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Air Temperature Forecasting Model Based on
Attention Mechanism and AdaSTL
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School of Computer Science, Nanjing University of Information Science and Technology, Nanjing 210044

Abstract: Addressing the limitations of traditional models in capturing long-term dependencies and general-
ization ability in meteorological sequences, we propose a novel air temperature forecasting model based on
sparse attention and adaptive seasonal and trend decomposition using loess (ATFSAS) in this paper. ATF-
SAS employs an encoder-decoder architecture, and integrates a sparse attention mechanism to effectively
capture long-term dependencies in meteorological observation data. An information distillation method is
introduced to reduce redundancy during the encoding process. The model refines the periodic and trend
components in the forecast signals by combining a multi-layer decoder with an adaptive timing decomposi-
tion unit, achieving precise air temperature forecast. Based on the climate dataset in Jena, Germany, 24 h
refined air temperature forecast is performed by ATFSAS, abtaining a mean absolute error of 1. 7108 C.
Compared to the LSTM model, ATFSAS demonstrates superior performance in medium-short term daily
average air temperature and multi-region single-day average air temperature forecasts based on the China
ground climate daily dataset, and their mean absolute errors get improved by 35.56% and 23. 66 %, re-
spectively.
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Fig. 1 Air temperature forecasting model based on sparse attention and AdaSTL

3.3 EEEEEA

R BRI HOR 5 15 11 bR 2 7% i 72 Hh 3 B £ B
TUAR - R H T 46 o A A TR TR SO B R . (8
B BHARMAE Jy 25" = Distill (28 Horpr 25 3R
B — 2 S A i CRP 2R B £ D L o SRR 2l
TUAR L DB 1 A 1R S DT I

T2 T S — 2 A AR 2 ) 2% B I i £ U P Y
SRR ARAE (FRAR S 45 . 2021) 7 I i B L B A B
R — 4 i B IR 2 P U EAT A B,
[, 35 B O R AE BTG B LR T M
RLAEAA DAL B AR N . O 1 3R TR A LR 1k Rk
AT E 8 B AE 5 B Re LU 0T o6 B0 AT 5%
e A G % He O 2 T AR R OE (B AN A2 0 S0 AR
2021) . JEAh . 5T AR 22 0 4% O T R AR AL
BRI ST AR R ALJZE ABEAT T SRR A L i — 2P
WA 2 B 5 R O AR EE

3.4 fREEEE
Sifp W) 25 70 45 4 b 5 i % e RE AE AL R [ 2 4

FEFHINA T 28 300 2 Sy HL DL 4 75 15 8 5
A 2% 4 A Z IR R AR 6 R @ — RS
JE I T RS ] 8 1 R AE 2R

RIS 2 3 M 2,5 L2 0 4 S N
xhe=Docoder(xh, ' 2i™) o 2" RN G TUR
Ab BRI i A5 B b RN (— 1 )2 R AR
T R B A R AL R A R A — )2 A g
P KB E AR O R, A AR
HIL I HE 2 B 5 % 2o A5 v 1) 290 AH T DG 36, AT 1
PR 2R RRAE R R . H A, AdaSTL BT %) 4% A4
TS (0 4y 1 R AT IS P A e s L v Bk oy B O R
T TR A ) AL 43 T SR B A i AL A T —
JE AR A L DAL Ty 3% 2 A B 4R v AT AR A v
P

3.5 SERBRESHME

AR IR AR S Rl R 0 50 (12) B, 7R i
R TR (AL D B 45 2R i) 200 3 0 T 2L %
fift G A BL R 5 a H 1k 2 oy i B 4% AR AdaSTL
IGE R B A B A B T 08 R 5 O s T



%64

B WAF TR LS A LI R 2 i 4 AT A Y 727

B — 2 RS A LR AR R R o i . R s
O FEAG 5 5 AR I AR I A5 21 R 2 ) i 45
Prediction =

M

Mean + MLP(S*) + > > TMLP(Ty) (12)
=1

=1 i

X a2 (=1, .M, AdaSTL BG4 5
i=1,2,3; MLP () £ /R 2 JZ2 B L s Mean £ IR S,
TYIE, T FRREE (R MR e s ¢ Mk
I3, SHP RN M Z RIS 3R 0 RS 3 A JE 0k
435, Prediction 278 TR 45

4 55 b

4.1 VEMrigtr

AR FE 7 B 248 0 1R 22 (MAE) 107 3% 2
(MSE) D) F 3577 #3157 25 (RMSE) 75 S 37 46 45

4.2 HEER

FE“24 hoK§ 40 AL AR BT 5 T B ATFSAS
5 28 5 K AT X, A4 RNN(Shin et al,2022)
GRU (Subramanian et al, 2022), LSTM ( Gensler
et al,2016) ., ConvLSTM (Liu et al,2017) ., PredRNN
(Wang et al,2017) . Informer (Zhou et al,2023) DA
M FEDformer(Zhou et al.2022),

T2 H 85 I Wk ” 75 1. oK ATFSAS 5
ARIMA, GCN-BILSTM (Miao et al, 2022), DFN
(Xie et al,2021) LI fz LSTM(Gensler et al,2016) 3
1T,

4.3 24 hBHAUSERBREERST

1.3.1 s Z oM

) R R R B 4R HE AT 24 h R
i A BE R it & 48 h A B AR R K 24 h
AL

Fe 1 R R ) B R AE I 25 48 b 0 P04 15 B0 43 AT
R 52 BRF R 22 BB BRI K R B, RNN )
MAE @3 T 2. 5C . Jo ¥k 58 A B Il 25 4% 55, i
GRU,LSTM J};2 ConvLSTM 3| A T [TH B 55 w%
A RCE AR TR B A O [n) B B2 T U0 SR AR e
35— 7 i 3 FE R I HLE A Informer . FEDformer
S ATFSAS BER Je 9L A S i 5 R B0, =3 1
MAE $§ ¥ BT 0. 94 C R B 1 3 3 1 MLl 76 4b

T[] 2] 6 B A R
®1 FEEEREZGEMME L

Table 1 Fitting performance of models on the training set

B4 F  MAE/C MSE/C RMSE/C  #l&fo
RNN 4. 80 36. 89 6.07 RIUE
GRU 1.21 2.69 1. 64 A
LSTM 1.25 2.77 1. 66 s

ConvL.STM 1. 06 2.06 1.43 Ry

PredRNN 0.95 1.61 1.27 ERe
Informer 0. 87 1.42 1.19 A
FEDformer 0.88 1.33 1.15 g
ATFSAS 0.93 1.34 1.16 w4

. MAE #5058 T 2.5CL @ LR MA .

e 2 AN [l AL AE I 4 H iz AR O L a3 BT
135, ATFSAS F I 5 iz fLfg J1, 2 MAE
1. 7108°C, AH# T 1% 4t #h & W 45 £ % (GRU,
LSTM } ConvLSTM), ATFSAS 4y 3| 52 8l T
22.23%.25.29% F1 19. 68% Wy tEfREIR F. #H— &
P 4 T3 B I HLH A9 Informer A1 FEDformer #5
Bz AR o R S T 10,8901 7. 0224 L TE B
ATFSAS TEX 40 A S 3R 77 10 A AUR T 1% G i
Y [ BFAH BE O AR B 04 5 kA R R LA B A

F2 AEAFEBEMNKEPHZHEE

Table 2 Generalization ability of models on the test set

LA 24 FR MAE/C MSE/ C RMSE/ C
RNN 4.61 34.62 5.88
GRU 2.20 8.79 2.96
LSTM 2.29 9.51 3.08

ConvLSTM 2.13 8.33 2.88
PredRNN 2.07 7.49 2.72
Informer 1.92 6.72 2.57

FEDformer 1. 84 5.98 2.42
ATFSAS 1.7108 4.3942 2.0959

4.3.2 55 med 2o

VERE i D 2 JR A5 S DG IR PR 45 R ol
8 A AL S 1A A IR L A R
SIGE L DL 6 AN SR R i AR 0 3 S
o).

PATERE AR 2011 48 1 7 H GiE S R D
AL TR 5 SR Rl o A D ) (BT 20 . B s PR 2
RAGRB N — 4 H & GRS ED . BEE A
Srim S MEH I T, BImA (B 2b) i (il 248 (i
AL A 7 1) A L5 o €0 gl £ (552 B D ARAB) (L HE B
TWIRIREE . B 18] 7 5 20 il BT I8 A0 70 fifk B
RS M H s To~Ts 5, W& R R
WL RNEM . 2R — M EaEE T, AR



728 A

% 5550 %

-5.0

=7.5
—10.0
—12.5
—15.0
-17.5
—20.0
—22.5
—25.0

00:00  06:40 13:20  20.00 00:00  06:40

fit ] /UTC

-7.5
-10.0
-12.5
~15.0
-17.5
-20.0
-22.5

00:00 06:40  13:20  20:00 00:00  06:40

k|l /UTC

g/ C

00:00  06:40 13:20  20:00
i) /UTC

[kl /UTC

[t /UTC

=7.5
—10.0
—12.5
—15.0
—17.5
—20.0
—22.5

13:20  20:00 00:00 06:40 13:20 20:00
fif ] /UTC

13:20  20:00 00:00 06:40 13:20  20:00
it ] /UTC

Tl R
S
M. R

S: RTHI

T,~T,: #aTiiy ik

& 2 ATFSAS SR 8 E HEEE T 2011 4F 1 ] 7 H AR PR 45 5 00 5 3 A2 vl Al Ak
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ATFSAS in Jena, Germany on 7 January 2011
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Table 3 Comparison of daily average air temperature forecasted performance of

models in the medium and short terms for Nanjing

B d MAE/€
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1 2.216 2.41 3. 44 2.98 4,12
2 2. 247 2.35 3.56 3.15 4.25
3 2.270 2.57 3.42 2. 86 4,02
4 2.342 2.68 3.83 3.45 4. 24
5 2.363 2.79 3.75 3.71 4,34
6 2.429 3.17 4,14 3. 88 4.98
7 2.519 2. 85 4,35 3.95 5.68
8 2.472 2.96 4,65 3. 65 5.85
9 2.648 3.19 4,85 4,25 6. 25
10 2.626 3.48 4.95 4. 05 6.57
11 2.796 3.22 5.41 4.53 7.15
12 2.962 3.59 5.75 4.91 6. 89
13 3.067 3. 26 6.18 5.11 7.55
14 3.221 3.75 5.96 5.45 8. 45
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Table 4 Comparison of single-day average air temperature forecast performance

of models for 8 cities of China

MAE/C
b X -
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W 2.219 2.318 3.335 2.743 3. 846
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