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Abstract: In order to improve the prediction ability of heat transfer performance on lantern-
shaped pin-fin endwall, several deep learning surrogate models are constructed and their predic-

tion performance compared. Based on data-driven thinking, five traditional surrogate models,
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namely polynomial response surface model (RSM), radial basis function model (RBF), radial ba-
sis function neural network (RBFNN), Kriging model and ensemble of surrogate model (Ensem-
ble) are proposed. Additionally, five generative adversarial network surrogate models based on
deep learning, namely pix2pix model, pix2pixHD model, CycleGAN model, StarGAN model all
with residual network, and another pix2pix model without residual network are proposed. The
training sets with various sample numbers of 50, 25, 12, 6 and 3 were obtained by Latin hyper-
cube sampling, respectively, using the pin-fin cross-sectional shape as the design variables. Ac-
cording to the distribution characteristics of high heat transfer zone, the dataset with a training
sample number of 50 is divided into a wide sample dataset and a narrow sample dataset. On this
basis, the various heat transfer performance of different surrogate models are compared in terms
of prediction accuracy, computational cost and generalization ability. The results show that,
compared with the pix2pix model without residual network, the prediction accuracy of the pix2pix
model with residual network is effectively improved, and the prediction error of the surface mean
is reduced from 0. 68% to 0. 32%, and the averaged relative error is reduced from 6. 89% to
6.41% when the sample number is 50. When the number of training samples decreases, the pre-
diction performance of the models with residual network becomes more prominent. The time cost
of traditional surrogate models is negligible, but the training time of deep learning models is long
especially for models with residual network. When the number of training samples is 50, there is
little difference in prediction accuracy between the traditional surrogate models and deep learning
models. With gradual decrease in the number of training samples, deep learning surrogate models
show higher prediction accuracy and generalization capabilities. Although the Kriging model has
strong generalization ability, the prediction results tend to be similar. RSM model, RBF model,
and Ensemble model have the lowest generalization ability, and the prediction results are severely
distorted when there are fewer training samples. For the heat transfer distribution prediction of
the pin-fin endwall, the deep learning models possess significant advantages in terms of both pre-
diction accuracy and generalization ability, which are more suitable for small batch sample prob-
lems. This study has important reference value for improving the cross-sectional shape design
efficiency of lantern-shaped pin-fin.

Keywords: gas turbine; surrogate model; deep learning; pin-fin; prediction of heat transfer
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Fig. 1 The geometry of lantern-shaped pin-fin channel
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Fig. 2 The geometry of lantern-shaped pin-fin cross section
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Fig. 3 Features of wide and narrow samples
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Fig. 4 Data preprocessing flow for deep learning
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Table 1 Cross-sectional parameters for five test samples

FLUNFW 2N z;/mm 2, /mm 25 /mm
1 —1.856 8 —0.222 5 0.990 0
2 —0.359 0 0.307 9 1.075 1
3 —1.441 8 —1.102 9 0.146 3
4 —1.196 6 1.110 7 —0.570 5
B —2.040 8 —0.902 8 —1.054 9
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Fig. 5 Network structure of pix2pix
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Fig. 7 Network structure of pix2pixHD
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Table 2 The sample mean of evaluation metrics for various

surrogate models

FRBE AR E./% E/%  Luse/%
Toh%k % pix2pix 0.68 6.89 0. 37
5% 2% pix2pix 0.32 6.41 0.33
pix2pixHD 0.31 6.29 0.31
CycleGAN 0.42 6. 50 0. 34
StarGAN 0.41 6. 24 0.31
RSM 0. 20 5.76 0. 25
RBF 0.28 8.71 0.59
RBFNN 0.33 6.33 0. 30
Kriging 0. 36 6.96 0. 36
Ensemble 0. 35 6. 24 0.27
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Kriging 6.75 1.9
Ensemble 71.10 285.1

JoHk 2% pix2pix 2.1 13.9
F% % pix2pix  17.5 18.2
pix2pixHD  18.3  20.9
CycleGAN  25.8  18.0
StarGAN 34.2 33.9
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Fig. 12 Flow direction and span direction position
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