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MS-HyTimeXer: a stem sap flow prediction model integrating
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Abstract: [Objective] Stem sap flow is a key indicator for quantifying plant transpiration and evaluating
ecosystem water use efficiency. Its dynamics are jointly influenced by environmental factors, physiological
regulation, and time-lag effects, making it difficult for conventional prediction methods to effectively

characterize complex nonlinear relationships and medium- to long-term variations. To address the limitations
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of existing time series forecasting models in multi-scale feature extraction and modeling the lagged response
of plant water transport, this paper proposes MS-HyTimeXer, a medium- to long-term stem sap flow
prediction model based on a multi-scale hybrid Transformer. [Method] Based on stem sap flow
observations of Pinus strobus in eastern Canada from the SAPFLUXNET database, continuous 30 min
interval data from January 1, 2010 to December 31, 2011 were selected, yielding a total of 35 040 samples
for the experiments. Built upon the TimeXer model, three key modules were introduced: multi-scale patch
embedding, LSTM temporal calibration, and multi-scale convolution. Multi-scale patch embedding enhances
the representation of features across different temporal scales; LSTM temporal calibration captures the time-
lag relationship between environmental changes and sap flow response; and multi-scale convolution extracts
local abrupt changes and short-term dynamic features. Five models, including DLinear, Informer, PatchTST,
iTransformer and TimeXer, were chosen as baseline methods to evaluate the prediction performance of
different models. [Result] Experimental results demonstrated that MS-HyTimeXer effectively integrated
multi-scale temporal features and environmental factor information, achieving optimal performance in
medium- to long-term stem sap flow prediction. Compared with the baseline TimeXer model, the mean
squared error (MSE) of MS-HyTimeXer decreased from 0.765 cm®/(cm*h) to 0.312 cm*/(cm*h), a
reduction of 59.74%; the coefficient of determination (R’) increased from 0.869 to 0.918; and the mean
absolute percentage error (MAPE) dropped to 7.652%. Among the six deep learning models, MS-
HyTimeXer attained the lowest MSE, MAE, and MAPE, exhibiting superior prediction accuracy and
stability. Further analysis revealed that the model still maintains competitive performance in medium- to
long-term prediction tasks when the prediction window length reached 512. [Conclusion] By integrating
multi-scale temporal representation, long-term dependency modeling, and local dynamic feature extraction
mechanisms, MS-HyTimeXer effectively improves stem sap flow prediction capability under complex eco-
environmental conditions, offering a new technical approach for plant transpiration estimation, forest water
resource management, and intelligent ecosystem monitoring.

Key words: transpiration; stem sap flow; Transformer; deep learning; multi-scale feature fusion; time series
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Fig. 4 Module diagram of LSTM timing calibration layer
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LSTM I PR e B , 2k — 20 51N 2 RUZ & B
Beo BRARIRFB0m AE E RRE 1) H E] & s, b
2 R BRI SRR G R A B R, A
XAE AR E AL, AT AT — H KNSR
HRUZAT LSTM I 7 1 R B e R R AIE 2 s 5 41
BEAT B BRAE . b/ N R BB L1 T 41
HHORE R AR BRI AR A, SR T AR TN SRR
LA PO I SALIF s KRS BB N R 8 75
i SR I TA) 5 B2, B T4 B R~ KSR a] B
KR, SR P 7K 3 Wi N o 1A PR
B NFVRHE R R P A IFATIE AN 2 ML B9 3
BN AT A 4B E (convld), fIEIH—1L
(batchnorm) A1 7% R 2L (gelu), #5732 & BT 4R (IE
FOREEEE ERPHEER, BEA—1MEEFEE
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Frysed = Peony (Fconcat) (6)
Y= U(Wy [Henhance; F'fused] + by) (7
Hou = yO Ffugea + (1 - y) O Henhance ®

' Fonear R EIBIELEEHHE S ) 2 RIERHER R,
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AE T 77 %, For B FE T AE I TR A i 0 AR
B SOR BT AT T R TimeXer. iTransformer'®,
PatchTST". Informer™""f1 DLinear"*,
1.4.1 TimeXer B£A!

TimeXer 1% Y f& —F 3T Transformer #. T
IS 1] 21 Tt eSS R, oA O BT HAE T 2R & 4t
AR e, SRR AL a8 45, B — AN EERT
PN — A28 SE R I, §15 TimeXer A2 5

LR 20845 2, R 3750 3 S 3SR R,
703 R AR 25 R R, AT B2 T TR0 £ A A
1.42 iTransformer B A

iTransformer 1% 78 J& — F 1) 37 /f) Transformer 42
R, B3 70 B T HLHRD BT 15 X 2% AR . AR Y
10 T o g A R — AR R P N I [ R B A Dy — AN AL
(1) token, FF43 B 2% & [A] (1) AH OGP LI 3 R AE, 32 1
IR AR R T A R
1.4.3 PatchTST #&#

PatchTST #& 3£ F Transformer 4844, JH I 7k
L@ E R TR T AN . A POk
IR 5> R P SV AE SN, DA 4 = s =0T %
TR AR B, Gl TE Lk & T S A E
Uit 2%, fERIRL L T ) BN R S I P R, AN
TAERF 0 T b SEBLT RS HE T o
1.4.4 Informer A A&

Informer 5 / f& —F 2L T Transformer )17 41
AJ 1) 471) Fo A5 78, 3@ i ProbSpares H V3 & /AL
FRARTH R RS, JR45 G MR IRBOCE B, N
T E 7o 280 A A I A4 A5 P[] B R R LA ., 3 FH
T RIUE 2 28 B AT 55
1.4.5 DLinear ##!

DLinear 152 4 5 —Foft 5 - 4 figt AR (4 IF 1] 7 471
T 75325, e A I T 2 B K008 4 A S 43R0 2= 4 il
53, FEim I B A e ) 2 AT AR AN T, fe A Y
Tt &5 8 . Ak, DLinear BR824 $2 K 35 5
JE AR S, FFE AR R OR A T67 Vit v 2850 1) () B 42 FH 3
MERE .

1.5 FHhristx

N T B AR B AU R AN IR B, A 5
HEFE e REL(RD. 377 1% 22 (MSED. ¥ 5 iR iR %
(root mean squared error, RMSE). - ¥ 4 %} i% %
(mean absolute error, MAE). ~F ¥4 X H 7 tb iR %2
(mean absolute percentage wrror, MAPE)X} A [A] Tl
D7 3 B P0IBT G P,
DLVPfit TR0 45 SR A 1t AP B

R> PSR Ay & [m] A ASE 0 o) 004 (1) e e ey UL &
B, HHUE VR 0 B 1, B 1, FRNBEA 5
() fif % B 73R . MSE Al RMSE 43 1) J5 e 701 35
ZE WP E 357K e HAREZE « MAE 27~ Tl 45 5
55 A SA 2 [R]85 E 1 .l
MAE. RMSE. MAE, HE4% 4 7 5 {2 4E Hl 1
WA 77 THI I R BN MAE. RMSE. MAE fH,
FoRTUMEE RS BSE i, RPN TERA
B PR PR R I PERE . MAPE 1 —20 MAH X
R A VA TR, tHE A D),
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Ubuntu20.04 fi1 Python3.8 3355 . N LR IEAS [F] ) 8] ¢
B TR 2 STASE RS TR 80 SR 1 2 P4, 7E S HV) o6
e, 5 PSR SA A8 F AR A 0 S 80 SR BS54
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TE B T iR 8 5 5 43 B B, UL A o B )
NI 8:2 (1 LA Kl 43 A AR Y I 2R e 5 A AR, SEie
WIE Z AN AR I K AT A S SR,
e 2T E TN B 108 192, 5w K B T i AR
WA AT I HLA

2 HERE AT

2.1 IMEEXMESH

TEARSZEG A& T 9 MIRIER 7, il f R
M AH I A BT i A S S R R AT T
FHRPE AT, G5 SR WEl 5 B . ARAE Profillidis 5560
MW T, 24 B IR O REAE 0 ~ 0.3 BFRBH 2 AR
RCEHAH G, PR MK 7 AR A ¢ RECN 0.3 BENER
BER 7 5 W T A M I S S B LA R
B, B 5 WS, 155 7K & (soil water content,
SWO IIAH R 55, WS AH I RECH 0.17, SWC_
SHALLOW Fl SWC_DEEP ] # 5% 1 & %t 2 5 N
0.14 F1 0.19, ARI& F) & 2 M KK o 7E A KL
i, SWC i A 28 P 1 BR il 4 FH 52 728 s, (RAR
DI IE S NS T /SR SEZ 0 I o K -y N R e

B VU0 P B8 R 1 A AE I i e s AR 2R G
I 55 BB L, fR B A5 8 B AR G IR AT LR R Y 7 )
)AL H KRR, IR KT RS e v . R AE R
RIS, 855 Gt S AH S Al fURE SE AR S
MU, R e 7 B TU AR R 75 T3, IR T WS,
SWC_shallow fll SWC deep 3 ™48 bx, fix & A& ik
HUY T,. VPD. PPFD. SW. RH. Ext_Rad 6 MM&FrfE
DAL R ING o
2.2 HELSEIE

K 5T B AR I RGP R AT, BRE 2 R
Gy Pk N LSTM I 7 R A 22 ROBE 6 AR B B xof 3
o AR RS IR A A M AR e ) M . SR DA
TimeXer Jy2Efilt, 18 i 43 5 A7 5N B IR = K% O
B, DA R S 40 N P A L5 B MS-Hy TimeXer
BEAY, X LL A ZER T T 25 VP e bs, EALTT
il AN LB X A5E T EAA P BE TR DR o SR TS RS 45
Rk 2 Fior

B 245 8 dral &0, 5 3 Ak ALY TimeXer
L, FESINZ RS iR NG, AL MSE M
0.765 cm’/Cem* h) W EFFKE 0.663 cm’/(cm®*h), [
IEF 14.29%, R MAE KT 1.85%, R* M\ 0.869
T2 0.880, 1X KW, 3 Ik 7E AN [F) R b} B[R] 5
FIHEAT 7y P 2R, A5 B 6% 55 AT A0 4 B 22 R FE )
JFRFAE, AT 3 5 B A AR B R REAE R AERE ST . T
LSTM I 7 s A ABE B b, 455 76 Jfr A5 B T g v X
5 738 E M Re i, MSE M 0.765 cm®/(ecm*-h)
AR 2 0.501 cm®/(em®h), B& 18 IA F 35.06%, [F] i}
MAPE tH M 9.851% [% % 9.353%, R* M\ 0.869 2 Tt
% 0.895, BRilE T LSTM 45 A4 75 4 412 15 14K A 4 i ¢
FOR H & R A B R AE R R O T AR, R T

®1 BREITEBSHIRE

Tab. 1 Main settings of the model’s key parameters

A S BOE(E
top_k 5€13,5,8}
e_layers, d_layers 2,4
d_model, d_ff 256,512 € {128, 256, 512}
mask_rate 0.25
DLinear, Informer, PatchTST, iTransformer, activation GELU

TimeXer MS-HyTimeXer batch size 3
learning_rate 0.001
epoch 10
seq_len 336, 512, 720

pred_len 192
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Fig. 5 Environmental factor analysis
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Tab.2 Results of ablation experiment
i MSE/(ecm*-cm™h™) MAE/Cem’-em>h™) R RMSE/(em?-em2-h™) MAPE/%
TimeXer 0.765 0.543 0.869 0.875 9.851
TimeXer + Multi-Scale Patch Embedding 0.663 0.526 0.882 0.814 9.484
TimeXer + LSTM Timing Calibration 0.501 0.487 0.895 0.707 9.353
TimeXer + Multi-Scale Convolution 0.690 0.616 0.876 0.831 9.627
MS-HyTimeXer 0.312 0.391 0.918 0.559 7.652

TR FRINRG B2 B A RBAEH . 456 2 RGBT
I, MSE P& T 10.39%, R* M 0.869 #2 7} % 0.882,
U BF 38 3 AT A8 R AS R /N 25 AR LA 3 )
(A CHE EURE 7, AT $ w2 1 Fo ) 4 v 2 o

IEHL 2011 47 8 H B ZF— Bt [a] 7 #1347 Wil 6
() B2 7, e X ) MS-HyTimexer #5574 £8 £ 17 4
Re¥8 AR I8 B i L, 5 2 #E TimeXer A bk, 3 MSE
M 0.77em’/(em® ) & % 0.31ecm’/(em? h), FEIE IS $
59.74%, MAE M 0.54 cm®(cm®>h)PE £ 0.39 cm’/
(em?h), [EIEN 27.78%. R* I\ 0.87 1£T+Z 0.92, [A
i MAPE tHEUfS 1 SR AE 7.65%, AHEIEHERIAL R
e 7 220 EH DR, R Z RESIBRAN
LSTM B} PR A1 2 RE BB A &, Befig ™= A=
R B RIS, AR TR — SRS LE R

TV T R SR R, SEER T R AR R
PR A TH T
2.3 AEMEEER TR A s b

N T 58 UE B ] 3 270 AR 3R ) 0 Tt
(R RE, AHIE FOAE T T 2% gk AT 1% B
BT, WESIEE T 6 MR A NI, PEAL & AR Y
TE TRINRE P AR 1 7 T (1 R B

F 3 R T AR AT e 4 SR, A T
fEFEARRE, 6 PR BT 2 IR R TE T 14 8 L A7 7E B
875, Hrh MS-HyTimeXer #5784 () 11 68 £ A,
MSE 5 0.312cm*(em*h), MAE 4 0.391 cm®/(em?h),
RMSE A 0.559 cm’/(cm*h), MAPE N 7.652%, £
P A 35 R A, [ R? IR 2T 0.918, iX 3K
AR IR LE AU B 7R S0 A B T A T L A A



148 b M ok Ko ¥ R ERRE
147 14
T 12t T2t
= =
= 10 ‘E 10
b ©
t 8 8
Q o
— 6 — 6
2 2
= = 4
i i
= 2 = 2
0 100 200 300 400 500 600 0 100 200 300 400 500 600
FPEC JPHIK
a +Multi-Scale Convolution b +Multi-Scale Patch Embedding
14 14¢
Tt - 12}
= =
s 10 2 10F
< 8t < 8
£ =
o o
< 6} < 6
2 2
g 4 = 4
ool i
= 2 = 2
0 100 200 300 400 500 600 0 100 200 300 400 500 600
FEAI K FEAI
¢ +LSTM Timing Calibration d MS-HyTimeXer
S — TE
Fl6 I mbSzge T K
Fig. 6 Prediction graph of ablation experiments
x3 RENWLELWER
Tab.3 Results of model comparison experiments
A MSE/(cm®-cm™h™) MAE/(cm*-em™h™) R RMSE/(cm’®-ecm™-h™) MAPE/%
DLinear 2.950 0.968 0.752 1.718 11.852
Informer 0.916 0.631 0.827 0.957 10.950
PatchTST 0.807 0.561 0.841 0.898 10.869
iTransformer 0.786 0.544 0.843 0.887 10.109
TimeXer 0.765 0.543 0.869 0.875 9.851
MS-HyTimexer 0.312 0.391 0.918 0.559 7.652

A, HAth 3 F Transformer 22 #) 1) £ £ (Informer.
PatchTST. iTransformer. TimeXer) 13 I H K 4F
T B 77: TimeXer A1 iTransformer 1455 P BERAL,
MSE 4354 0.765 cm®/(cm?-h) F1 0.786 cm?/(cm*-h),
PR ZE P R R AT PatchTST AR R (1) FRUIRS 5 AH 4%
T HAh Transformer ZEBIRLBEAIS, (H R* 515 %] 0.841,
Y FF 1E 5 5 7K °F 5 Informer B2 %4 7 MSE(0.916 cm?/
(em® )M MAE(0.631 em®/Cem?®+h)) J7 T & I3 1
AR E /17T 5 . AHELZ R, DLinear £ 78 (1) 3R 21
87, H MSE(2.950 cm’/Cem®h) ) & 3 5 T Fo At AR
B, R R 6 ML A AR, A HAEAR B 1
TOINKE BEFN B e H5 I B 5 VBN A R

7 XTI S R AT T MRS, A
5 Tife bR Al %0, JE T Transformer 484 ff) #5 Y #E AR 3R

Pk, B&RERTONRS FE, o iTransformer 1
TimeXer %A M RERAL, MS-HyTimeXer 1578 75 iy
AR BT HARBAL, I 7R B 256 i
WP BE AN RS E 11, & AT 7 b e B AL 35 B T Y
TR A
24 AEBEHEATHIERE

T BRI IR B R R AR 2R ) R ) O
ZH, AR IE S 2 i A R Bl K B MS-
HyTimexer B8RRI 520 . FERIRIR SRR, B
FER A B AEH R R, SRA 6 MBI 1 1E A
NG TURZ BT, HRSERFFAL, ()
WK B ME— AR BT SR, AR FE A
T A T 2 AR B E DK . PP R AR
MR 4 s, FREE 8 T AL B, 45 KW,
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Fig. 7 Prediction chart of model comparison
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Tab. 4 Evaluation metrics for different sliding windows
K MSE/(em*cm™h™) MAE/(cm*cm™>h™) R RMSE/(em® em™-h™) MAPE/%
48 2.564 0.987 0.801 1.601 12.020
96 0.968 0.625 0.856 0.984 10.783
144 0.570 0.553 0.879 0.755 9.364
336 0.436 0.496 0.892 0.660 7.864
480 0.457 0.501 0.881 0.676 8.003
512 0.312 0.391 0.918 0.559 7.652
720 0.362 0.436 0.904 0.602 7.760

R NCARES T S AR Rt R S U TRV
M 8 R, BB 1 Bl ORI B 512, B fE
SR THES, M & D0y 512 i, BRI

W3k BB, R 3531 0.918, MSE 1 MAE 43 51 f& &
0.312 cm*(ecm®>h)F 0.391 cm?(em?h), MAPE N
7.652%, TR Z 1N HLI e TR e . 4
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Fig. 8 Changing trends of evaluation metrics

B RSN 720 B, BERIPERERS A R FE, R BE
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WANE DA R 5l NTUARAS B, S s w155 284 P R .
HFEE IS & O N A 48, BRI AE KR T %, R?
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IR 2 BR 3 B 3 AR 0 1 T R 3R, (HIX S PR 85
Kl 50 TR A A E B R IR RS & K R,
A 70 3R 9 MS-HyTimeXer #5754, 32T+ 7 7

MTERE, HIGUE T H AT S5 .
3.1 MS-HyTimeXer =22/ 488 5 H MR 1 RELL &
H 1T 22 $000 T 185 R 3 0B 0 Tl £ 9
% K NS5 20 T, SRR . BE AL AR AR
XGBoost B RS FEA i T o 2 5% 2] i i []
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B, GG T 2 REEHUi N, LSTM B PR #ER 2
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PE e AR T TimeXer 15 28, TimeXer £ 24 ] MSE
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5.75%. [FIBS, AHE LT LT 4 Ff bk () 5 ) A7 .
DLinear. Informer. PatchTST Al iTransformer, H R’
{E 4> %14 0.752. 0.827. 0.841. 0.843, ik T MS-
HyTimeXer £ 8 o 1X # % 5 Y5 T 2 T Transformer
(R 2R B AR KA 4 4 SR MO A, L AE AL 3L )
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