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lAbstract: Aiming at the fine-scale forecasting challenge of 2 m temperature (T,q) in complex
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terrain areas, this paper selects the Guangxi region, a typical area with complex terrain, as the
research object and proposes a physics-constrained deep learning forecasting model named
PSD-Net, which integrates the forecast products of the Pangu-Weather model. The forecast
products of Pangu-Weather (PANGU) are used as feature variables input. The generator based on
the Super-Resolution Generative Adversarial Network (SRGAN) is employed to extract
multi-scale features. Power-spectral-density (PSD) and Kullback-Leibler (KL) divergence terms
are explicitly injected into the loss function as constraint term so as to improve the consistency of
forecast products with observations in spectral fidelity and probability distribution. Compared to
the T, forecast performance of the ECMWF, SCMOC and PANGU products in the Guangxi
region in 2024, both the grided forecasts and station-based forecasts of PSD-Net outperform the
compared forecast products. In particular, the absolute mean error of the gridded forecasts is
reduced by 37.6 % relative to that of PANGU and the accuracy is improved by 17 percentage
points. The growths  of both MAE and RMSE for the 72 h T2m forecast products from
PSD-Net are less than those of the compared forecast products, .and there'is a gentle
error growth at  lead time from 25 h to 72 h. In a word, this study has verified the effectiveness
of the physics-constrained deep learning framework in fine-scale T,y forecasting. which could
provide a new approach for the combination of meteorological and Al models.

Key words:
2 m temperature, Al, physics-constrained, forecast model, performance evaluation
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et al, 2023) , Pangu-Weather % 3D HiEK4FE 1) Transformer 2244, 7EgmALHT BLiEEd =
Y BRI ST B S5 /KPRHE, MRS IR s 6 R TR s W45 Nk ZEEs S m il
REELRNERTT (GELU) Wi bR 2% i bh 5V SR g s AR 2R M A e 7, 12 Bk B s >k
2 BRI B B HOR R AR 0 28 IR i B 5 (ERASD |, /KP4 #5305 0.25< &
&5 Mo ERYE 13 MERM ER 5 MEEEE. BAEET 4 PR (1, 3
6. 24 h) IEARAE TR BN 1~10d K LL L, K EER 0.25° HIERREFSRRERY
o MILLF NWP, Pangu-Weather 7 Ty TR T 1454 1% 2 B 10 %~15 %, FEFE ik,
29 10 min 5ERK 1 h 23 HER AR 96 h B RUAER TR . SR 1M L SRBEILE T o 1 DX 0K 240 4. T
o G — e Bk AR, 90 a0 B T AR B = 0 KRB AR CinREESTELSE) IR RN, £
Kt it b 5= AR i B R (Rasp et al, 2018) o Ak, WFAEHERSI AW
AL, Chen et al (2024) ¥ B E B AN, JeTHRBOK IR G TR g%
fE (PSD) L Kullback-Leibler (KL) #5551 5 20 o TR ATk AE 2 4 A 5 A R A5 1 (
RETERSE, 2021; Liet al, 2019; XI=MIERETE, 20200 , X ANFETF Tom FARFRAE T80
%

BT LR 5, ) PR MBI Ton FE4IAL TR - NWP HUTEIE RNifh 2 . Al #5775
U B R A v il v SE VRS R A A R, AN U — PRk Pangu-Weather TIUR ™ i (BAF
Bz~ SRR PANGU) 5 G i B2 SRR 5 27 SIHE BRI T, TIFRAR Y : PSD-Net. )
Fl PANGU Tiifie /=i, 245G HE s o &b B SR R EdEFE A RS (CLDAS) sk
Rt BdReE OMEESE, 2019) o fERRREHEN PSD #l Kk BB KA &, L
FEIAEEZ R . Horh, PSD 455k I F0AL Tom ISR AE B 20 M, $RTH 2 RBEE TP, KL
R0 0 2 20 SRR B A AT S, IR AR A TR T S . FIF 2024 AR RE)TEVE
RS s WA BTk, BONATHLITAS T PSD-Net 5t LE 7= 5 i) Tom TR R I -

1 Hodls BORA 51

1.1 BIRHER

AHFFR 2019—2024 “E4&F HFIR 08 Ff. 20 if; Jbaihf, TIA) ERAS 4xBEREE IK
3J] Pangu-Weather % 96 h il iz i R Py (1) Fide ™= i PANGU, B 9T [X 3k 19.5N~26.5N,
1042FE~1122F, Ei) 4k, ACFrER 0.25 BEHER 1h,

XA 2024 4R HPRAT (08 By 20 B IR H IR STk
O EEBL T2 h BN 1 Tom TR CBL R~ WA ECMWE) , EZESZRH 0
72 h B 28 YA R T F8 5 77 i CBL K% 7= i 6T R 9 SCMOC) - ECMWF /K43 #4658 0.125°
, IFE 3 #E30N 3hs, SCMOC K73 #8308 0.05S KAl 43 ##% 1 h.

A ST B SR 2019—2024 4F CLDAS 3% /NI I Tom PIRE B, /KT 20 35 0.05°
. Hirh 2019—2023 FEHHE T A AL ISR, 2024 SFE5E F T PR 7= kG 56 . CLDAS 7= &
T2 UM S i EdEm G, ERAMEXEEA RIFMSEESM, E4EM X MAE
#10.8~0.9 C, 7€) 7§ RMSE £ 0.4 °C, A ML, (HEEHEHRI miRzZzmig K, H
5 WTEBEY: 1L XSS TMFE— e 2R UNHEESE, 2019; XI%4%, 2021;
Tet %%, 2019) o ¥l ARG SEUEEE R 2024 4E)TEIRA 91 ANE KGR R 54
JoR B 3 ) i 3B /N ) T o B0

HO TR R KT 7 B 0.05° ISR H AR BEIE T 3 B8 GS (2024) 0650 5%
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Fig. 1 Topography of the study area (colored) and the distribution of 91 national meteorological stations

(black dots) in the Guangxi Region
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LR SRR AT R
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= . Ppred (i)
Ly, = ?=1100 Ppred (l) lnp—d. (3)

Ptarget(l)
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Tom PRI LE 73 A AR FE 35 15 S 8 T AR AL
LTIk, PSD-Net 42K BRELAE Lag 250 E5IN Lpsp 5 L, fREIIIBLEHURREL (
Lrotal) » MHRAXUTTF:
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e Lyae WIHRY) Ppreg ML) Praget P IIHEXIREE, a, B, y NI REL. EIE
LroraL 352 % AR R FEIIFERTHERLERE . E#EE (Yang and Shami, 2020) .
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Fig. 2 Schematic diagram of the PSD-Net architecture
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20 B (B 08 W) AKAFMHT 1~72 h BT ™ 5, SEbrB o H 08 B (BiAT—H 20 A
) AR 13~84 h IS RATRIR = S HEA TR B . %05 R T W A S 5 g AT Rk .

1.5 RIGHZE

AHFFCR T E PR 2 (ME) | SP4axiiRzE (MAE)  B7HRIRZE (RMSE) | Tiidk
HERIR (ACC) %5 4 J5¥abr (TKHREE, 2009) MKE 2553k S 7 TH SR> o M s I0iE: K
iR 5 CLDAS SZULHEATIEAG s Lt 3 6 : i 4RI SR (VP &5 SRS A T WLk P S
{8, HAFRERCR LAREIRE R eRT 45, 2019) , Rk s 363 44 AR Uy 3 {5
PR SE 3. AR T

ME = 31, (F — 0) (6)
MAE = 5L, |F — 0] @)
RMSE = \/ﬁZ?:l(Fi - 0;)? (8)
ACC = % x 100% 9)

X (6) ~ (9 H, FNTRIRAE, O NSEHUE, Neomed N 235 N TIHR 157 22 485 <2
CHEE A O D BS80S (B 5D %, ME. MAE 1 RMSE ka3 720 °C, ACC #ki#ir 100
%, REFEM. FETHE ME B, 4 DL TRAA 5 D2 OUE ZE B N B S0 Ik a5l i 2508 L
A5 B A 22 o

1.6 UK RN EFE MIHRXT LRI

AT 2K bR O i e AT ROGE B RS o DR RS R R Rl B, BT iR 38 7
FHEE F AT HAREIZE. 5 DN Cepoch) W5ERIIZR, ¥ILAINRE H
f MAE. ACC fEATEHER

NI (B ) o, By oy, KRB RENG: (1) K Lyae FIFE o [HE N 1.0,
RALFE E R E TR R ZEZREME S B (Yang and Shami, 2020) ; (2) Lesp M B LS
HERM 0.1 (FILHD 209 GRAN) B 7 MEikfi: 0.1, 0.3, 0.4, 0.5, 0.6, 0.7. 0.9;

(3) Ly MIBLE v BB 7 AN 0.1, 0.2, 0.3, 0.4, 05. 0.7, 0.9, VLR Hi L3
WHLREAE; L (4) HIAE 49 B (By) A, XMHERIL (R D, &IRAERNB=0.5. ¢
=0.3 (MAE=1.06 C. ACC=85.26 %) , UL PSD A5 KL BUELI B4, BERFFE
A S FRFE, SRR A S 3. BRI R et oE . ISR A A
1 RMHER 4 BRI EL SRR T, 18 SR MAE 1 ACC XTEE
Table 1 Comparison of MAE and ACC of gridded T,,, forecasts from four best-performing loss-weighted

combination models

B y MAE/C ACC/%
05 03 1.064 85.26
03 04 1.076 84.42
03 03 1.079 84.21
0.9 05 1.082 84.01

NEIE PSD-Net XT4H75 52U RE ST, I U-Net fERZHE (2 1)« HYmhdas-fiht &
ZiRE 4 T RFES EOREE, BB & 2 RUERHIE, A0 ST 5\ 2% ) AOmeS . 10



RERBUNIRE Lvae, TARIT. FN VRN Lpspy L A2 TTHR, BE 4 HIHENAE: (4 2~
H5) . GEREW (F 2), 415 (HI PSD-Net) Nfefl: #4 1, MAE [4{£% 5.9 %, ACC
RIHZ) 178 MH IR B 2, MAE £ 11.2 %.
7 2 ERhIXIN4E (& PSD-Net) K U-Net HY T, # s T513R MAE 0 ACC XFEE
Table 2 Comparison of MAE and ACC of gridded T,,,, forecasts between four ablation experiments
(including PSD-Net) and U-Net

HE Yk MAE/'C ACC/%
1 U-Net 1.131 83.48
2 Lmae (1.O) 1.199 81.62
3 Lmag (1.0) +Lg (0.3) 1.175 82.27
4 Lmae (1.0)+Lpgp €0.5) 1.115 83.79
5 Lmae (L.0)+Lpgp (0.5) +Ly (0.3) 1.064 85.26

HE— 250 M 2L 3R . ThERk 55 B 5] A% L2 #E S (the L2 distance of logarithmic,dg L2
), LM BRI 5 S A A A ROBE e B 4 A b i) 22 5+ W %5 ek 50 (Probability Density
Function, PDF) i KL 8%, LI 5 CLDAS Szt PDF 200 (A w2 . PR ITE bR
TR, HBAENE R TAREEELS . 415 B OREE<50km) AL R I B35
(Bl 32>, Hlg L2 A xR i), il CLDAS SEit, Al HAR T v /s RUEE i
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Fig. 3 Comparison of‘gridded T,,, forecasts from four ablation experiments (including PSD-Net) and U-Net with

observations

(a) power spectral density, (b) probability density function
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M4 2024 FE VUK ik = b 72 h TR 20N SRR I6 45 5 (% 3) , FERS S TR,
PSD-Net # I, MAE 5 RMSE £1k, ACC &, H ME BiarHE (0.02C) . Hewh
AR ZERR, H ME ZIHAFERZ: ECMWE fZEARZ (ME=-0.41 °C, f{EM S5



i 59.8%) ; PANGU [ ME A +0.17 C, {HI: ME IEfH 5 EL 52.7 %, FBHHBR 22
[B] 434 A~¥); SCMOC ) ME M 2%/, {H MAE #1H K.

FEuG SR H, PSD-Net ] MAE (1.09 ‘C) 5 ACC 15 tE, (HEHAE ATk &M
NFE, B EATIERCRAL T 5 . ECMWE A1 PANGU 4 22 EE 3G A prid ok, Horp.
ECMWF Al 23— Pk (ME=-0.57 °C, fEuhmid it 64.4 %) , RIFZE; PANGU
IR, ME Fuis 585t 52.42 %; 1fif SCMOC 3 5 FZ I T4& 5.

7 3 2024 £ PSD-Net 5xttt/=@H0 72 h B Ty IR EZIFETEHR
Table 3 ME, MAE, RMSE and ACC of 72 h T, forecast products from PSD-Net as well as ECMWF, SCMOC
and PANGU in 2024

ME/C MAE/C RMSE/C ACC/%
TR ah
Ft 4 B Ftad B F 1 By T BN
ECMWF -0.41 -0.57 152 1.62 2.05 2.09 715 68.7
SCMOC 0.01 0.23 159 157 213 2.07 70.5 711
PANGU 0.17 -0.12 1.49 1.34 2.00 1.76 728 773
PSD-Net 0.02 0.23 0.93 1.09 1.27 1.46 89.8 855

X LU A S 55 TR B () PSD AT PDF (& 4) , PSD-Net #Hifx s 1g L2 (0.0092)
5 KL #f (0.0008) 5 0k /)y, 2R BHHALEIT 3905 FE 534 7l il SCMOC 7£ PSD |-
KILKME, PDF LW, S5H MEITL 0 CXRL, wI&EMMATiT IEM% 5 . ECMWF
5 PANGU 7£ PSD L7 WEECR, EHVINRE b PSD Ak e i, 2% (A 4015 %) ) fg
AR s T HAE PDF _EIREAE W] AW 2, PANGU [ Tom=25 ‘CIK B4 % CLDAS fhi =, ECMWF
BRE AR AL . 27 F, PSD-NetfE %% [0 45 5 8u it 4341 W6 7 T R B AL »

(b)

——- CLDAS 8t
—— PSD-Net (KL=0.0008) /e\
—— ECMWF (KL=0, 0227) 4 \
PANGU (KL=0. 0118) # ‘\
SCMOC  (KL=0. 0028) / \
Il
/

300 250 200 150 100 50 e ° L % 0

A&/ km
& 4 2024 4 PSD-Net S53FEE 2= G Tom 4% A TR AT S2 0 O 5 B
()ZhZ L% E (PSD) , (byMEXR%E K% (PDF)

Fig. 4 Comparison of gridded T, forecast products from PSD-Net as well as ECMWF, SCMOC and
PANGU with observations in 2024
(a) power spectral density and (b) probability density function.

2.2 TRATRARYE

AT VUZF= ST 72 0 BT P I N 22, A% s RISl P M 22 i 35— EUE T
Z/NTad (BN , B A S HRm 23T 08 (B 5) o HIETT R, PSD-Net #h%%
PREFRAL, HA% S MAE (UM Z)0.95 CZEIEF 2 1.2 'C, RMSE #41iF 31.8 %. H&7M 5%



ZHKHE I . ECMWEF 35/ MAE M 1.25 ‘CF+% 1.89 ‘C, RMSE #1E%) 50 %; SCMOC
i MAE M 1.28 “CTFZ 1.82 ‘C; PANGU 3fi i MAE % 1.1 'CFH% 1.82 °C, H#B%
IR} 0 B S P R I AR . BT R B, PANGU iX— Bl % Al it 5 R AU 7E HEBE Y BR
Z I AR “DUETERG 7 A5, AFEIHEELS IR BN T 58 T BOR Z R4 I A =
Bilhn 8 h WK “6+1+1” =R, HORZERTREm T KA “6+37 WUHERL 9 h Fidk.
7t ACC J5ifii, PSD-Net KILFA, HA77 5 ACC ZHEHTE 70 %~80 % 2 B Hishi K.
2% I, PSD-Net {ETRIRAERA I 1% 25 F5 08 M B A o W e o e 50 07 T 38 AR I, 5INIY
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Fig. 5 Variation of (a) MAE, (b) RMSE, and (c) ACC of 72 h gridded T, forecast products from PSD-Net
as well as ECMWEF, SCMOC and PANGU in 2024
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Fig. 6 ME (box plot) and mean ACC (bar chart) of station-based 72 h T, forecast products from PSD-Net
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Fig. 7 Monthly variation of (a) MAE, (b) RMSE and (c) ACC of gridded T, forecast products from
PSD-Net as well as ECMWF,'SCMOC and PANGU in 2024
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Fig. 9 "Hourly variations of (a, d) ME, (b, €) MAE and (c, f) RMSE of station-based 72 h T,,, forecast
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(TX, FEAREZ 310 J3) + 200~500 m CII[X, %) 115 Ji) . 500~1000 m (III[X, %
47 J3) F1>1000 m C(IVIX, 295 J3), 5% il 72 h Tk 38 ba gt j5 1347 90 X 45
Hr (& 4) . ECMWF: fE% X MAE. RMSE 4T /Z/K°F, ME 28wz, 11, X
R ZE BRI En oK, 3R HO et E R A R s FEIVIX, fmZE B/ (ME N
-05 'C) , {H MAE. RMSE 1345 . SCMOC: #AXKIIELT ECMWF, ME 7E(GIEK X
RIE w2, BRI iR wE Ul . PANGU: 78 1 X EIAL T ECMWF #I SCMOC, 1{H
BT =, MAE fil RMSE % Z18iE K, ME WEIVIX HII+1.36 ‘C, AU ECMWF #l
SCMOC; JF R AT g HH T I ZRa L HE N 4» 1 227E 0.25° (Bi et al, 2023) , XX
TR SR AN R K, AR RE 7R 73 5 2 XSGR R, Nz ) a2 2%, DRI RESL . VA
B X W DR ZE W KA . PSD-Net 78 4 MMy X R, ME N/MEIERZE, KIF
5E, 11X MAE B:PANGU [E1IK 18%. KB 5| Nt Y mAE E 4 BRAE, WIS wR A A0 5 0%
HERERAE S (Han et al, 2021) , AR0T IEZEEEEAL (PANGU) 7 i3k X 1 il
2

% 4 2024 £ PSD-Net 535 L0 5B Ty 18 S TRIRAE TS E155 2 43 (X # MAE 0 RMSE
Table 4 MAE and RMSE of gridded T,,, forecast products from PSD-Net as well as ECMWF, SCMOC and
PANGU in different elevation ranges in 2024

B <200m 200~500m 500~1000m >1000m
P VEA IR/ C
TR (IO [QUIES! (IVIX)
ME -0.39 -0.82 -1.17 -0.5
ECMWF MAE 1. 55 1.74 1.82 1.48
RMSE 2.0 2.22 2.32 1.9
SCMOC ME 0.36 0.16 -0.39 -0.01
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MAE 1.53 1.6 1.75 1.4

RMSE 2.02 2.11 2.28 1.83

ME -0.09 -0.33 -0.01 1. 36

PANGU MAE 1.29 1. 40 1.52 1.67
RMSE 1.7 1.82 1.98 2.01

ME 0.19 0. 39 0.13 0.48

PSD-Net MAE 1.06 1.18 1.14 1.12
RMSE 1.41 1. 56 1.52 1.48
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Fig. 11 (a, b) Comparison of 24 h temperature change with observations and (c, d) variation'of MAE of 24 h
temperature change with forecast lead time for the 72 h T,,, forecast products from PSD-Net as well.as ECMWF,
SCMOC and PANGU during (a,c) the cooling event from 21 to 23 February and (b,d) the warming event from 3 to
5 March 2024
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