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Abstract Low-resolution flow field data contains limited information, which fails to fully capture the detailed
evolutionary processes of the flow field. Especially for the random turbulent features and small-scale vortex details in
turbulence, they are even more challenging to obtain, thereby restricting the in-depth investigation of flow field evolution
mechanisms. In order to address this limitation and reconstruct high-resolution data from low-resolution flow fields, this
paper proposes a generative diffusion model called FlowDiffusionNet for flow field super-resolution reconstruction. The
model takes the low-resolution flow field data input as the constraint condition, and utilizes a denoising fraction matching
method to reproduce high-resolution flow field data. FlowDiffusionNet's structural design takes into consideration both
the low-frequency information and high-frequency spatial features of flow field data, employing a diffusion-based
modeling technique to reconstruct the residuals for high-resolution data. The proposed model's architecture is amenable
to transfer learning, allowing its application to degraded flow fields at different levels. The performance of
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FlowDiffusionNet is evaluated on various classical flow field datasets and compared against other methods such as
bicubic interpolation, super-resolution generative adversarial network (SRGAN), and super-resolution convolutional
neural network (SRCNN). The results demonstrate that the proposed method achieves the best reconstruction

performance on various flow fields, especially for flow field data with small-scale vortex structures down sampled by a

factor of 4, where the objective evaluation index structural similarity index measure (SSIM) reaches 0.999.
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xr = (g ®G) o (18)

Horp G RBBBRERAE, o AR RAER 1, i 1L
20 U 1R e RO 45 B X0 3 IR SRAE T 5, e T AR
R pR B 2~ K

@2y
e 207 (19)

1
G(x,y) =
Y 2n0”

Hor o W E N 5, Ml KBl 16 x 16, HR i
AR5 LR WA < 18] 1) 22 5 ] LU R SRR D
TafoR

@ = MRr/Mur = NLr/Nur (20)

Ssh M R O O R, N R
SRREIVEUR. y T 4 VU BB AR 4 BRI
TALRE ), T 3 ORI FRRER T, 8 4, 8 0

#F 1 FERE SRIIGESMHEHS
Table I Number of SR training and test sets for different flow

fields
Cases nos. Case name Train data Test data
1 DNS turbulence 1600 400
2 JHTDB channel 1520 380
3 JHTDB isotropic 1600 400
4 JHTDB MHD 640 160
5 SQG 1200 300

16. F4 1) SR EH 45 0 7 B It i 4574 (DNS iy
WA JHTDB) Fl/h R it 4544 (SQG F1 DNS it
W), XA AT S H A P . W 6 iR,
JER T fEa =8 TR SR Wi 4.

JHTDB channel JHTDB isotropic JHTDB MHD

B ’ 4.00 2.0

: ! 375 L5 )
3.50 | 1.0
325 Wi 0.5 !
3.00 0 0
2.75 0.5 9
2.50 -1.0
225 -15 =
2.00 “®-20 -3

K6 Mo HRG Hhn S
Fig. 6 Super-resolution flow field datasets

2.2 YIZLATS

FlowDiffusionNet f& 7 2 4 — & NVIDIA
3060 GPU ¥ Hu i b 1fi 38 i pytorch SEBLI. 78I %5
BB, 1EFE MSE 1E R 4 2k ek 45, JF N Adam 4k
B, IR 2] A E 0.00003, dropout #E K 0.1 5K
PEAGAR Y 2 4. BRI 58 2 4 B B B B
K T=1000, FAEHT ) I A2 1) 5 72 ¥ b AP K
BNAIER, M 0.000 1 ZeENg ) 0.02. H AL 32 %
32 [ 4) HEH—256 x 256 2 [H] 4 HE B 4
Ik, BEJGHELE 32 x 32 23 (8] 43 —256 x 256 4%
) 73 HE R I GRAF IR 4L, 53 TR 22 64 x 64 % [H] 4y
i —256 x 256 7% [ 73 HE A ) B4 45 A0 16 %
16 25 [0 0 R —256 x 256 25 [0 40 PR (5 4 L

AT IR, AL RS HE D 69.7 M.
2.3 RIEEMT

TEARSCHERL L 2D, R H T DPM-solver XA¥
TR RN T B 2R, S AN T EAT A
N RT3 T BB B R SRR, F HAHE T2 it
I TCI G RAETT V%, AT SISy 10 £% 1) i . DPM-
solver H 3 HUH Tl 73 J7 #2191 Ze vk, i ik ph Mg 75 9
DA (¥ FOIMAUAR 73, BB ALY 503 1k 23 R 2
PIRETAAR . R FESS T LR 1 By 2 BT 3 B A
2 AT AL 75 P AR A (1) FR O AR 43, Forb 1 iy
105 DDIMPS] SRAE I FEAH Ry T R A i
FUHRE, BB T T xgeare 1F) 25 U 75 77 51) DPM 2 By
KA, IEIY ) E IE MR A Tk
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FEATT Hh 5t FlowDiffusionNet R (1) 11 it 3
ATVEAN, B Je e 40E 5 KOs PEPEAS LAY I bR, BE S
LU T AN [ ASE 280 o At e 3 (D RS B2, i T A i
S7B I AT A IR E NN
3.1 HhERE

S PEAN BGAHARLRE B M A FE 2248 AR, AR
WL (PSNR) M 45 I AHAL B F b (SSIM). PSNR K718
R FSE PRI AR I M 7 T R 1 L AL, 2 1l i SR iR R
A PR 5 PG S o 1 R AR, — O HAE
T 40 AR LS, 30 ~ 40 2 8] FUE & A2 1. HAk
[PASw/INY

PSNR = 10-1g(Max}/MSE) (21)

Horp Maxy 7R R R B0 10 B K% 22{H, MSE &8 i
IEEE S EEEEE 2 R I R .
SSIM RGN A w] DL & K 1 R B AR,
o m] DA & PRIk I R FARADURR . BRI A an -
_ (zﬂx,uy + cl)(o'xy +c2)
S = e+ P+

(22)

FLr g Ay 53 530 22 7 I 5040 x R0 34 y 1)
BIME, o Floy 20 3RS x Ry IARHEZE, o MIZR TR x
Ry BB TT 22, o1 Fl cp A2 5 AR G 5 BEY 0.

6 78 VEVEAS 3 R Ak T A 3 R
FE S RV B 43 A, T B U 8% 21 T 2 i 3 1)
TEAIE R
32 RIGEERBELER

56, AR H ) FlowDiffusionNet A& #E 47 T
PEAL, LR AR T00I 0 1 5% 2 A0 B 42 0 B 4 i 3
IS TANE R S . O 1 SRR A A R
S T AR U5 AR, R SR T LR R T BT
HAY R (SR) J7 V8047 FL A, B0 R A5 48 i W = IR 4
{H 77 1% (bicubic)lPe), FEFH ML M4 (CNN) (1)
SRCNN J7 v 81 FHE T A2 gl 51 M 4% (GAN) (1)
SRGAN J5 iU 3 T PG A EA R i R U
(I EEAE S, BEHL T o b 4 (B R KF) . 8 (I
HER KT B 16 GEAR S HERKOT).

Wi 2 fros (FH SRGAN Fl SRCNN PERER
SRV T SCHR [21]), Ho FDiffNet_res 27 Fitill
HR ¥i%5% 7, FDiffNet Nres 7~ H 32100l HR ¥

W, VERe S i E DA R 7R, 3 H RS R AN [ 1
AR I T BT M AR L. HAA T
&, 0T R AR I, W = A A T VR
PSNR 3w LU 30, B E sl oz, 5
IR 2 ) 7V AH BOAT A7AE S8 35 22 B R 2 6 T4,
BN ROBE i 5 R (R 3 K 4, #1in DNS Al SQG,
AL 48 J7 AT B RS 7 TR R B AR, AH Y 1Y) PSNR
1 SSIM VEANFEARL 53 7]k 20.096/0.758 i1 22.113/
0.728. 3X 1t BT Jmy 8 /N RUBE S e T S AT 450, AR 4807
T2 P REAF ST T AR ST HE RS 2R AT A7 A1 B 2 1) 22
. WL #, SRGAN 1 SRCNN 7E o = 4 H&55) 3
R, W EARE SSIM W LAk F] 0.9 LA b, [\ FE
FET AR ARE AL, SRGAN [RI9i 3 F AR L FDiffNet
R HL 22 1K R kg 2B o A A I 5 T S IA 3 4l
¥4, I FLO T S50 UK, 5 B AR
RSB A, T IR AR OB L
FDiffNet Il 25+ faf 5, R 228004 & i 4 o 7%
TR SAE A, T AR 5 B NI fU45 . SRCNN
PHILE o = 4 PEE PR o = 8 RS R &
AN SSIMAHZ 0.023 ~ 0.037, 1M FDiffNet_res
BAS R SSIM VAR ZE 0.002 ~ 0.014, IX FE i H A
RAEAR >R E g b, BA LR R
Fi . FDiffNet 0 & 0 HF 20 000 3 1) ke 22 B A )
BT EAION SR 4k w5 43 HE e i 3, IF BAEUIZRI
TRINA 22 e LR A g Rl 84

FDiffNet #5283 {4 2514 & UNet B8, 4\ 5%
RN A 80, DR TR R sl i N LR W
SRR AR, TS SOLAAT AT S E N T AT I R
2230, X IR KRN TH]. O T UERH FDiffNet
BT R 5 2] J7 T AR B, 75 DNS Wi st I,
X EE T FDiffNet_res H4fEa =4 T IZk 65000 &
5} FDiffNet _res fEa =8 NIIZ: 45000 2 J5iT#
a =4 FIZE 65000 & MIF Fabr, Wik 7 Bt
TN, GRLAT A% 24 ) FDiffNet B £E I 25 10 B e PR
i, AT EEBE WL A AL ) FDiffNet #7311 257 =X, HL
A FE PSNR 5 SSIM fEH& FFSE P, ml LR 1544
R (R 250 18] 55 % A . FDiffNet B8 7E I 25 o = 8
RSN HER I B R B8 2% ) B M
SRR, IR B 3 a = 4 TS HERERY
) AT A BE B Y R SR BT 5 S 2 3 A A 1
Z 5T
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Table 2 Performance of different methods with downsampling factors of 4, 8, 16
Bicubic SRGAN SRCNN FDiffNet Nres FDiffNet res
a Flow cases
PSNR/SSIM PSNR/SSIM PSNR/SSIM PSNR/SSIM PSNR/SSIM
4 DNS turbulence 20.057/0.760 31.373/0.920 35.314/0.957 50.259/0.997 58.048/0.999
JHTDB channel 34.824/0.893 40.324/0.922 45.733/0.971 44.419/0.983 47.272/0.983
JHTDB isotropic 25.514/0.821 34.974/0.935 36.028/0.946 48.284/0.995 50.371/0.996
JHTDB MHD 24.986/0.837 32.049/0.901 32.351/0.916 37.373/0.968 38.078/0.973
SQG 22.190/0.730 33.718/0.897 37.143/0.937 51.597/0.997 60.659/0.999
8 DNS turbulence 16.408/0.618 31.115/0.912 32.988/0.934 41.708/0.989 48.267/0.997
JHTDB channel 31.347/0.820 38.539/0.899 41.193/0.944 41.753/0.974 46.562/0.978
JHTDB isotropic 22.131/0.723 22.164/0.723 33.363/0.912 38.945/0.977 42.738/0.982
JHTDB MHD 21.592/0.748 29.636/0.855 31.059/0.887 34.445/0.953 35.499/0.961
SQG 18.676/0.595 31.634/0.850 34.468/0.900 42.722/0.986 46.004/0.991
16 DNS turbulence 9.464/0.321 28.902/0.877 31.165/0.914 32.163/0.958 37.413/0.979
JHTDB channel 26.168/0.647 30.638/0.709 30.795/0.744 32.505/0.813 33.191/0.819
JHTDB isotropic 16.626/0.514 24.074/0.687 25.132/0.723 30.418/0.872 31.642/0.881
JHTDB MHD 16.305/0.555 21.286/0.609 22.831/0.674 22.957/0.754 24.589/0.776
SQG 12.637/0.336 29.163/0.804 29.972/0.826 39.073/0.981 42.534/0.987
60
.999 5 0.999 6 0.999 6 0.999 6
55 L 1.00 L 0.99720.9986 0.9992  0.999 6 0.999 6 0.999 6
3 0,993 3 0.996 0 0.998 4 0.999 1
50 | 0.9976 0.9989 0.9993
451 0.95
= 40t =
€ 35l 8 090}
30+
. 0.85 .
25+ 270143 —=— transfer learning —a— transfer learning
25666 —e— non-transfer learning —e— non-transfer learning
20 ' 0.8171
1 1 1 1 0.80 1 1 1 1 1 1
0 2 6 8 10 12 14 0 2 4 6 8 10 12 14

33

step/5000

(a) PSNR 1 fETR R

(a) PSNR performance indicators

7 FDiffNet /TR 2% S MR 22 2] L ERERIL

REHERBEITMN

N W R AR T ik s Ak e ), UL 4t
Bicubic Jjik. ¥R >] SRCNN J5ik. FDiffNet
Nres J7 7% LL M FDiffNet res JyiEHEAT X b, 7ER 4R
D e =8 NHES M EE G W& 8 ft

step/5000

(b) SSIM HTLRESRHR
(b) SSIM performance indicators

Fig. 7 FDiftNet performs on transfer learning and non-transfer learning

R, B AR ORESE u RN, TR RS
UL, PSNR R SSIM {H#8E H G )b N4 . Jl
TR = AR A 5 16 i RS AR I, A2 R
TRBES: 2 D7k e U 2 i 4715, Jorh FDiffNet
Tk RE R B AR, 1B SRCNN J7 3% ml AR AL Ui



2318

2023 45 55 &

ground truth

bicubic

18.184/0.558

LI¥

31.762/0.892

(2 35
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) -4 25
—
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45.059/0.992

42.341/0.992
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Fig. 8 Comparison of different methods to reconstruct velocity fields at @ =8

Yy SRS 446 &5 44, 5 Wit JHTDB channel i
W E CUHE N (P i i Y A2 95 7Y, T SRCNN L%
B, M2 N FDiffNet )58 83 190
ShRA. X JE T AT LR Zwtid s 78 o0 3R L Tk 20 7%
RHEIE, A BRI AR P&
&, 1 J It DPM-solver SCFE 2% M 5 o 2 0 1 &2
W . FH FDiffNet Tl HR iz bk 2 Pk gens oL+
BT HR W), 755 8 500 7 i o2& 5 i ik
HR Uiy 8 BA7 — 80k, 7 EME LT A
FDiffNet_res B )31 I & LS.
34 REHERBETN
BTN o 72 v ok 475 i B, DAL i

AR A VPG RS 2R 2 S SR I R AP FR A FEARSE 20 HF
Ko =8 NiREMEE AL WE 9 PR, I
W 4 2 R IR /)N, DNS i it Al SQG 4325 5
EZ AT AR VR ECE SN R S h N R P
L 45 R, 4l FDiffNet Wil HR R 5%
75, HEBBCR R, ML, W=7k E 1
W B, B Z Wi s S, T SRCNN J5 ik
AR I IHRS, JF H G E A v i 1 2k g5 4.
SR1M, FDiffNet W n] AAT R0 2 i & 37 K 40 153547
I HAE SR RS — AT, IXUE T FlowDiffusionNet
R ) S FH .
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bicubic

TSQG 13.557/0.283
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27.328/0.644

44.319/0.988 45.220/0.987
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Fig. 9 Comparison of different methods to reconstruct vortex fields at @ =8

35 HEMEILE

AR I AT IS (R AL N VEAS T BRI T3
WK 3 . o T AV, JAEAAE R —
AHLES R4S T AHIFN ) Intel Core i7-12700 CPU A1
NVIDIA RTX 3060 GPU. 537k, FATTLLBARAE /) HE %
a = 16 [¥] DNS Jiti i i ¥ A . 4 =08 4T i R)
100 AR A3 11 B vF i ).

®3 NEFHETEREREL

Table 3 Comparison of computational efficiency of different

methods
Model Running time/ms Model size/kB
bicubic 1 —
SRGAN 328 5939
SRCNN 21 472
FlowDiffusionNet 58213 69703

i 3 fior, W LLE H FlowDiffusionNet 574
TETH R BARAE — 8 B H, 540 A dsi 7Y
SRGAN #H L, #EH k2 5 keI, 1X 2 K28 GAN
(R SR R ST A 6 I 2% i it el A, T T R AR
W5 B2 20 e W 28wt R AR SC D T i
SERERAE T IR 1 A PR s 4E N 2 10 2D
LA, (HAEHERE 100 M3 By S ) Rl ik 21 1
58 s.

4 £

AL T BRI HOE R 5%, AT A
(7] P 7 2 AR (K 20 R st AR AL T I s

() DDPM M4 &5 44), $m T B E, HNH
LR 4ufid 2% @ I LR W fs 8. & T He msi A &
FJ HR {37, ¥ T DPM-solver Sk 25 1T HE
AT FAFRILL N 4.

(1) BRI RIS o He e B, 5164
FE T BT ) (1) SRGAN Fl SRCNN 5
AL, BT 1 i) FlowDiffusionNet #5284 A] DL m kG
FEH @R AR, (R &M i md b, VR
H AR FlowDiffusionNet Fiill HR i3 5% 22 i 1k
RERILLL L E 700 HR Jiss 3 m ik 5.

(2) FlowDiffusionNet 8 HA [ 4 IF17Z AL RE
TG T 2 MR A i 1 Ay PR A T AR,
S, FlowDiffusionNet BRI+ 73 i€, fEa =4
Mo =8 AN HER R ERATLS b, WA
br SSIM P ZNE /T 0.014.

(3) FlowDiffusionNet #4784 1] L ks FE h 85 48
45k, T DNS #1 SQG ¥ids, A = 16 HK
HE N, LR MAVE FR An T LLIA #) 0.98 LA E.
FlowDiffusionNet 1 84ik B AT AP RIE R, 72145
B B m DAY 48 K &I [].

(4) 5 3erh A 5 74 B, FlowDiffusionNet 45
RIFE P R S 5 v AL R T 8 2 i
A5, JCHX TSR b ok HEF BN W E T,
FlowDiffusionNet F 8 A7) 88 FL A7 55 b 1) i gt Ak e, i
LAt 7y 2 1 A e U)K s BRI

% CAEUEB T 9 BB 8 5 3 17 B ) 1% 6 A T
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