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An aeroheating prediction method for deformed structures based on
conditional diffusion model

HE Jiyun', LYU Honggiang®, LI Xudong®, YU Jian', XU Ran', ZHANG Junlong', LIU Xuejun"
(1. The Key Laboratory of Brain-Machine Intelligence Technology, Ministry of Education,
College of Artificial Intelligence, Nanjing University of Aeronautics and Astronautics, Nanjing 211106, China;
2. College of Aerospace Engineering, Nanjing University of Aeronautics and Astronautics, Nanjing 210016, China;
3. Beijing Aerospace Long March Vehicle Research Institute, Beijing 100071, China)

Abstract: The shape of aircraft with telescopic deformed structures is complex, and the distribution of
aerothermal data varies significantly. Traditional surrogate models to capture the aerothermal heating distribution
of telescopic structures, hindering effective prediction struggle on structural surfaces. Based on the conditional
diffusion model, the Heating-MLP Diffusion (HMD) method for deformable structures was proposed, comprising
two processes: forward diffusion and reverse denoising. In the forward diffusion process, the original aerothermal
data is gradually corrupted until it becomes pure Gaussian noise. In the reverse denoising process, using the
shape and operating conditions of the deformed structure as conditional inputs, a fully connected neural network
predicts the noise added at each diffusion step, thereby learning the implicit distribution characteristics of
aerothermal heating data, thus enabling the prediction of aerothermal heating on the surface grid points of aircraft
telescopic deformed wings. Numerical simulation data validated the proposed model. Experimental results
demonstrate that compared with Gaussian processes, neural processes, and neural networks, the conditional
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diffusion model-based aerothermal prediction method achieves higher accuracy, with a mean absolute percentage

error of ~10%. This evidence proves its effectiveness in predicting aerothermal heating on high-speed aircraft

wings with telescopic deformed structures providing an accurate prediction model for engineering applications.

Keywords: conditional diffusion; surrogate models; high speed; aeroheating; telescopic deformed

structure; fully connected neural network
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Fig. 1 The shape of the wing of the aircraft at different deflection angles
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Table 1 Parameters reference value in our dataset

o WEMA0/C) mEHAm EEe/(ms D Wfa/()
1 0 27.2 1820 8.4
2 0 30.1 2980 15.0
3 0 53.1 2800 -10.0
4 0 29.4 2650 16.0
5 0 30.7 2200 8.4
6 0 26.8 1500 9.2
7 0 25.4 1250 11.7
8 10 27.2 1820 -8.4
9 10 30.1 2980 15.0
10 10 53.1 2800 -10.0
11 10 29.4 2650 16.0
12 10 30.7 2200 8.4
13 10 26.8 1500 9.2
14 10 25.4 1250 11.7
15 20 27.2 1820 -84
16 20 30.1 2980 15.0
17 20 53.1 2800 -10.0
18 20 29.4 2650 16.0
19 20 30.7 2200 8.4
20 20 26.8 1500 9.2
21 20 25.4 1250 11.7
22 30 27.2 1820 -8.4
23 30 30.1 2980 15.0
24 30 53.1 2800 10.0
25 30 29.4 2650 16.0
26 30 30.7 2200 8.4
27 30 26.8 1500 9.2
28 30 25.4 1250 11.7
29 40 27.2 1820 8.4
30 40 30.1 2980 15.0
31 40 53.1 2800 -10.0
32 40 29.4 2650 16.0
33 40 30.7 2200 8.4
34 40 26.8 1500 9.2
35 40 25.4 1250 11.7
36 44 27.2 1820 8.4
37 44 30.1 2980 15.0
38 44 53.1 2800 -10.0
39 44 29.4 2650 16.0
40 44 30.7 2200 8.4
41 44 26.8 1500 9.2
42 44 25.4 1250 11.7
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Table 2 The reference value of the test set parameters

HApE WHEMAC/()  EEHAm  EEe/(ms)  Dfa/()

1 0 30.7 2200 8.4
2 10 53.1 2800 -10
3 20 26.8 1500 9.2
4 30 27.2 1820 -8.4
5 40 30.1 2980 15
6 44 29.4 2650 16

4.1 REEE

D Sl RN SR E. sl R RSN
RBF, ¥ RE 1.5, 2 B F R Nx107%, 1x109 .

D MATHEERSHEE. AR
MZH R BEINE 3. R 4 Fn. Kb N NRE ) &
7 YE DL R T E AR 1 4E . IR ERAE A 32 4E, )RR
Ap e 32 4E, bR SCHT AL LA H AR A A E Y 100
Ao ZA A ELHE — AN G 1 2 R — AN AT 8% . AL
LSRR E N /N 1024, Y125 #1000, 22 2)
#0.001.

x3 HETERARNIREMNSHILE

Table 3 Parameters settings of encoder structure

= I 2% W e A N i H YRS
1 Linear Mish 7,1 32

2 Linear Mish 32 64

3 Linear Mish 64 128

4 Linear Mish 128 64

5 Linear — 64 32

R4 WESEERFOREHNSHILE
Table 4 Parameters settings of decoder structure

Z RE] P PR YR oo L 2 R
1 Linear Mish 3, 32, 32 128

2 Linear Mish 128 256

3 Linear Mish 256 128

4 Linear Mish 128 64

5 Linear — 64 1

3) BEEMAEW KB SR E . AR
AW B E RS s, BEAHH N m & H
THE i EY 1 4E . BRI G S G E N iR
/N 512, Y45 1000, 2% 2] % 0.001 .

4) AT BB S 4 E . HMD B8 [ 4540 2
HREWER 6 . A m EEIEYI TNAE, B —
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Table S Parameters settings of FCNN model structure
n
2 % WEEN MARE Wi MAE = L 3 b=l 17)
1 Linear SiLU 7 64 n=
2 Linear SiLU 64 128
3 Linear SiLU 128 256 MAPE F T~ & F )~ 35 3 2 bL ik 22, 1Z 4845
1 Lincar SiLU 256 512 AT LAVH BR800 3 — A B2, S T 45 2R B 448 %
5 Linear SiLU 512 128 ﬁ éj\ Hﬁ 'L?El% % .
6 Linear SiLU 128 64
7 Li - 64 1 1A |yi—9i
near MAPE = — 3 (M= " (18)
n Yi

& 6 HMD EEZEMSHILE

Table 6 Parameters settings of HMD model structure

= R 2% W BRI NYERE LR
XI5 Linear SiLU 7,64, 1 512
DB1 Linear SiLU 512 512
DB2 Linear SiLU 512 512
DB3 Linear SiLU 512 512
G Linear SiLU 512 256
R e ) Linear SiLU 256 64
[E4E )= Linear — 64 1

Yt [t HL MG, B [A] 2P 14 3 time embedding B S R
64 4Em &, L& 7 4ERHE R 2 8. S FHIER 55
BEAFANAESG N S12 48, ME4d 3 M SN
512 4 BB B b AT AR 2 1t AR He, g B e 4 i
A, Gy R =AB 0 B AR ¥R (2 )2 IR G )E
(1B &M HE 2 )2, & )54 i FRAE 1% 4 4
—YEFUNE . BRI SR S HOR B N IR 512,
IR I 5000, 2% 2] %4 0.00001
4.2 TFEIRAE

A SCAE k2 R B RSP 8 44 % % (mean
absolute error, MAE) DL Jz - 35 44 %t 1 43 b 1% 2 (mean
absolute percentage error, MAPE) 1 A AU [ 3 Ak b vt

R* ZA B0 —Ff T 4T i [0 V20 0 o045 78 2 ) 45
B, B2 s 15 R e 08 R s U7 2= B A, e g T
S5 R 5 S AR R

n

Z i = 9)*

i=1
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P
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TR, F42 78 BT R A B 0P 3948, R B i
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MAE F -F- i A5 2R S50 00 £ 1 88 3% 22, A6 F0000
Hodfa AT MAE PPl 000 10 390 2240 22, e e T 00 45

R*=1- (16)
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Fig. 9 Convergence curve of the training loss function for the

conditional diffusion model
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Fig. 10 Denoising results of the randomly selected samples at different steps
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Table 7 The results of the evaluation index of the test set under
different models

A R MAE MAPE
[ bon 0.94131 0.01937 0.15651
FUEZSup 0.97132 0.01713 0.14393
TP N 245 0.96971 0.01686 0.13332
EiN: g bt 0.98756 0.01490 0.10175

*8 MIXEZFHAERRERETH MAPE &

Table 8 The MAPE values of each sample in the test set under
different models

BARFS R MadiE O Mam® i
1 0.15210 0.13536 0.14276 0.10877

2 0.12114 0.17191 0.14221 0.09597

3 0.20175 0.11381 0.10404 0.11136

4 0.13379 0.14235 0.11027 0.07228

5 0.15090 0.13510 0.14075 0.11594

6 0.17939 0.16507 0.15989 0.10620
Eit 0.15651 0.14393 0.13332 0.10175
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Fig. 12 Comparison of prediction maps of different models
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Table 9 The results of the evaluation index of the test set

T R MAE MAPE
F BN Bk 0.98203 0.01554 0.11816
FIANT B 0.98756 0.01490 0.10175
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Fig. 16 The MAPE value of the model prediction results for

different training periods
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