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ET LSTM-AT R EZ SR E TR B2

ALY, TN, g7 &, FUEDS, AR
EEH, BABBE, F kI

(1. RARA IR AR, db5E 100125; 2. AR KFHI S BT TR, 29 271018;
3. MR IR B LS M BT S R R i s =, JEET 100125)

WO MRS IR I R T A 2R i SR P AR 2R TN A o) S o) B S IR = AR R R I R RR . K
FICIZ & M4 (long short-term memory, LSTM) DLARFR I 7] )57 51 4048 75 T AR 34 )2 N A TR = 25 S0 T
SR 11 JFL T Ko s ) 57 40 B A7 T 000 0 s T 5 R S R TR A 1) . AR R DA R, % ROR
LSTM #3853 & Syl (attention mechanism, AT) 254G #4% LSTM-AT B8, ARYE LSTM A2 (5 5k 2 Hn H R4S B 2
PEFEFE NSRS A A R, DR mEE S SEE KN RS E . S AREARBRK (12, 24 f148 h) AR
RARDLBEFIE LR W LSTM-AT B 53 AL M4 [THRER 0. DR KEICIZMSE . LSTM R 3T b, 45
RRW, LSTM-AT A8 7SS TE S5 0 S0 S A EoN — 8, A RE S =R EE e KA
0.95, HHTHIRER KN 134 °C, FHL4ax 1R 2 KA 10.51%; LSTM-AT B8 LSTM R, [ T3R8 T. ibIadp
ZEML . RUAEAEACAZ M2 5 PR Y I = 2 SRR T 38 75 AR R 22 35 {E 3 H1M 0.89. 1.42, 1.89. 2.10. 1.51 °C, “F3%
K 7 R ZE T ME 2 9 4.26% 8.96%. 13.57%. 17.70%. 10.67%. HHULTTHEN, AT HoAth 4 RS, ZHF5RIR
HH) LSTM-AT #E8 2A 58 iy () TIIRG P R Bt TIOR8 2 SR
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B A K HoAth 22 AR 2R SR 207, 78 4 BF 9 R B AR 5
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B, R IR A R ) R

B AR = AR TR Y A A 3 R R A
HUEEALAR . THE A /1% (computational fluid dynamics,
CFD) FER RIS SR A A5 1Y

HUBE A AL I 5 = 9 R B AN, SR
SR ENSSRE. HELHRTE, ETHRE
AN B S U A IR = RS . SINGH 250 #y
Y AR R LB R, B SR8 X H A B
JREIE TR T = A T 7. LIu 200 4
IR T — MR = BASMAESE R, I
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CFD HA & T — P ik M LB AU sk, R
Z Wt KA CFD @8 7%, 0 MAO %™ S5 T CFD
BRI B HE, SR ERE A TR ER
W EE R . JILANI 251" SR ] CFD B8 42 plt -39 4%
AR IR = IR R IR A AT 7B 2
Fro XIAO 217K ] CFD A5 % 4 i+ 39825 5 4
S H R = AT 7 RIRE AT 7. DL BRI A
() CFD 152 8 Bt B 9 A i A 40L 2 N IR IR B 37 40 A, 1
7 EOR BT E AT 3L TR AR AU SO FE A8 L 2
ToIECES) W) @, Rk, CFD #ANE F il = 4/t ib
Wil BEREBLAN S o3 A 55 TF 5 S i P SRS 1 A,
N3 P T i 2 A 4 o) e s SR s g A

Bt N TR BB R 0 DA R S5 R R 4 1)
P g U, AR 224 51 2 SR F R R s A R s <R
JE TR HEATAIF 7). B UK Sl A R 3 4 5 T K 4R A
BRGNS RE 5 B KT (], (HIZR5E R a
PR AR B R LA 2% 5315 86 4 [A] 945
IR0 Bp 2 RPN 3 A4 2% (recurrent neural
network, RNND 2 4% i) 56 o 3o 46 1 22 ). LGBM
REAIRN BRI Mgk, KEICIZ WA M (long
short-term memory, LSTM) !k 4y B §i i 47 A 18] 5
FIALER TR, DAILAE A3 T 20 B T A0 35 B 2
TR =R TN . B BN A, LSTM 4
TR0 7 R RO, K] bk B 4T A 2 i N R AR R
PEIGOLT, SEPLIR % 2SR T 2 0 KN RS i o 2 24
B 8 B Ao

HER NG —FENSRZ M A RE S LT &
WA, @5 N EE AU AT LS IR S N
¥ B AN [R] Bl 2 B X 4 N B RV B, DU A 3k A 1)
HENE. EHR, B2 L5 EEETE VSR
RUTIN R B7 R TS5, W YANG 2628 ¥ i
() 7 4] 6 AR p 22 IX) 2% 5 4 T g L) 45 - A 7 =5 L BB Tl
WHFFE, 25 R B FE S W EE R RIRZE (root
mean square error, RMSE) 27 | 7.44%, V3465 5%
R T 2.53%, P4 H 4 iR % (mean absolute
percentage error, MAPE) #27t 1 3.15%. GUO %511 &k
A ER AINLE S LSTM #E4T 25 A IR 5 A 7K R 7,
THKS FE AR ELAE 48 LSTM B BRI Tt .

DR AR B A SR DA P I o) e i) 8 K T
R ), A7 R0 LSTM 593 & )AL 45 & 1) a2
LSTM-AT #i8Y, #i4fs B ZAEARE 09 LSTM Fa il J= fai t
RSB, DASEIIR 5 25 A0 A I [ A T
1 BERMSSHEE
11 REER=E

WP AL T IR B R % (36°08'N, 116°95'E),
RIEN SON R = WMEEILEAm, KE Sm, %A
3m, WM 2.05m, B 3m, RBTMA 260, J2TEH
FOENA RS, S 8 mm, iR DU R R 2 A
Wag, JFE 6 mm.

1.2 HIEREFE

RIS A R A1k PO R E @ RHE A R A & A=
(1] HQZDZ B R A4, AR AE N SH AT KR
. RAIBE. KHAES. CO, M. K. K,
ENREMSEONTREE, SHNEHMAE T 4 MEE
FEIRAS, (RIRIRIEE NI AT, 4 ML EER DI & E s
SERMEE R E NS RIEELRE . FERSEEASHSEER 1.

x 1 EREEASY

Table 1 Technical specifications of sensors

e lREs A4 PR LERSs MV

Sensor name Model W[ Accuracy Measuring range
T AR 2 HQWD 0.3 °C -50~100 C
WA A HQSD +3% 0~100%
K BH AR S HQTBQ 1Wm? 0~2000 W-m>
AT £ JEk 2% HQFX +3° 0~360 °
PR AL AR HQFS 0.3 ms” 0~70 m's '
CO, WAL 1A% HQCO, +40%10° 0~2000x10°

1.3 HIEFHLIESHHET = 1EE
1.3.1 FiEF 2
AR TR R A 100 S A AT AR B, SR 4k
AR AR B, RA (D BT s —
ALALFES 0~1 JEHE A .
d—dyin
r= T —d. (1)
A d N IEEE i T dimax 73590 9 T 065 B R 1 B/
HARKAE, r AE— 2 G .
132 4t gdk
AW FUEIE ARG R R (X () HEAFANMFAEAS
BSRESREE AR, i 0.8<rI<1,
P B BRI, 0.6<) R[<0.8, Wi HA7smAHIE,
0.4<| R |<0.6, PHHEAHMANE, 02<R|<04, HHE
BA G, 0<|R|<0.2, WFHEAAWGFHIME. &
WIS R KT 0.4 (AR B A A B AF I AL &

D X-D¥-7)
R = (2)

i(xk—foz i(n— vy
k=1 k=1

K Xen VAR & ANRRIEAR &8 AR = 25 U BERE A2
W, p WREAREE, X, PORREBIERRESRETS
NER A CT O IE R

ZE, RARE. RAGRE . RFHSARM . KU,
AR CO, W FE 5 iR 2 2 il BE I | R |93 1 4 0.859,
0.105. 0.676. 0.433. 0.183. 0.073, & R|KT 0.4 1
AR R NS B, R A 70 3% B I RRAE S\ AR
ORI, KPHAR S SR . KUK .

2 REIE

2.1 KEICIZHZRMKIER
WK 1 fArs, LSTM []45 M4 4 4S8t il ¥t
BBy B Tu, s AR A [ To, o BN [A]
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WA 3NN RSN X 1 B Z] LSTM 5.0
b 1B ZI40 MRS Co o DL B N B &0t
LSTM ¥ oAb B, 15 2% Hh A MRS C, . 1145
sonhi Tt R (3) ~ (8.

fi=oWs-[h 1, x]+by) 3
= (W, -[h_i,x]+b,) 4
= tanh(W, - [h_,, x,] +b.) (5
Co=f-Coi+u-G, (6)
=W, [h_1.x]+b,) 7
h, = 0, tanh(C,) (8)

A tanh ACER XU IE VIR %, oARR IS TRE. Wil
W,o Weo WoHlbsy b, b b, 7p nl B ISTT. BT

IR 25 A0 T RO AR AR B AR R, DA AL A
fim B R RE AL B B AR, 385 K I R R

v

h i Y] )
o 0 Update gate

E: Gt N -1 WZIZHORAS . Coo ¢ N ZIBMMDIRAS s hymy 9 -1 P20
he g e 20 fORBRETT s w R o RHRITT: GO LIRS
o NBE TR tanh XU IE ) B

Note: C,—1 is cell state at time #-1; C; is cell state at time #; #;—1 is output at -1;
h; is output at #; f; is forget gate; u; is update gate; o;is output gate; C; is cell
state; o~ is activation equation; tanh is hyperbolic tangent function.

A1 ksaitleis LM

Fig.1 Door structure of long short term memory

22 EEANE

RN AT 3 MR RE, 2HNRE Q. K.
Ve Q ZEWRE, MRS A m &, K2
e, HTHE QSR EZIREKERE. Vi
EE, 8% ERE Q HITMEERAMELR, Rl
¥ Q M E BT IR AR & . R SIS
QM K ZIRIARAE, Skdk e xt v T bR & i o
Al biEm . RRmE, Bl QM Kisfl, &
AR UELEEAE (40 Softmax BE) . 53 T K I
WA CRE R E, RE XA SR VT
IBCR AN 2 R & IR IR

WmE 2 i, ERANE AT ESEARE R 34
%,

B R (9) — A1) SREFESKE Q0. K. V.

0: q,=Wyx 9)

K: k:,':W[(x,' (10)

N

V. v, =Wyx; (1D
KA R IERI N s i RBRFHIERIAN T 5, JaH 1~
Wo. Wi Wy il hSHUERE
HIR 2. i (12) ¥ Q5 K #ATHLLE RS
FABLMER 5, B iE AR LTS 238 Softmax BRI%L
HATH— A EE, 1JBFEE e, HEBK, RH
i NN SAESS B AR AR SR
a,; = softmax(K"q.;) 12>
BwiEal (3, BHEH—HRRES VT
13 BB L S
c; = V-softmax(K"q.,) (13)
K e R I H

IR 3.
HRUEHE,

|__X1___________i: __________ X, /____I
v v v
Q q —WQx, Kk =Wx, Vv, =W,x,
v v vV
| | | g2 ks Va | q., || kl,, Vi,
R 2 I

| a.=softmax(K "q.) € Rb

BN

c.=V-softmax(K g, )E R

R

e Xy, X, Xgp NRFERIN: Woo Wiy Wy NSEHRE: Q N &,
Koysgma, voREmE; ¢ ARAE QWLH: b, NERAE KKTR;
v, REME VIIITGHR: o HIERII5 0 Softmax BRBCAA— AL ¢
ﬁﬁ%ﬁi‘ﬂ% W i OARHER S YEHE 1~

Note:x,, X,,..., Xi, are feature input; Wo, Wi and Wy are parameter matrix; Q
is query vector; K is key vector; V is value vector; g.; is the element of Q vector;
k. is the element of K vector; v, is the element of V vector; «:; is the attention
distribution; Softmax is the normalized function; c.; is output of attention
mechanism; i is the feature number, the range is 1 to /.

A2 EZ AW RER

Fig.2 Schematic diagram of attention mechanism

2.3 LSTM-AT #&%8!

AR R R VLS LSTM B8 45 & 31T
FEARIRBETN, B SANESRWE 3 .\, £
A B N A] 7 7 B 38 LSTM AR HEAT R IE 22 50, Bl S
i FHVE R AL, B RCE R RS MRS S 0 A
i HIAR S, ARYE A CHE D ECA R IALE, M IR E
FEMIME B . LSTM-AT #ALE L ZBE A A5 5, %3
KEEE, RSB HR I

LSTM-AT SV EBIEHMNE . BZE. EENE. &
EEE. iR, BEHRWT:

D HINZ: AN 2 YER A 7 AR &, R
BNBHRARONE B LSTM HHE 3 466551 (5. 1. X) P,
RGN BAYERE S IFIAI4ERE T\ SR IEf N4 X

2) B2 : HZA LSTM #ocdlk, @i (3) ~
(8), KN ZEE B2 REERE b & b, ¥
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HMANT 2.

D EEHE: B (9 ~ aD, HERE
B 2R AR R @ KA1 Y, ik (12) o5 K
BEAT FIACLRE T S A5 BUAHAME 45 9, 18 ] Softmax pf $ i
PR3, 13 EEZE S0, HEBRER WG

SRS AR . @l (13) F AL
H SRR VT AREE, HREARNER M.

4) SRR AIER)R AT RS B AR B Sl 4E
PERA

5) Hiz: SEHLAES R .

HINZ Rz EEAZ SRR 2
Input layer Hidden layer Attention layer Fully connected layer Output layer
G a8 e 2 R — —
oo | b [T
00 O - iH. = =1 ] @
g AQ 1 1
LST ,:eu g ) |(1f§)
LSTM&iiL AlG | |
: - : k. :
90 O . “EpDmpE R
2
. . . . v : | : | | : . .
: : R : i I : . . | : :
LSTM*i‘1 hy |—’ = | |
t . & T ] a
" LSTM cell Uyl |

e by t, ARTEFA; X)X, X, NN &

LSTM AKFICAZ M ZE P 4% 5

Vi Voreees Y jﬂﬁﬁﬁﬂj °

Note: ,,t,,...,t, are time series; X, X,,...,X,, are input variables; LSTM is long short-term memory; y,,y»,...,y, are output.

B3 LSTM-AT RZEH
Fig.3 Schematic diagram of LSTM-AT

2.4 1FNIERR

AW TR F B RSN FE bR 5 v 2 R B RES ¥
HRARZE Cruses FIRILXT H 43 LR ZE Cypper  FRIE N
& (14) ~ (16) fimR:

1 P
Cruvse = 4| — Z(Xk - Y)? (14>
Jp =1
P
CMAPEle X =Y x 100% (15
P = k
P
D=y
R=1-2 (16)
> (F-v
=1
3 GFBR59MH

DRI AT 90 T [ ) 2 2R A DX A e DA S A
SRR R, . B ESSE AR AR, K
AT ST A B T R 5 1 A SO EE RN R i = B
PR D8 T IR SR AT SO K] LSTM-AT A5 AU AH
EE LSTM #5284 D)L K2 30AT 9t 5 v 2 R 32 8 LR Y
TR 2 YRR AE T 3 35 A 73 ek P T 77 T PR T 280K
AHIEFTE 3 AE AN 5] FI0I0 B G BA R AN 8] R AR 0 R A A7
T LSTM-AT #8155 4 Bl H /% F A5 FE 5 ) i AL
RNN. LSTM. [7]4% 1 # ¥ ¢ ( gated recurrent unit,
GRU) . M [ & 5 1ic 12 M 4% ( bi-directional long short-
term memory, BiLSTM) (1) % 23 il FE Tl & Bk 47
TR AT
3.1 RESHEKE

AT FE 1 56 A SR AR I 108 2020 4F 7 H 30 H &

2021 44 H 30 H, i RER RGN 5 min, L
377232 %, %I 7. 3 B9 LLBIDKE B &I A Rl ZR R A
MAREE, FH TR 2R A5G

AKHF 58 3T Tensorflow R SJHMEZE, I ZRiER X
I E N 80, B RINLFE R E N 100, KA “Adam”
Al “mean_squared_error” 43 HIAE AR RN 2R fL 4k 28 A1
TR 2, LSTM #h & n i B & & B 256, N 7B
FEER A, AR A A A A 1 B S 4 [

3.2 AEFNEHCE R o4

K 4 5 LSTM-AT. LSTM. GRU. RNN. BiLSTM
A5 AN [) o B AU 5 I A X b 22 . B 4a~
4c 15, MM KN 12, 24, 48 hIf, LSTM-AT 7 1)
TR 2 e RAB 20 W08 1740 212, 3.78 °C; & 4d~4f
78 LSTM-AT #5584 il I 4w 22 e K AE 40 R 1.84 3.15.
4.13 °C.

FHE 2 AT, 5 oA 284 i) T K 5 50 16 o 700 B (1]
FEKC T P, LSTM-AT #5824 Fil il ok 2 R 25 /ME 0.98,
BRAH 0.99, JARBIAITN W E REHR/ME 0.97, K
5 0.99. WUE RECRE, AT KB T 5 P
Y Re A R S SR FE AR A 35 . LSTM-AT #i4!
TR 51 77 AR 4R 22 B /ME 0.59 °C, B OKAE 1.34 °C, 41 4
TR 2R T 247 7 MR % 2 e /IME 0.66 °C, B RE 3.37 Co
LSTM-AT A5 B4 Fil il > 35 455 11 4 bl 22 e /IME. 2.48%s
BRAHN 8.14%, T34 4 PRE AL~ 35 4 X6t 1 43 LR
Z e/ ME 2.90%, B KAH 38.7%

LSTM-AT. LSTM. GRU. RNN. BiLSTM # %! i
W1l RMSE ~F¥{E 20519 0.89. 1.42. 1.89. 2.10. 1.51 C,
MAPE “F-#1{H 73 5N 4.26% 8.96%- 13.57%. 17.70%-
10.67 %, @I DL F 25 RAREAT 5 FPsE A4 Tl R T
B ZEHEF KN LSTM-AT. LSTM. BiLSTM. GRU.
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RNN. A TR P AT X LR, AR HE TR ) LSTM-

gi b, W PAkE R E BT RIR ZE AR A
oy EEARZE 3 AN VRUNFE AR X 5 IS AL A [R] T I R

— V& {&Measured value — LSTM-AT — LSTM — GRU — RNN

TP

BiLSTM

AT BB S NS L, RERS S D vEmfl ) 00 = =

45 45
40 40
O 35 O35
o
£ 30 £30
<
5 ;tt;L 25
£ £20
& £ 15
= i
o2 = 10
5
W ® P o 0 NP PP I DD NS S P
NN R SR ®* A OV oY TP ER @GP ATGY @ @ NP6 ® (P (@ Ve ®
I} %I Time I} %1 Time f} % Time
a. 12 h (2021-03-30 00:00:00— b. 24 h (2021-03-30 00:00:00— c. 48 h (2021-03-30 00:00:00—
2021-03-30 12:00:00) 2021-03-31 00:00:00) 2021-04-01 00:00:00)
40
o ¥ o o
£ 30 £ s
£ £ 5
225 o 3}
(=9 f="
: : :
£ 20 & I
i = =
| i 5
M A~ .
e e Iy
Q Q Q Q Q K K K g K K K K . K K K K K . K K X
©° D ® ©° ® OV @V TP 5T g TN T ® O N R N
I % Time 15 % Time 15} % Time

d. 12 h (2021-04-24 00:00:00—
2021-04-24 12:00:00)

e. 24 h (2021-04-24 00:00:00—
2021-04-25 00:00:00)

f. 48 h (2021-04-24 00:00:00—
2021-04-26 00:00:00)
VE: LSTM-AT 4 LSTM 5iE = AMLHI4E GRS, RNN NI IAME M4 GRU NG G, BILSTM XA KA L2 M4 B 4a~4c BN
I IR VEE R A 2021 4 3 A 15 HZE 2021 483 7 29 H; 18] 4 d~4f BRI RIE R 2021 £ 4 9 HE 2021 424 A 23 H.
Note: LSTM-AT is the model that combines LSTM and attention mechanism; RNN is recurrent neural network; GRU is gated recurrent unit; BILSTM is bi-directional

long short-term memory; The model’s input time range of Fig4a-4c is from March 15, 2021 to March 29, 2021; The model’s input time range of Fig4d-4f is from April
9,2021 to April 23, 2021.

B4 AR TR TR L R A 2R
Fig.4 Curves of predicted and measured values at different prediction horizons

R2 TNEFUMETC 5 FIEEITUN M REXTEE

Table 2 Performance comparison of five models at different output horizons

I i 4

TR LSTM-AT LSTM GRU RNN BiLSTM
Starting time Forecast duration/h R RMSE/'C MAPE/% R*> RMSE/C MAPE/% R’ RMSE/C MAPE/% R* RMSE/'C MAPE/% R> RMSE/‘C MAPE/%
12 099 0.68 406 099 141 16.11 099 146 2410 099 245 3870 099 134 2266
2021-03-30 00:00:00 24 0.99 0.75 440 099 1.18 6.05 099 206 2003 099 2.03 18.76  0.99 1.17 14.41
48 099 1.34 814 099 187 1556 0.99 2.18 1031 099 337  29.12 099 1.69 16.33
12 0.99 0.59 248 099 094 290 098 1.03 464 098 130 443 099 0.66 3.05
2021-04-24 00:00:00 24 0.99 0.88 296 099 147 631 098 1.96 822 099 146 583 099 0.96 3.07
48 098 1.10 351 098 1.63 6.84 091 2.66 1412 097 1.99 941 099 1.09 454

VE: RMSE AYIHIRIRZE; MAPE A PHEI4ext i o i % .

Note: RMSE is root mean square error; MAPE is mean absolute percentage error.
3.3 ARIXSRWRBREFMER S
AR LSTM-AT B F RO G &, A

— & Measured data

MADNEER. 2= WK 3 FIRSIRE T X LSTM-
AT 5 LSTM B Ful 8 R 4T 7 A faxd be (& 5D o

-~ LSTM

--- LSTM-AT
17
16
15

Y Temperature/'C

000:00 06:00 12:00 18:00 00:00 00:00  06:00
I % Time

a. I K (2021-02-20)

a. Sunny (2021-02-20)

10 ’
00:00 06:00 12:00 18:00 00:00
I % Time
c. N7 (2021-04-02)
c. Rainy (2021-04-02)

12:00 18:00 00:00
it % Time

b. % (2021-02-24)

b. Cloudy (2021-02-24)

i} % Time
d. IR (2021-04-05)
d. Sunny (2021-04-05)

A5 LSTM. LSTM-AT AZ% RE) R A K SLFAM £ R
Fig.5 Prediction results of LSTM and LSTM-AT model in different weather conditions
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W ELE Sa~5d 5, LSTM-AT AL F il i 2 ¢ K
2519 2.02. 2214 0.65. 1.46 “C, LSTM A5 7 5l i fw
ER KA BN 374, 3,11, 1.76 « 3.79 C. @iF A E
M2 B A RAA W, ARERSRHT, MERT
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Predicting greenhouse air temperature using LSTM-AT

ZHANG Guanshan'? , DING Xiaoming'? , HE Fen'*, YIN Yilei'? , LI Tianhua?,
REN Ji'ao® , ZHOU Junyi® , QI Fei'**

(1. Academy of Agricultural Planning and Engineering, Ministry of Agriculture and Rural Affairs, Beijing 100125, China; 2. College of
Mechanical and Electronic Engineering, Shandong Agricultural University, Tai’an 271018, China; 3. Key Laboratory of Farm Building in
Structure and Intelligent Construction, Ministry of Agriculture and Rural Affairs, Beijing 100125, China)

Abstract: An accurate prediction model of greenhouse air temperature can be required for the greenhouse environment control
using control algorithm, such as model predictive control. Long short-term memory neural networks (LSTM) have been widely
used to predict time series data, such as air temperature. However, the prediction accuracy of LSTM can be reduced for the long
time series data, due to data forgetting. In this study, the LSTM model was combined with the attention mechanism to construct
the LSTM-AT model. The query vector, key vector, and value vector were calculated, according to attention mechanism and
output states of LSTM’s hidden layer. The similarity between the query and key vector was calculated to obtain the similarity
score. Softmax function was used to obtain attention distribution for the normalization processing. The larger the attention
value was, the higher the relevance of input information to the task objective was. The dot product operation was carried out
with the normalized weight and value vector to obtain the output of the attention mechanism. The local information integration
and data dimension transformation were carried out through the full connection layer. Finally, the output data was obtained in
the output layer of the LSTM-AT model. The weights were assigned to the output states of LSTM’s hidden layer, according to
the degree of importance. The forgetting of long time series data was effectively solved to improve the prediction accuracy of
indoor air temperature. The prediction performances were verified and compared on the LSTM-AT, LSTM, recurrent neural
network (RNN), gated recurrent unit (GRU), and bi-directional long short-term memory (BiLSTM) model in the different
prediction horizons (12, 24 and 48 h). The results showed that the prediction accuracy of the five models shared a decreasing
trend with the increase in prediction time. The maximum and minimum RMSE for the LSTM-AT model were 1.34 and 0.59 C,
respectively. The maximum and minimum RMSE for the rest four models were 3.37 and 0.66 ‘C, respectively. The maximum
and minimum MAPE for the LSTM-AT model were 8.14% and 2.48%, respectively. The maximum and minimum MAPE for
the rest four models were 38.7% and 2.90%, respectively. The average RMSE for LSTM-AT, LSTM, GRU, RNN, and
BiLSTM were 0.89, 1.42, 1.89, 2.10, and 1.51 C, respectively. The average MAPE for LSTM-AT, LSTM, GRU, RNN, and
BiLSTM were 4.26%, 8.96%, 13.57%, 17.70%, and 10.67%, respectively. The sort data of the prediction model was ranked in
descending order of the LSTM-AT, LSTM, BiLSTM, GRU, and RNN. Therefore, the prediction accuracy of the LSTM-AT
model was higher than that of rest four models. The prediction performances of the LSTM-AT and LSTM model were
compared under different weather conditions (sunny, cloudy, and rainy), in order to further explore the universality of the
LSTM-AT model. The minimum and maximum RMSE for LSTM-AT were 0.26 and 0.70 ‘C, respectively. The minimum and
maximum RMSE for LSTM were 0.68 and 1.57 C, respectively. The minimum and maximum MAPE for LSTM-AT were
1.61% and 10.51%, respectively. The minimum and maximum MAPE for LSTM were 4.27% and 25.07%, respectively. The
prediction accuracy of the LSTM-AT model was higher than LSTM in all weather conditions. The LSTM-AT model has a
higher prediction accuracy to accurately predict the indoor air temperature.

Keywords: greenhouse; air temperature; long short-term memory neural network; attention mechanism; prediction model
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