duced at the back end of the U-Net. As shown in Figure 1, the shared features are fed into
independent task-attention blocks and decoding branches to reconstruct the pressure,
temperature, and airflow angle fields in parallel. The detailed architecture of the multi-
branch task-attention generator is presented in Section 2.2.

The role of the discriminator is to distinguish between genuine and generated phys-
ical fields. The predicted physical fields and the corresponding target fields are separately
concatenated with the input conditions and fed into the discriminator. Through successive
convolution and downsampling operations, the discriminator outputs a validity matrix to
distinguish between real CFD results y and generated physical fields ¥ (detailed in Sec-
tion 2.3).

As shown in Figure 1, the loss function combines the adversarial loss with a multi-
task loss based on uncertainty weighting. The adversarial loss guides the generator to
produce realistic physical fields, while the multi-task loss adaptively balances the predic-
tion errors of different physical fields. The detailed loss function and optimization strategy
are presented in Section 2.4.

2.2. Multi-Branch Task-Attention Generator

When conventional U-Net generators handle parallel prediction tasks for multi-
physics fields, physical features from different physical fields are forced into reconstruc-
tion within the same feature space. This can cause severe feature entanglement during the
decoding stage, subsequently leading to model convergence difficulties. To achieve the
implicit decoupling of physical fields, this paper proposes a multi-branch attention mech-
anism for the generator.

This generator adopts a topological architecture comprising three key stages: shared
encoding, multi-branch feature extraction, and independent decoding (see Figure 2). In
the encoder and first three layers of the decoder (i.e., layers upl to up3), the network cap-
tures the global topological structure and macroscopic evolution patterns of the flow field
through shared parameters. After the shared feature layer up3, the generator splits into
multiple parallel decoupled branches corresponding to different prediction tasks, e.g.,
pressure field p, temperature field t and airflow angle 6.

Fe ]RHxWxC F'=F ® Mc(F)
— —
Shared Feature Channel-Refined Task-Specific

Map Feature Map Disentangled
Feature Map

Mc(F) = o(W16(Wo (GAP(F)))) M (F") = 0(frx7([AvgPool(F"); MaxPool(F")]])
Concat
—_—— AvgPool
oba X7
AvgPool| RFB
Conv
MaxPool

FII i F/ ® MS(FI)
—> —>

MLP (W, 8, W;) M, € R>1xC
: ! % Along Channel Dimension M, € RHXWx1
Channel Attention Channel Weight Spatial Attention Spatial Weight
Map Matrix Map Matrix

Figure 2. Schematic diagram of the task attention block.
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As shown in Figure 2, to achieve more precise feature extraction within each branch,
a task attention block (TAB) is introduced at the start of the branches. Each TAB performs

targeted physical feature extraction on the shared feature map F € R¥*"*¢

through an

internal dual attention mechanism covering both channel and spatial dimensions. The

specific process is as follows:

(1) Channel attention mapping: The mechanism is designed to guide each branch to
adaptively focus on the feature channels that are most relevant to the corresponding
physical field. The feature map is first compressed into a channel descriptor through
global average pooling. A bottleneck mapping consisting of two 1 X 1 convolution
layers is then used to learn nonlinear dependencies between channels, generating the

channel attention weight M, € R™¢ (3)
M (F) = o(W16(W,(GAP(F)))) (©)

where ¢ is the sigmoid activation function, ¢ is the ReLU activation function, and W,
and W, are weight parameters. The recalibrated feature is expressed as F' = F @ M.(F),
where @ denotes element-wise multiplication.

(2) Spatial attention mapping: Aimed at localizing critical spatial regions in the flow field
that are highly sensitive to specific physical quantities (such as shock edges or blade
wake zones). The channel-refined feature F' undergoes average pooling and max
pooling along the channel dimension, and the concatenated features are subjected to

a 7 x 7 convolution operation to generate the spatial weight matrix M, € R*"**:

My(F") = a(f 77 ([AvgPool(F"); MaxPool(F)1)) (4)

Finally, task-specific feature outputis F' = F* @ M(F").

An independent branch is assigned to each physical field to extract field-specific fea-
tures from the shared parameters through dual filtering. The resulting feature maps are
then fed into independent decoding paths to reconstruct the pressure, temperature, and
airflow angle fields. This architecture promotes task-specific feature extraction and re-
duces feature interference during decoding, while the shared encoder remains jointly op-
timized. Consequently, it facilitates more stable learning of the nonlinear characteristics
of each physical field and improves prediction accuracy under small-sample conditions.

2.3. Patch-Based Discriminator

This paper adopts a fully convolutional PatchGAN as the discriminator [24] to en-
hance the network’s perceptual capability of flow field details. Unlike a standard global
discriminator outputting a single probability indicating whether the input is real or gen-
erated, PatchGAN produces a spatial matrix N X N of local authenticity scores, with each
score corresponding to a specific image patch. In this way, it effectively penalizes local
structural distortions and encourages the generator to preserve fine-scale flow-field fea-
tures.

The discriminator concatenates the input operating conditions with the multi-physics
results ¥ output by the generator (or the real physical fields y) along the channel dimen-
sion. The concatenated tensor successively passes through 4 layers of downsampling con-
volutions with a stride of 2 and a terminal linear activation layer to output the discrimi-
nation result. This design encourages the generator to preserve local flow-field structures
and improves reconstruction fidelity.
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2.4. Multi-Objective Adaptive Loss Optimization

In the prediction of multi-physics fields for turbine blades, there are often immense
characteristic disparities among the different physical fields. If the joint L; loss is con-
structed by directly summing the losses of all physical fields with equal weights, a physi-
cal field with a relatively large loss can dominate the optimization process. This imbalance
may lead to severe mode collapse, particularly under small-sample conditions. To address
this, multi-physics prediction is regarded as a multitask learning problem, and an uncer-
tainty weighting mechanism based on homoscedastic task uncertainty is introduced in M-
GAN [31]. Using maximum likelihood estimation, an adaptive loss function L; incorpo-
rating uncertainty-driven learnable weights is constructed for the generator:

LG = LCGAN +1 ZiE{p,t,G}(exp (_Si) ! LLl + si) (5)

Legay = min max V(D, G) = Eyy[log D(x,y)] + Ex[log (1 =D(Cx, GC)] ( (6)

where L g4y is the foundational conditional adversarial loss [22]. A is the regularization
coefficient; L = E,,[ly; — G;(x)I] is the mean absolute error of the i-th physical field.
s; = log (o) is the learnable log-variance parameter for the corresponding physical field.

The key advantage of the uncertainty weighting strategy lies in its adaptive
weighting mechanism. The log-variance parameter s;represents the model’s uncertainty
associated with the i-th physical field and is automatically updated during backpropaga-
tion. When the prediction error L} of a specific physical field is exceptionally large, indi-
cating high task uncertainty, the network tends to increase s;. Consequently, the adaptive
weight exp (—s;) decreases, reducing that challenging field’s contribution to the total
loss. This effectively prevents a single difficult task from dominating the overall gradient
direction. Meanwhile, the penalty term +s; at the end of the formula acts as a regulari-
zation constraint, preventing the network from trivializing the loss by infinitely increasing
the uncertainty. This dynamic uncertainty weighting mechanism enables the network to
adaptively balance the optimization rates of different physical fields. As a result, it im-
proves convergence stability and mitigates mode collapse under extremely limited sam-
ple conditions.

3. Multi-Physics Digital Twin Model for Turbine Blades

Based on the proposed M-GAN algorithm, a digital twin model is constructed for the
two-dimensional (2-D) multi-physics fields of turbine blades. Given the operating param-
eters, including inlet temperature, inlet pressure, exit pressure, and rotational speed, the
model rapidly predicts the corresponding 2-D temperature, pressure, and airflow angle
fields. The training process for the digital twin model is detailed below.

3.1. Preparation of the Dataset

Here, the third-stage power turbine blade of a specific turboshaft engine is utilized
as a case study. Multi-physics field data for this power turbine blade under 100 different
operating conditions were obtained by CFD simulation. The operating conditions of the
turbine blade are defined by 4 parameters: inlet temperature, inlet pressure, exit pressure,
and rotational speed. The distribution characteristics of the 100 samples within the afore-
mentioned four-dimensional parameter space are depicted in Figure 3. Each sample in-
cludes the aforementioned operating condition parameters and their corresponding 2-D
steady-state pressure field (p), temperature field (t), and airflow angle field (6). The reso-
lution of the 2-D physical fields is 512 X 256.
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4D Scatter Plot of Spatial Feature Distribution for All Sample Data
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Figure 3. Distribution characteristics of all samples in the four-dimensional parameter space.

3.2. Feature Encoding Preprocessing

The data fed into the model includes both discrete scalar parameters and 2-D images
of the turbine blades. To enable the neural network to synchronously parse scalar and 2-
D image data, the Min-Max scaling method is utilized to normalize the 4 scalar parameters
tothe [—1,1] interval. Through a global broadcasting mechanism, the normalized scalars
are mapped into spatial dimensions, generating 512 X 256 X 4 physical feature maps
that match the resolution of the geometric features. Finally, the geometric features and the
broadcast scalar parameters are concatenated along the channel dimension, establishing
the 512 x 256 x 5 fused input tensor required by the digital twin model. This ensures
that every spatial pixel in the flow field is accurately mapped to its corresponding geo-
metric location while simultaneously embedding the operating condition information.

3.3. Model Training

During the training process, the 100 samples are partitioned into mutually exclusive
training and testing sets. As shown in Figure 4, 10 samples are randomly selected as the
training set. The model relies solely on 10 training samples to update network weights.
The testing set, which remains unseen during training, is utilized to evaluate the model’s
generalization capability and multi-physics reconstruction capabilities. For the training
hyperparameters, the initial learning rate is set to 2 X 1074, the first-order momentum
decay rate f8; is 0.5, and the batch size is 8. The adversarial training process iterates for a
total of 2000 Epochs. Throughout the training process, the algorithm actively logs the data
for various loss functions.

After training, the trained network can be integrated as a rapid multi-physics predic-
tion module in a digital twin system. Given measured operating parameters, a single for-
ward pass can generate the corresponding quasi-steady pressure, temperature, and air-
flow angle fields within milliseconds.
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4D Scatter Plot of Spatial Feature Distribution for Training Sample Data
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Figure 4. Distribution characteristics of the training samples in the four-dimensional parameter

space.

4. Results and Discussion

This section evaluates M-GAN in four aspects: prediction accuracy and inference ef-
ficiency under unseen operating conditions (Section 4.1), the effectiveness of adaptive loss
optimization (Section 4.2), the interpretability and contribution of the task-attention block
(Section 4.3), and interpolation and extrapolation performance under small-sample con-
ditions (Section 4.4).

4.1. Performance Evaluation

To evaluate the generalization capability of the proposed digital twin model and its
ability to reconstruct complex flow fields, six representative test conditions (Samples 1,
16, 39, 70, 82, and 99) are selected for visual comparison. As shown in Figure 5, M-GAN
reproduces the pressure, temperature, and airflow angle fields across the six test cases.
The absolute error fields show low errors over most spatial regions, with larger deviations
mainly occurring in strongly nonlinear regions, such as blade wakes. These results
demonstrate good reconstruction fidelity across the three physical fields. The model’s in-
terpolation and extrapolation performance is further quantified in Section 4.4.

To quantitatively evaluate the real-time inference capability of the proposed M-GAN,
its performance was tested on an NVIDIA RTX3080 GPU. The model achieved a single-
field prediction time of 17.5 ms and required only 3368 MB of GPU memory, comfortably
satisfying the millisecond-level real-time constraints for online digital twin deployments.

To quantitatively evaluate the prediction accuracy of the M-GAN, the CFD results
are used as the reference, and the prediction error err, is defined using the normalized
mean absolute error:

err, = M X 100% (7)

P Rmax = Rmin

where R signifies the ground truth CFD physical field, P is the predicted physical field,
mean indicates the averaging operation, and Rp,q, and R,,; denote the maximum and
minimum values of the authentic physical field, respectively.
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Figure 5. Performance evaluation and test results of the M-GAN algorithm.

For comparison, the original cGAN [24] and the widely recognized DeepCFD [19]
were selected as comparative baselines. All three models were trained using the same 10
CFD samples and evaluated on the same 90 test samples. As summarized in Table 1, M-
GAN achieves an overall average error of 1.85%, compared with 6.54% for cGAN and
3.72% for DeepCFD. M-GAN achieves average prediction errors of 2.26%, 1.96%, and
1.32% for the pressure, temperature, and airflow angle fields, respectively, all lower than
those of DeepCFD and cGAN for the corresponding fields. Defining a prediction failure
as a field prediction error exceeding 5%, M-GAN yields only 10 failures among the 270
test fields, compared with 159 for cGAN and 53 for DeepCFD. These results demonstrate
that the proposed M-GAN achieves higher prediction accuracy and fewer prediction fail-
ures than both baseline models under the same small-sample training conditions.

As shown in Figures 6 and 7, the test error heat maps further support the above con-
clusions. The original cGAN exhibits dense warm-colored regions with relatively high
errors in the temperature and airflow angle fields, suggesting insufficient decoupling
among the physical fields (see Figure 7a). Compared with cGAN, DeepCFD exhibits fewer
high-error regions. However, relatively large prediction errors remain in the pressure field
(see Figure 7b). In contrast, M-GAN exhibits predominantly cool-colored regions, indicat-
ing generally low prediction errors, with few areas of large errors (see Figure 6). These
results further demonstrate that M-GAN achieves more consistent prediction accuracy
across different operating conditions and physical fields.
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Figure 6. Heatmaps of test errors for the M-GAN algorithm.

Table 1. The test results of the M-GAN, cGAN, and DeepCFD.

M-GAN ¢GAN DeepCFD

Average error rate of pressure 226% 4.92%  4.67%
Average error rate of temperature field 1.96% 898%  3.17%
Average error rate of airflow angle field 1.32% 571%  3.33%

Overall average error rate 1.85% 6.54%  3.72%
Number of physical fields with error rates > 5% 10 159 53

Compared with the original cGAN, a multi-branch attention mechanism and an
adaptive loss optimization strategy are proposed for M-GAN to improve task-specific fea-
ture extraction and balance the joint optimization of multiple physical fields. DeepCFD
provides a non-adversarial approach for multi-physics field prediction, but its prediction
accuracy is relatively limited under the extremely small sample conditions considered in
this study. In contrast, M-GAN combines adversarial learning with task-specific feature
extraction to improve the reconstruction accuracy of multiple physical fields. Neverthe-
less, the proposed method requires additional attention branches and adversarial optimi-
zation, resulting in a more complex training process than the non-adversarial DeepCFD
model.
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Figure 7. Heatmaps of test errors for the baseline algorithms: (a) cGAN; (b) DeepCFD.

4.2. Evaluation of the Adaptive Loss Optimization Strategy

In the construction of multi-physics digital twin models, discrepancies in gradient
magnitudes and optimization directions among different fields are prone to inducing op-
timization imbalance in multitask learning. To investigate how the proposed adaptive loss
optimization strategy affects gradient interference and prediction accuracy, this section
compares it with a conventional fixed-weight strategy. In the traditional strategy, s; in
Equation (5) is fixed. Furthermore, the loss evolution and adaptive parameter changes
during training are analyzed.

As shown in Figure 8a, the traditional loss optimization strategy exhibits pronounced
oscillations during the first 50 epochs, reflecting the optimization difficulties associated
with multi-task learning under extremely small-sample conditions. In contrast, the pro-
posed adaptive loss optimization strategy produces a significantly smoother total-loss
curve. It indicates improved convergence stability during the early training stage. As
training progresses to 2000 epochs (see Figure 8b), the branch losses for the pressure, tem-
perature, and airflow angle fields decrease steadily and gradually converge. No diver-
gence caused by the dominance of a single physical-field gradient is observed. These re-
sults demonstrate that adaptive loss weighting alleviates gradient interference and im-
proves convergence stability during the joint training of multiple physical fields.

——M-GAN ‘
——M-GAN with traditional loss optimization Tioss
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7
o ~P loss

Angle loss
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Figure 8. Evolution of training losses for the adaptive strategy versus the fixed-weight strategy: (a)
The first 50 epochs with different loss optimization strategy. (b) The entire training process of M-
GAN.
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The quantitative evaluation results further demonstrate the effectiveness of the adap-
tive loss optimization strategy. Statistical analysis shows that the overall average predic-
tion error increases from 1.85% to 3.2% when the traditional loss optimization strategy is
used. Without the adaptive loss optimization strategy, the prediction error rate for the
temperature field surges to 4.6%, which is considerably higher than the error levels of the
pressure and airflow angle fields. Under the traditional loss optimization strategy, gradi-
ent interference and optimization competition among different physical fields can bias the
optimization toward certain fields, subsequently reducing the prediction accuracy of cer-
tain fields (e.g., the temperature field). By dynamically adjusting the weights of individual
tasks, the multi-objective adaptive loss optimization strategy reduces competition among
physical fields and improves the balance of the joint optimization.

As shown in Figure 9, the absolute values and relative weights of the adaptive log-
variance parameters s,, s; and Sgnge (See Equation (5)) are tracked during training.
Although the three parameters exhibit similar overall downward trends, their relative val-
ues change at different rates, particularly during the early training stage. This dynamic
adjustment of the relative weights allows the network to respond to changes in the opti-
mization of different physical fields. When a physical field exhibits increased prediction
error or slower convergence during training, its gradient contribution is adjusted accord-
ingly. This helps maintain a balance among the different tasks during joint optimization.
Combined with the convergence and ablation results, these observations further demon-
strate that the uncertainty weighting mechanism helps balance multi-task optimization
and improve training stability under extremely small-sample conditions.
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Figure 9. Evolution trajectories of the absolute values and relative weights of the adaptive log-vari-

ance parameters throughout the training cycle: (a) Absolute value; (b) Relative value.

4.3. Evaluation of the Task-Attention Block

To investigate the physical interpretability of TAB, we visualize spatial-attention
maps, which reveal task-specific regions more intuitively than channel attention. As
shown in Figure 10, the CFD results, M-GAN predictions, and corresponding spatial-at-
tention maps are compared for Samples 39 and 61. The red ellipses highlight regions
where the learned attention weights correspond to characteristic physical-field variations.
For the pressure branch, relatively high attention weights are concentrated near the lead-
ing and trailing edges (upper and lower boundaries), where pronounced pressure gradi-
ents occur. The temperature branch exhibits a distinct distribution, localizing its focus
near the thermal boundary layers and convective heat transfer zones at the flow bounda-
ries. In contrast, the airflow angle branch exhibits distinct longitudinal patterns of spatial
weighting, where the airflow angle varies along the flow direction. These differences in-
dicate that the three branches learn task-specific spatial weighting patterns rather than
applying identical attention to all physical fields. The observed correspondence between
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attention distributions and physical-field characteristics supports the effectiveness of TAB
in task-specific feature extraction and implicit multi-physics decoupling.
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Figure 10. Spatial-attention maps of the pressure, temperature, and airflow-angle branches under

two representative operating conditions: (a) Sample 39; (b) Sample 61.

To quantify each attention sub-module’s contribution, channel and spatial attention
were separately removed from the TAB, with the remaining architecture and adaptive
loss strategy unchanged. As shown in Table 2, when spatial attention is removed, the
overall average prediction error increases from 1.85% to 2.53%, while the number of failed
predictions increases from 10 to 19. In particular, the prediction errors of the pressure and
temperature fields increase from 2.26% and 1.96% to 3.29% and 2.83%, respectively. Re-
moving channel attention results in a larger deterioration in prediction performance, with
the overall average error increasing to 3.34% and the number of failed predictions reach-
ing 52. The airflow angle field is particularly affected, with its average prediction error
increasing from 1.32% to 3.12%. These results demonstrate that both spatial and channel
attention contribute to multi-physics reconstruction, while channel attention plays a more
significant role in prediction accuracy under the present experimental setting.

Table 2. Ablation results of the channel-attention and spatial-attention sub-modules.

M-GAN Without Spatial Attention Without Channel Attention

Average error rate of pressure 2.26% 3.29% 3.54%
Average error rate of temperature field 1.96% 2.83% 3.36%
Average error rate of airflow angle field 1.32% 1.48% 3.12%

Overall average error rate 1.85% 2.53% 3.34%
Number of physical fields with error rates > 5% 10 19 52

4.4. Generalization Boundary and Extrapolation Analysis

To further evaluate the generalization capability of M-GAN, the 90 test cases were
classified using the minimum and maximum values of the four operating parameters in
the training set. Cases with all four parameters within the training ranges were defined as
range-based interpolation samples; the remaining cases were classified as extrapolation
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samples. This criterion yielded 46 interpolation and 44 extrapolation samples, whose pre-
diction errors were evaluated using Equation (7) and are reported in Table 3.

Table 3. Prediction performance of M-GAN for interpolation and extrapolation samples.

Interpolation Extrapolation

Number of test samples 46 44
Average error rate of pressure 2.42% 2.09%
Average error rate of temperature field 1.40% 2.54%
Average error rate of airflow angle field 0.88% 1.78%
Overall average error rate 1.57% 2.14%

Number of physical fields with error rates > 5% 4 6

As shown in Table 3, the overall average error increases from 1.57% for interpolation
samples to 2.14% for extrapolation samples. The temperature and airflow-angle errors in-
crease to 2.54% and 1.78%, respectively, whereas the pressure error decreases slightly to
2.09%. These results indicate that the influence of extrapolation varies among different
physical fields. Note that M-GAN maintains low errors in both groups, showing strong
generalization and extrapolation beyond the training ranges.

The reliability of M-GAN far beyond the tested operating envelope remains unveri-
fied, as the model lacks explicit physical constraints. In practical applications, operating
conditions outside the training range should be identified and assessed using additional
CFD simulations, while newly validated CFD cases could support incremental model up-
dates. In addition, measurement noise may also propagate through input normalization
to the reconstructed fields. Future work will therefore investigate noise-robust training
and sparse-sensor fusion to improve deployment reliability.

5. Conclusions

This paper proposed a multitask generative adversarial network for high-fidelity dig-
ital twin modeling of turbine blades under extremely small sample and strongly coupled
multi-physics conditions. The major conclusions are summarized as follows.

(1) A generator based on a multi-branch attention mechanism was developed to achieve
implicit feature decoupling and parallel learning of multi-physics fields. The pro-
posed architecture reduces cross-field feature entanglement and improves the accu-
racy and consistency of simultaneous multi-physics prediction.

(2) An adaptive loss optimization strategy was introduced to dynamically balance the
optimization of multiple prediction tasks. The proposed strategy enhances model
precision while significantly reducing the risk of mode collapse.

(3) Using only 10 training samples, M-GAN achieves an overall average error of 1.85%,
with only 10 failed predictions. Its average errors for the interpolation and extrapo-
lation samples are 1.57% and 2.14%, respectively. These results demonstrate strong
prediction accuracy and extrapolation capability under extreme small sample con-
straints.

Overall, the proposed M-GAN enables millisecond-level prediction of coupled phys-
ical fields with limited training data, providing an effective approach for multi-physics
digital twin modeling of aero-engine components. These advantages make it a promising
solution for 2-D multi-physics digital twin modeling of aero-engine components where
high-quality simulation data are scarce. However, the current framework is limited to 2-
D slice-based physical-field reconstruction and cannot capture three-dimensional flow
structures. Future work will extend M-GAN to 3-D multi-physics field prediction for tur-
bine blade digital twins, addressing the increased GPU memory requirements and
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computational cost of 3-D adversarial training, as well as the need for larger high-fidelity
3-D CFD datasets.

Author Contributions: Conceptualization and methodology, Z.P.; software, B.M.; validation, W.X.
and Z.P.; formal analysis, Z.W.; investigation, P.W.; writing —original draft preparation, Z.P.; writ-
ing—review and editing, W.X. and B.M.; supervision, W.X.; project administration, Z.P. All authors

have read and agreed to the published version of the manuscript.
Funding: This research received no external funding.

Data Availability Statement: The original contributions presented in this study are included in the

article. Further inquiries can be directed to the corresponding author.

Conflicts of Interest: The authors declare no conflicts of interest.

References

1.  Wang, R;; Hu, D.; Shen, X,; Fan, ]. Probabilistic design technology on typical structure of aeroengine. Aeronaut. Manuf. Technol.
2014, 7, 26-30.

2. Liu, X;; Hu, D.; Wang, Y.; Wang, R.; Chen, G.; Kong, W. Structural reliability design for aero-engines: Review and prospects.
Acta Aeronaut. Astronaut. Sin. 2025, 46, 32625.

3. Amoo, L.M. On the design and structural analysis of jet engine fan blade structures. Prog. Aerosp. Sci. 2013, 60, 1-11.

4. Wang, C. Integrated aerodynamic design and analysis of turbine blades. Adv. Eng. Softw. 2014, 68, 9-18.

5. Tao, F,; Sun, Q.; Sun, H,; Mu, X,; Zhang, H.; Song, L.; Zhu, J.; Tao, Z. Aero-engine digital twin engineering: Connotation and
key technologies. Acta Aeronaut. Astronaut. Sin. 2024, 45, 630283.

6. Tao, F.; Xiao, B.; Qi, Q.; Cheng, J.; Ji, P. Digital twin modeling. J. Manuf. Syst. 2022, 64, 372-389.

7. Grieves, M. Digital twin: Manufacturing excellence through virtual factory replication. White Pap. 2014, 1, 1-7.
Li, L.; Ly, Y.; Wang, S;; Liu, Y.; Li, K; Song, X. Survey and prospect of surrogate model technique and application. J. Mech. Eng.
2024, 60, 254-281.

9.  Sturek, D.; Lazarova-Molnar, S. Surrogate modeling: Review and opportunities for expert knowledge integration. Procedia Com-
put. Sci. 2025, 257, 826-833.

10. Wang, H.; Cao, Y.; Huang, Z,; Liu, Y.; Hu, P.; Luo, X,; Song, Z.; Zhao, W.; Liu, J.; Sun, J.; et al. Recent advances on machine
learning for computational fluid dynamics: A survey. arXiv 2024, arXiv:2408.12171.

11. Forrester, A.L; Keane, A.]. Recent advances in surrogate-based optimization. Prog. Aerosp. Sci. 2009, 45, 50-79.

12.  Goulos, I; Otter, J.; Stankowski, T.; MacManus, D.; Grech, N.; Sheaf, C. Aerodynamic design of separate-jet exhausts for future
civil aero-engines—Part ii: Design space exploration, surrogate modeling, and optimization. . Eng. Gas Turbines Power 2016,
138, 081202.

13. Cheng, J.; Li, B;; Song, X.; Ji, X.; Zhang, Y.; Chen, J.; Xiang, H. Integrated surrogate model-based approach for aerodynamic
design optimization of three-stage axial compressor in gas turbine applications. Energies 2025, 18, 4514.

14. Lian, W,; Jiang, Y.; Chen, H.; Li, Y.; Liu, X. Heat transfer characteristics of an aeroengine turbine casing based on CFD and the
surrogate model. Energies 2022, 15, 6743.

15. Tejero, F.; MacManus, D.G.; Sheaf, C. Surrogate-based aerodynamic optimisation of compact nacelle aero-engines. Aerosp. Sci.
Technol. 2019, 93, 105207.

16. Chen, T.; Li, R; Hu, X,; Zhang, B.; Liu, Y.; Wang, L.L.; Gao, N. Machine learning as CFD surrogate models for rapid prediction
of building-related physical fields: A review of methods and state-of-the-art. Build. Environ. 2025, 285, 113667.

17. Wang, P.; Hu, G.; Hu, W.; Xue, X,; Tao, J.; Wen, H. Deep learning-based rapid flow field reconstruction model with limited
monitoring point information. Aerospace 2024, 11, 871.

18. Kiyik, H.; Kaya, M.O.; Mahouti, P. Analysis of Wing Structures via Machine Learning-Based Surrogate Models. Aerospace 2026,
13, 338.

19. Abucide-Armas, A.; Portal-Porras, K.; Fernandez-Gamiz, U.; Zulueta, E.; Teso-Fz-Betono, A. A data augmentation-based tech-
nique for deep learning applied to CFD simulations. Mathematics 2021, 9, 1843.

20. Vlahostergios, Z. Numerical Modeling of Turbine Blade Cooling for Aero Engine Applications with the Use of Surrogate Mod-

els. Chem. Eng. Trans. 2019, 76, 271-276.

https://doi.org/10.3390/aerospace13100954


https://doi.org/10.3390/aerospace13100954

Aerospace 2026, 13, 954 17 of 17

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

Ma, T.; Xi, X,; Zhao, C.; Xu, Y.; Zhang, H.; Liu, H. A locally enhanced physics-informed neural network surrogate model for
rapid aerothermal assessment of aero-engine nozzles. Aerosp. Sci. Technol. 2025, 168, 111002.

Chen, Y,; Liu, L,; Sun, D.; Liu, H.; Yang, J. An Attention-Augmented CNN-LSTM Framework for Reconstructing Transient
Temperature Fields of Turbine Blades from Sparse Measurements. Aerospace 2026, 13, 381.

Goodfellow, L].; Pouget-Abadie, J.; Mirza, M.; Xu, B.; Warde-Farley, D.; Ozair, S.; Courville, A.; Bengio, Y. Generative adversar-
ial nets. Adv. Neural Inf. Process. Syst. 2014, 27, 2672-2680.

Isola, P.; Zhu, ].Y.; Zhou, T.; Efros, A.A. Image-to-image translation with conditional adversarial networks. In Proceedings of
the 2017 IEEE Conference on Computer Vision and Pattern Recognition (CVPR), Honolulu, HI, USA, 21-26 July 2017; pp. 5967—
5976.

Li, H.; Kong, W.; Wang, M.; You, R. A correction method based on CGAN for scaling criteria of turbine blades in high radiation
environments. Energy 2025, 322, 135711.

Yang, L. Conditional generative adversarial networks (CGAN) for abnormal vibration of aero engine analysis. In Proceedings
of the 2020 IEEE 2nd International Conference on Civil Aviation Safety and Information Technology (ICCASIT), Weihai, China,
14-16 October 2020; pp. 724-728.

Ge, Y.; Zhang, F. Remaining useful life estimation for aero-engine with multiple working conditions via an improved generative
adversarial network. J. Braz. Soc. Mech. Sci. Eng. 2022, 44, 190.

Panchigar, D.; Kar, K.; Shukla, S.; Mathew, R.M.; Chadha, U.; Selvaraj, S.K. Machine learning-based CFD simulations: A review,
models, open threats, and future tactics. Neural Comput. Appl. 2022, 34, 21677-21700.

Mirza, M.; Osindero, S. Conditional generative adversarial nets. arXiv 2014, arXiv:1411.1784.

Ronneberger, O.; Fischer, P.; Brox, T. U-net: Convolutional networks for biomedical image segmentation. In Proceedings of the
International Conference on Medical Image Computing and Computer-Assisted Intervention, Munich, Germany, 5-9 October
2015; pp. 234-241.

Kendall, A,; Gal, Y.; Cipolla, R. Multi-task learning using uncertainty to weigh losses for scene geometry and semantics. In
Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, Salt Lake City, UT, USA, 18-23 June 2018;
pp. 7482-7491.

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual au-

thor(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to

people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.3390/aerospace13100954


https://doi.org/10.3390/aerospace13100954

