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F T ki & KR B SRS E FR 4 AV R E 3 SJHREL ARformer
FEERT, X B, BERL
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ARformer 1 & ff] R 7€ 0.762~0.913 2 18], ¥JJ7 # % Z (root mean square error, RMSE) . “F#J 44 %t i% 2 (mean
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A7 (eddy covariance, EC), J&—FfH T H
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%07 B R AE W E AR TS R G i (net ecosystem
exchange, NEE) J5 i e N ELEE ), N MU ER B 986 25 () ) 45
WEFCIR A T BRI RS2 AR % 25 R A R AR AE
PR, JRIREEE S E o BB, B SRS
eIk HERE AN JF H 2000 R 2 5 4 g it
SR, O T ORUEECEE e I, EAS B ANE R T
a5 I 2 0] TR AR H S AT — R 51 B BT A
W hl b — L RGN B 4, & Ul ok . RN T
RAFE R NEE HUR 4, W AUE SR G 1& 14 #b J7 1 K 4
AN R

fE 4505 A NEE 4 77 ik 4G JE 4 1% (51 472 (non-
linear regression, NLR) . P18 % 241k (mean diurnal
variation, MDV) . & #&7L (look-up table, LUT) LA K& 3

Wk HH: 2024-07-09 EITHI: 2024-10-09

HEWH: EFESTRTRITE (2020YFA0608100); [ [ 4R %} 23
£IH (32071842)

RGN FFER, B, TEWR T RNES RGN 58 .
Email: qijd@bjfu.edu.cn

doi: 10.11975/j.issn.1002-6819.202407071

http://www.tcsae.org

H & R B 38 BR 4y A K B 75 (marginal distribution
sampling, MDS) 2101 X677 0 A5, I AN
PG AT RE P AE AN A 45 R . MDV Jy i3 FHAHAR
EF [) B3 (0 00 0~ B SR SN 0 2 5k, TP v 4 SR
HNWTEE. AR, BT ERA RIS T, 75 AR IS R Bk
PR B1E L T Amfh & IR T RE i Bl 22 . AL Z R, NLR
ALUT J7 3R H T NEE 08 5 0 55 R 7 1w B¢ & .
NLR F A R G0 W0 7 FE A1 )57 1 26445 55 NEE, G
i S AL & NEE W38 4b 4k . SR T, NLR J7 50
PAALE& NEE E48 (A0 LA A sy AR iR, AT s 1 3
NEE (it ks BE AR e . LUT k2RI O
VLI ECHE ] B2 51 3%, BRI PR R 51 36 A R
NI R T (R0 U R AT R R SR s, 1 TR dpeod A DA
TAREEEARG, WENESEH IR, Hidkh
g FAE RS E ST MDV ik, HE52 3R 5] Rl 2L
W IE R R EAF R 2. MDS 757 MDV Al LUT
JriEgG, WL EShEKIEANE [, fE4fAh NEE £5 1)
FIAGRE A 8, CRsoN E bR BV 2 0 B ) 2 4 b
NEE 62k B i br il ik 2 — . SR, MDS Bi&EH T
NEE $4 E£: 50N T 15 d (s i, *FF 15d LR
K A B 2k, MDS afE e 25 R,
AR, FEHLARAR (random forest, RF) ZEHL#%% )
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MAHABBATI %" LU #5125 2% 2] . MDS % 9 Fh A [ 47
T PE RS XTAO 00 4 T T 22 3 4 A e S A 25
AN 77V TT Al AR AN R AT, R I 2 AR T
Bl B M b s I B B A 25 R 43 A s VEKURIT 519 {f
FH 7 W 6 FE $2 1 Cextreme gradient boosting, XGBoost)
W AR AR B AR AT IR, RILZERRIN . dE3E P
0 vy 0 XA D AR A B R S R B, MIDS [ 4
FMEREA U XGBoost. JE T HHa IR 3l I L3S 5 SI B AL 7R
B B A L R R AN e ek R A G 4 v,
Rl 22732 W BT NEE 1 4difh o SR 7E 48 #h 30 d DA
B ER, LA S AR M T 2 R T A

BT, R AR SR RLLE I [R) 5 2 H5 0 i 2K A e+ A0
TR | HARAR A Rl ), R 2 SR R LA I
B RN, &R FE SR R ESEEA, N
T AL H A7 A AN AR A3 B AR A I e B0, v DLSE A S s
Bl NEE $df 4 #MT 2510,

T NEE BEdd M A 2 S TR SRR AT &
g, kR g A HA A S R G BCR AR R D . 1
AR X AR RGeS, EWAKETTR, T NEE
HE e BEEMNM SN KRR & — R AR
AN, WAL H R BR s R 2, XA e P E
SZI NEE 2088 46 MG B . JCHZ 78 NEE Bl sk K
FEREIT 30 d TS OL T, A BOFE AN 7 4 A A 2 I 35
R, SRR AT B S BRI H AR, I 2 B A R A 4
M, T REAS 1A AR X AR 2 2 G Rl SRS T 7
i F

T8 UL B T 1R SR, ASHE TR TR
HIRFE 27 SR B - NEE 208 e #ME 55 b . 3R FUET
o B 8] 7 51 B4 B UR B 42 SJ 58 DLinear. PatchTST
iTransformer £ A [ L HU A R BN L A RISV FEE T
K] NEE 045 36 #h 308 . 3t — 203 H T Adapter-Reverse-
former (ARformer) 1 & , 45 & T Attention-MLP Al
Reverseformer, i i Attention-MLP fifi £ ¥F 535 K] T 5
NEE 2 [H] [ . 3¢ &, I8 id Reverseformer ffi #i£ NEE
HARAERS 8] ERES & B A B E 2 JE NEE [
I RFAE AL R 1, RE% SEERf S 4 NEE 22140
TENLE o AT FE B 78N % F0 - oR) F 2888 (1) NEE KB (7]
St R B AN SR AR — P S RS B A AN T

1 BRERARTE

1.1 SRR

FLUXNET 2015 #4550 & K B 206 A4 Bk 5310 3l
R AT EAE (30 min R, QFEEE &% 6 1A
A AYNEE. H Ml LE il & UL K AHES G fE s g8,
BRI AR AN 53 2 B FNE4, H BT A i o 30 8
TG (B e kR U

AHATH TN REER) FLUXNET 2015 #4f
7= dh: NEE_VUT REF fl NEE_ VUT REF QC. Jfi &%
filbr & (2 QC) M ThriRHdE &b C &4 g i) NEE
AR TR . NSl S B TP AT IRk, A R

B4 (17520 %) KR A% H T #MEs . 206
v, 81 ANl fUA I S — I R AR R, Hd
16 Aol s G D AT AN IS AT T A R 7. B4, R
TIF 5835 FH 737 6 25 110 65 A3 55 508 56 1IE NEE 2k 24 4
(A Fh 25 R
111 BT

AR P A K A 53 52 W AL ' 6 A FH AR IR A FH () g
73, BEMIRAM NEE BP0, (Kbt 4T NEE #i 4R 56 i
PR EEMIER 7. E A RS E NE G EAE
M s Re B 2RI, BHIEwWEMMAEK. K8
AR, 2SR R X R A VR AN AR S R G D
A EBELEP, KON E AL S R A PR A B A R
N Z . [FIE, YFIKIR O 2 0] LR R AT R AR A,
L R 25 B S A S ALIT &, AR
MR A VERSE AR R . BLE 3 Wi 2 MDS ik
TAEF L FHRHEER 1. AR FRIEHFET L (tempe-
rature of air, TA) . T 3EEE (temperature of soil, TS) «
M~ 5 48 9T (shortwave incoming radiation, SW_IN) .
¥ 4R B (net radiation, NETRAD) . #HXHEE  (relative
humidity, RH) . 3% /K% (soil water content, SWC)
FHIFNKIZEZ (vapor pressure deficit, VPD) 1E A3 3%
¥[22]o
112 3k & 442 8

YRR G, FREL T HREEALE . RHORI SRR, Y
AR AR RAE R E REE R, DR T
A RE 23 AT )4 45 2. AL FLUXNET 3 s o 204
R TE4E., k. EiRE AR CGinterna-
tional geosphere-biosphere program, IGBP) 25/5 R,

Fr e i p B HE 10 Fp R 2R, o ml oAk H

(croplands, CRO) . A 4 # A& #& ( closed shrublands,
CSH) . &M [@M#K (deciduous broadleaf forests, DBF) «
H AR FE AR (evergreen broadleaf forests, EBF) . & 44l
Kk (evergreen needleleaf forests, ENF). Hilh (grasslands,
GRA) . B A #K (mixed forests, MF) . # Hi ¥ A #k
(open shrublands, OSH) . # # % J5i ( savannas, SAV)

FIAMEHL (woody savannas, WSA) .
1.2 ALEkins

PAMESE 1. 7. 154 30 1 90 d $dis 1 M Ao i 2k A
B AR 5 KBRS R R, &R BOYBENLAE R
SR IEE SR A S EE S S R SR A 25%, LR 1.

*1 S AHIERKFR

Table 1 Description of five gap scenarios

B FRALER A B Bk B JEYION

Bk b 25 HE R Bl 24
Missing fragment Number of Number of Total number of
length/d missing pieces per unit repeats in unit gap missing pieces
1 48 90 4320
7 336 12 4032
15 720 6 4320
30 1440 3 4320
90 4320 1 4320

NBEREAR R, I BRTE 0 V4 Mk BE AR
PRAE 8 #h 45 3R (AL MR AR E 1, SR RN E R
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10 K, FRERRGAEREAR SN, AR Rk Bt 4
1.3 EHh A

TEWE T 2 A0 BB 1A R AR AME 55, AR G s b
AR NEE S8 0 EARSSE, e DUAGE KA TR 2k 5
T ELA PO A P 3% 2 S B R B AR A Job L 1) P2 B F 1 A
Stk Iy T R B 0, (B LR b BE 4 AR ) A 2 ¢ RIN 7R ALE
—SE R RN, UG LR S [ I () A 2 ) G A 6
RAAMELLFE AT AR . 1 NEE 3045 5 58 R 1 2 [ A7 76 5 3%

FFN on series
representations

MAEZRPE IR R, HAEREAN I [A)8R E X P O 22 40 75 ZEHS 1
. P, fESR I EfE LB NEE Sl iy, AR XELL
A BRI RO . N T AER AR I 18] 3 27 504 1) | A S 1
) 7] IR 5 2 M 4 42 NEE £50408 5 P88 R 1 2 18] 1) 32 2 2k
PER R, RN R o ARG Z AR Sy, AR SCHR
T Adapter-Reverseformer(ARformer) #5714 ,
Adapter-Reverseformer 1% Y 7 4 Attention-MLP #1
Reverseformer #8414 2 A, AL EE R ILIA] 1.

—_————— e — — — —

Attention-MLP

Input

I P ARFAE
Dropout

/
Token (
ot
3 \/\Wﬁ Token |
SE-Z NN LT ! [ &
,,,,,,,, g «
en'! R I'l< Sl 2
,,,,,,,, [ | £z
Token' — | m| >
SAVAY 5 R VAV VW | Time | )
[ Attentiondf 2
- ‘ EAAEPSA
= ! Attention over
S \ X
= . variate tokens
e
(
‘ Ay
| 2 o
\ 5 & T
| E £ 3§
/
B
| =\
‘ Token
\ MLPH$E A8 5[] % F
N\ MLP over variates

e ML OVEITVEIENSY L 4

e B L ARORI SR B

Note: The L means the length of the time series data.

Self-attention

1 155
(<) )
[N} —_

Output

B 1 Adapter-Reverseformer 424! £ #) &

Fig.1

Reverseformer A£%!
Reverseformer % % £} X Transformer 4b 3 K [7] 22 %
F1RE B 5 20 280 5 AS (R 0 i) R, BBt Ak T
Transformer 5% & 1] 2 JH —{t  (layer normalization) . H{
i P 4% ( feed-forward network) Fl H V£ & /1 Cself-
attention) 3 MELLYTRE,  LAE 5 4 b kb 3 22 A8 5 I [
7B H R

JEIA— BT 2N T 2 =R 2 9 2 i S Al 25

faE ki i, AT R/ NN B, AR
IR SR 2 Rt B R 8k, [R) I 8 ey A 2R 12 1k
e 71. Reverseformer ¥4 J2 H— 44 B F T B — A% B[] 7
G, Hes o U kb P 22 AR B R) A1 A R RSP AR R
W, R T AN AR e AR T . B A AR X R N
FH 7 38 1545 8 8 % O U7 3l B AN R AR & 2 (0] 1 22 5%
FrakE b 7 A G5 VE AR R A — AR T R — I (R BR 22
AR B FET ] NS RS 18] 3 513 T 1 0 4 ) R
FER— AT

1.3.1

x—E(x)
VVar(x)
A x NI R E(x) N R ERME: Varx) N
BN TR BT 2

LayerNorm(x) = QP

Structure of Adapter-Reverseformer model

HiT 153 4 45 /2 Transformer B8 2 ith 1) B A4S by gl B
TEA% 4t Transformer H, 4 8 FH T[7] — B (8] 8K 1) 2 48 & il
B[ token, IXLEARE AT GRS A Hid T R, FEL
GG - 3 = N2 I A I S N7 v S i
Reverseformer ¥ i 15t [ 6 [V FH T~ 5. — A8 5 I [B] 7 51 ] g
] token, #& # HORNIK ] i@ H i1 {2l & 2 (universal
approximation theorem) , Fif 45t % 4% R] DL 2 21| i 1] 7 1)
W R I PR . B X e AR L ) HES,
T T A 2 e T e X W N 3 P B () B AT b, I
Bidh3X O REAE LA SIS 7 21 R4 kR o 17058 R 28 31X — B2 7
OE LR A TR, oD KA E
M, WA I 18] 7 5] R 3R P REAE, e 17 7EH
AR Rz AR . Hfm R

FFN(x) = max(0,xW,+b,)W,+b, 2)
Kb W, A —ZAEERE; b A —E M mE M2
W, N ERIBCEFRE; by, N R R E =

B VE B JITE4E 4 Transformer A3 & F 1 X0 B 8] 7 771
B PR AEEAT S, JE sk T 5 0 e BT A B 2 TR
EREIRER 7, AR AR O¢ & . Reverseformer
F B B AU R TR B AR B[] B ) R
token, VAHHEA AR & 2 [AIAE G . HAACRUE, X
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f/NEHE token, THHE IS HABPTA & token Z [ H17E
BAMER S, FREX LA AR A, A2 Bl— N
(IRAE, DRI AT DR by bl A8 B 2 T A HOR &R .
. QK'
Attentlon(Q,K,V)—Softmax( \/d_k)V (3
X @ AEWFRE, FoRHATHI AN AL E 1) A )
;KB RE, RRHNT IR0 B 1)
VNEFERE, RoRBMANFI AN E R AR R d N
BEENLER, H T 48808 Softmax FRIH—1.
7E Reverseformer #, HiFE IHLGIIELE S T 2 kik
® /7 (multi-head attention) AL . 2 ki & 7@ 547
HEZMMSLWAER S, R elImss R,
s TR R RIREE ). XTI R R
WA BN 2 RSN, fem TRIRER N2
AR BN [8) PP B B SR .
Z 3 FEBE I AL R
MultiHead(Q,K,V) = Concat(head,, head,, ***,head,) W?
(4)
head;=Attention(QW?, KWX, VW) (5
b W2 oRE i MR SR E WAEAE R WX N
ANER ISR MR R W NE | AR TSk AL
IR, WO NSk R AR SRR
1.3.2 Attention-MLP 23
J5T Transformer 4244 (1158 44 7E A5 ALL S 8] 7 51) 1Y) A
KM R A, HEAEZ BT FE BN EAN
[FAS P A AR R . SRTT, TEARWFFLH, NEE Hif
PRI R 1 Z 18] (1) 5% R AE B — AN [A]E B & A BN B
IR DG &, PRk, R Al A A [F) AR 5 7 1 [R) o6 SR
WITEAFAE— B W JRBRYE. R T X — @, st T
FEAE b A B Attention-MLP, LA¥L4 NEE 5 ¥R 55 K+
() B BT M 5 2 o
Attention-MLP J& —Fik 2 2 IEL M A M4, 7 4
MEEBEN—ANEERNE, s INZEdE AT E
TP, Wi 4 EHH ReLU B R & &8 2,
B REEH 4 NEE SR 1 2 MR R &R, BT
BB TAEBARHE 2 8 BT 1Y am 048 & (8] T 5
FRMHEE. Ak, AR T dropout J2 DA Gt UL
&, B BENLEF IS ME G, BT Rt R
KNGS A, B TERERZEE . 4G Bk
Wi, Attention-MLP B FERAKTHH AT, A U1
MIflA NEE 5 1 2 A Z 4+ AR oC R, 2 THE
M BE RO A R RS E P
Attention-MLP ] H V£ & 77 #L ] 41 L& T Reverse-
former S i 5, HREBRC, @i — ML A tanh
BOERECTEE S, S AR BER
BUCE, X S B A T4 & IR A . X
PR THE R T R RCE W R, JhREdi$E NEE 5355
TR R HAKXWT:
scores = tanh(W(x)) (6)

attention_weights = Softmax(V(scores),dim = 1) D)

context_vector = attention_weights ® x (8
K WA— NI VoA — DR,
B VP 7 B S B BN bR B scores 3R i N RFAIE 1 BB
PF4>; attention weights & 7~ i N 4 1iE (1 93 = S BLE
context_vector KN FI NFFAEFIIMBERFLE R, O RRE
TR IETE

e, B E S H B NEE b SBasid 1 M s 3
MEH ReLU BUE MBI 2 EHEM I ANMEEENEN
MLP, #3%| NEE f 2 1idith gt .

1.4 FEAERAGE

NEGUE ARformer HE27E NEE #4514 #h R,
BT S FAEAME R E SR RN 7V, BLHE NEE i kb
A A B FH 1) MDS J77%. B ET NEE ffi#h it R 2 1
WLAR 52 2] J77% RE S DA AR B[] 3 1) 500 o0l 045 b 4045
5T R B M ) B 9T R DLineary  PatchTST Al
iTransformer FAIL3131
141 RAFEHH AL

BRI AT RAEE (MDS) 1Ey FLUXNET 4b 26k 2k
{ERIFRIETTVE, & MDV 81 LUT ¥R & .

142 [FAALARMALA

BEHLARAR (RF) S AG . 45 L al e 1 o,
BV REE A B S Sk A S S O [N N I <
2SRRI NuE e
1.4.3 DLinear #£%!

DLinear #5505 i 18] F2 510 B8 2 A e 34 oR 24
Bgr, i R M g A EEX 2 AN F A, R T
J3 0 B T PE R .

1.4.4 PatchTST AA!

PatchTST # AU 38 3 patch 43 B AN 18 J 57 9 AN %
THE A 2 A5 B (] 3 51 T . e il it &I o7 7 A 9 F AL =
B, LAY R g Tt b A SR 1) = AR SRR AR
1.4.5 iTransformer A%

iTransformer A5 %41 J@ o 73 B A8 &, OB AN [ A0 ik g
FONARAST token, FE70 AL BRI AR SCPE RIS FPREAE, $
T PR A B AEAME RE
1.5 iEiERR

{EFHI TR 2 (root mean square error,  RMSE)
FH 45T % % (mean absolute error, MAE) . %€ R 3

(coefficient of determination, R?) A% (bias) *f4F
ANl AR AR 77727 NEE fdifMEL AN SCAE J#E 1T G it t
B, DAPP Al e kI 5 S () HER PR M RE

bias RNl A R 5 SEIME 2 B RG R ZE, 2
MG TR B RE IR ZER — R, 57
W (9) o JEIE TS bias, W CAPEAL AN VR T AEAE
BRI AR

bias (Zfill. - Zmeas.)
n

X fill o9 N T8 B AR AME, pumol/(m*-s);  meas.

9
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9N TR 2 (38 B SR, pmol/(m*s); # A 30 min iE
AR R B R
L6 REWIMERESHEE

A FHIRIIAEE A : ES-2 678 AbFEEE. 32GB PIA7-
RTX2080super {2 K. Ubuntu20.04 &%, Python3.8 ¥4,
PyTorchl.7.1 HEZE . R {RAEAS [F] A5 B4 0] 4 Kb R 11 A F
PE, AT (1Y) 4 Bl 1] 2 5103 B2 27 2] A5 84 K FH AH 7]
MEZE, BENLARARAE R R F A48 R 15 H s L 2
B, SHEAPESHNE 2.

R2 HBERATFEBSHILE

Table 2 Primary hyper-parameter setting of six models

oLt HSE WEAd
Model Hyperparameter Setting value
top_k 5
e_layers, d_layers 2,1
d_model, d_ff 128,128
. mask_rate 0.25
DLinear activation GELU
PatchTST
. solver Adam
iTransformer .
Reverseformer batch_size 16
learning_rate 0.001
epoch 10
missing_len 48, 336, 720
seq len 384, 672, 1440
activation ReLU
. batch_size 256
Attention-MLP learning_rate 0.001
epoch 300
BEALARAR n_estimators 193
Random forest max_depth 35

TEBENLARAMAL Y P SRl FErp,  DAIRES R 716 e
fEfIN, LA NEE 458 HArAE &, 8 BENLARAR E] T4
B DLSE ARG k. 7E 4 Bl 18] 37 B0 R B 2 SRR g )|
g e, BEAREANRERAN (B, T, N) ks, H
H B A4 batch size, T NI EL, NONFRES. BIAYAE
BHEE, RRIRSAE B AN THBEFS], Bt
T AN[E] ) 8 % K FE missing_len, FREANFRKSH T,
BT seq len. FEEHRGRARACE )y 1. 7 A1 15 d i,
BRICK LN 48, 336 Ml 720, K 43 0l % BN 384
672 1 1440, 7EEHE SRS 30 F1 90 d B, Wi B 2
AT DA, FAIKESK, EERAE, Kl
F 1440 B 5 FBEBEAT IR R e £ o

ARG B SRS 65 Nl ) 4 4E NEE 4 .
T VA AN ARG AR AN R, ANl X T
7. 15, 30 A1 90 d iX 5 FhER BT 2 A5 E T 10 FhBEHL
GRS, Bk, REFREREHC R 650 MR GFEAREE,
AT RAIE T EAS R B AR I TR 3R 47 A P B 5 B 2 AT o

AR L BEAL 7 % 80% HIIZREEFN 20% MR
AN AR 2R A BE TR MR R 3 S BT oy Sl AT M e B2
FIF N5 58 A AL N T NEE Sk B 4231 T30 4

2 GR55R

2.1 BFHEERNEREAKE THEHNER

24 NEE Hdls kR K EZ/NT 7 d I, & B A4 A RS
FERAE PE s B SR BER N, 6 Al 2 i) 4 £
R BRI E R B B (BB 20 . SR KIEAE

15 d i}, ARformer RILffE, #HFMEEE R, MDS. RF
F iTransformer R K 4, 1M DLinear fHi#d—%. K 3 &
IR T E 15 d I 4 BRI B A ST R A AN R 5 S PR A
PEHIxF L, oR ARformer fi REAERR I I 8] /7 51 1 A2 1L
. MBS K LT 30d, RF Ml MDS H#: 2R B,
TR FE 5 SRR T B A MG, B2 ARformer
KIAL 5, BERH R*{E 0.762~0.913 Z [, RMSE.
MAE #l bis 7£ 0.668~ 2.724. 0.410~ 1.751 #1-0.024~
0.067 pmol/(m*s) Z [Al. KA 90 d iF, MDS JEik
LA U K S 2R, RF RS FE AR 2 3% BRI, 1) ARformer
(I3 AN R R AR AR B AT oA A

= DLinear = PatchTST &= iTransformer
= ARformer mm RF mm MDS

1.0
LR o E Lo
g 08 ﬂ# Erud @@T = g
0.6 = ]
“& 0.4 | .
o2 I
00 I I I I
1 7 15 30 90
K B Length of miss/d
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Table 3 Computational complexity of four deep learning models
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Note: The time in the table is the time required to infer a tensor of shape (1, 7, 8). FLOPs is floating point operations.
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Constructing ARformer: A deep learning model for the long-term
gap-filling of carbon flux data

QI Jiandong'? , WU Peng' , ZHA Tianshan®

(1. School of Information Science and Technology, Beijing Forestry University, Beijing 100083, China; 2. Engineering Research Center for
Forestry-oriented Intelligent Information Processing of National Forestry and Grassland Administration, Beijing 100083, China; 3. School
of Soil and Water Conservation, Beijing Forestry University, Beijing 100083, China)

Abstract: Net ecosystem exchange (NEE) measurement is very critical to understanding carbon flux in ecosystems. But some
gaps are still common in data collection, due to the harsh weather or sensor malfunction. Traditional interpolation can struggle
with the long-term missing data, leading to inaccuracies in carbon flux analysis. Long-term missing data can also occur in NEE
measurements. In this study, the Adapter-Reverseformer (ARformer) model was proposed to enhance the accuracy of NEE gap-
filling, especially for extended periods of data loss. A multi-layer perceptron (MLP) was integrated with the Reverseformer
module. The longer data gaps were effectively utilized to leverage both environmental data and the temporal patterns in the
NEE. A novel system was established to focus on the non-linear relationships between NEE and environmental factors. The
time-dependent trend was characterized by NEE data. The obtained model was tested using the FLUXNET 2015 dataset. Half-
hourly carbon flux data was collected from 65 sites across 10 types of land use. Five artificial gap scenarios were generated by
randomly removing data for continuous periods of 1, 7, 15, 30, and 90 days. The performance of ARformer was compared with
marginal distribution sampling (MDS), random forest (RF), and three advanced deep learning models: DLinear, PatchTST, and
iTransformer. The results demonstrated that the ARformer model consistently outperformed the baseline, especially when
dealing with long-term missing data. Specifically, the performance of RF decreased significantly, when the missing data
spanned 90 days, and MDS failed to reasonably estimate the model. In contrast, the ARformer model maintained a high
accuracy, with R* values ranging from 0.762 to 0.913. The root mean square error (RMSE) ranged between 0.668 and
2.724 pmol/(m*-s), the mean absolute error (MAE) ranged from 0.410 to 1.751 umol/(m*'s), and bias values remained between
—0.024 and 0.067 pmol/(m*'s). The ARformer model demonstrated superior performance across different land-use types,
including closed shrublands, deciduous broadleaf forests, evergreen broadleaf forests, evergreen needle-leaf forests, and mixed
forests. As such, the ARformer model was used to more effectively capture these vegetation types with the complex
relationships between NEE and environmental drivers. Furthermore, it was observed that the time-series deep learning models
in general provided the better interpolation for the long-term missing NEE data, with ARformer leading in accuracy. In
conclusion, deep learning models, particularly the ARformer model, were highly effective in filling the gaps in NEE data for
the various ecosystems. The ARformer model was recommended when the data gaps were extended beyond 30 days. The
accuracy of interpolation was also attributed to the temporal dependencies and the relationship between NEE and
environmental factors. More reliable NEE data was then obtained to clarify the carbon flux dynamics across different
ecosystems. Thus, the ARformer model was represented for the long-term data gaps in NEE measurements.
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