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Fig.1 Structure diagram of internet of things technology data acquisition system
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Table 2 Correlation coefficient R,, and correlation degree
correspond to the table

EPNE S

Degree of correlation

584 5% Extremely strong correlation

PN (4

Correlation coefficient
0.8<[Rw|<1
0.6<Rv[<0.8
0.4<IRu|<0.6
02<[Ru|<04
0<[Rs[<0.2

5 AH% Strong correlation
A B FH % Medium correlation
F94H5¢ Weak correlation
554055 Extremely weak correlation
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Note: X, X1, X, ... Xy is the input sequence; A, h,, h, ... hy is the hidden state of
the input sequence; a,, a,,, 4, ... ay is the probability distribution of hidden layer
attention; @ symbol represents element-wise addition between matrices; y, is the
optimized output sequence.
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Fig.2 The structure of the attention mechanism
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Attention layer
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Ve BN RN Z L] ) P SRR A SR TR R A = 4ERE 1, LSTMI DA — B CAZ M M2 Z ;. LSTM2 98 — 2 KIS IZ M AL R dropout

NEFIE; oRFIEMER TR, SRS RCRAMMN.

Note: Input layer is a three-dimensional array transformed from multidimensional time series feature variables; LSTMI is the first layer of long short-term memory
neural network; LSTM2 is the second layer of long short-term memory neural network; dropout is dropout layer; @symbol represents element-wise addition between

matrices; ® symbol represents element-wise addition between matrices.
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Fig.3 The structure of the LSTM-Attention model
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Fig.4 Flow chart of SSA-LSTM-Attention

2.2 REGFMIERR

N T ERUERH SSA FEMAL BLAIN N = LI
KA B2 N 2% B T PR e, SR HRE 520 (Coefficient
of Determination, R’) . ¥JJ5#Ri% % (root mean square
error, RMSE) | P54 %) i 4) EL iR Z (mean absolute
percentage error, MAPE) ¥ i 5 % f) 7 0 4 & . R,
RMSE. MAPE i+~ iR,

an

1 N
RMSE = ‘/NZ,-ZI(X"‘”) (12)

_ 100% ¥ [yi=X/
MAPE = — Zile (13)

rf N OSREAREE, X ANy, D9 i ) i Se AT T -
3 RBRERSSH

3.1 EIMEZMERMES

RIS HHE A 3 AL KA 1P 548, B £ s it
(BT H1 5 min ##0N 30 min, AT EAANIAEER T4 10 224
FHE . R Bz SR AR 2 ZR 020 A58 IR 3R AT AR D 1k
SN, BB T IR OE R 3 fon. o,
EWIRES EEE A, JeEERE . SAMNEEM =SS
AR . ENEE S ENIEE. L. =
AN ETRST S E R, SRR SR IR . i
FE. EAMEE . EANCEE . BN A S
DAL L T _E 3R 3 b A 455 DR 7 i 43 ) e 486 5 L AR S P e i
IR R T 5HA G NN . T3 5 iR
EWIRE. EAMNEE. EIOEEN R EMK, 5
JeIRGRE RULFIAH S, EEREPNEEN XL L
B RS TS VR VR R, 7 B Ak A I P A R D IR
T 5HADIAEE R TR SCBORE R, Rk, -39 E T
RN REE . SNEE. SAMNRE. 4
JeB Gt 5 MR AR NI .
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Table 3 Correlation coefficients of each factor and predicted
environmental factors

AL T

Predictive environmental factor

WEEH T =53 ; 7 y
FEWIRE BRI OulEEE LERRE
Influence factor ) .
Indoor Indoor Light Soil
temperature  humidity intensity moisture
b=l
ENEE 1.00 -0.88 091 0.49
Indoor temperature
ENWEE
Indoor humidity —0.88 1.00 —0.86 —0.53
IR 5
Light intensity 091 -0.86 1.00 0.37
B R
LA 0.49 -0.53 0.37 1.00
Soil moisture
.
LR 0.84 -0.74 0.64 0.64
Soil temperature
EAMNRE
Outdoor temperature 0.75 ~0.62 057 0.45
EHNRLE
Outdoor humidity -0.47 0.63 —0.44 —0.46
EHMCEARS
Outdoor light intensity 0.82 —~0.80 0.92 0.44
EAHMNAA]
Outdoor wind direction 0.16 —0.17 0.07 0.08
AR
Outdoor wind speed 0.40 ~0.40 035 ~029
EHNEWE
Outdoor rainfall —0.02 0.02 —0.02 —0.02
2 =R
EHNLE ~0.07 0.07 ~0.33 ~0.03

Outdoor atmosphere

3.2 EENIZRMRKL
H ot = A 78R Python3.11 'S, JFK
IR 554 Pycharm, JF & HE 242N TensorFlow. SSA 1t fb
LSTM-Attention BB ZHIIZRm, KRR EHEEELL 9 1 1
X3 U 2k G Ak £, 0 B8 BON SELU Cscaled
exponential linear unit) , & %! %% & £ 1k 4% N Adam
(adaptive moment estimation) . FLAYIZRiTFEH, HAk
SRR EN: REBECN 20, HAA 2 E AN 20%,
TR AL B BENL = 15%, O REARRECH 100,
RYUESEN 3, I3l ) R [0.001, 0.01], L
JEANHGER [10, 1001, S AR [32, 512], &K
N ZREEEL 100, Y o 78 b {8 FH 32 5 R B804 T BT A 2 80
e BN IR], TR R 3577 A R R
N ZRI AR b 20 B FE R AR 3 50 ORFFEUE AR I 45 1R 2k
SSA fltft LSTM-Attention # AU [{IE S H U1K 4 Frm

# 4 SSA-LSTM-Attention fift45 R
Table 4 Optimization results of SSA-LSTM-Attention

AT BRI Ml AR E kS
Environmental factor  Fitness Neurons Batch size ~ Learning rate
4 yE FEF
Indooirzrﬁzgature 4.06 67 128 0.003 6
Indifjhﬁﬁlcn{%dity 5.15 77 128 0.001 4
Li;‘lﬁf{fji:fity 4.91 45 128 0.0019
THBE 8.45 42 128 0.003 1

Soil moisture

BP. LSTM. GRU. LSTM-Attention ¥ 3% T i £5 %Y
HISAT IR 5 A R SL A AL A R, S804 B N IEAR
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2 H 16 H—2 A 26 HIL 10 d 738 1k A3k 47 0,
I EE R 5 Fros. NUE TR HERG I, K SSA-
LSTM-Attention #5443 5| 5 BP. LSTM. GRU. LSTM-
Attention BRI LY, B PPANFRAR WIER 5 BN,

- FETrue vale - TiI{E Predicted vale

o .
3 =100
—- 25 > i
i § 2 80
= 520 =g
5=oa, =560
< E15 < 2
A6 <10 il é 40
=}
g5 E 20
—_ 0 24 48 72 96 120 144 168 192 216 240
i K Time/h fif K Time/h
a. = NIRE b. ENIRSE

a. Indoor temperature b. Indoor humidity

& X 60 i
i ? E 55 i |
H g 2 50F] ]
== S 45
EEl E \
=) 7 40
- < 35
0 24 48 72 96 120144168 192216 240
fif K Time/h
d. HIERREE

c. Light intensity d. Soil moisture

e B Sa~5 d B NI EISE R 2024-02-01—2024-02-15; ] Sa~5d
AL TN TR VE FE A 2024-02-16—2024-02-26 .

Note: The model's input time range of Fig.5a-5 d is 2024-02-01-2024-02-15; the
model's predict time range of Fig.5a-5 d is 2024-02-16-2024-02-26.

B 5 3T SSA-LSTM-Attention 492 & IRILFM| 22 R
Fig.5 Greenhouse environment prediction results based on SSA-
LSTM-Attention
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Table 5 Performance comparison of 5 prediction models

o N 25 [ EEEAS 2/

Forecast content Model name RMSE  MAPE/%  R'/%

BP 1.5 8.3 90.7

RS LSTM 1.1 4.6 94.3
ENIREE

Indoor temperature/'C GRU . 1.0 42 95.1

LSTM-Attention 0.8 4.1 95.5

SSA-LSTM-Attention 0.6 2.2 98.6

BP 2.8 8.6 90.6

S U SH R LSTM 1.7 53 94.0
ENIRE

Indoor humidity/% GRU . L5 5.0 94.6

LSTM-Attention 1.3 4.5 95.1

SSA-LSTM-Attention 1.0 2.4 98.2

BP 1725.8 9.3 90.1

N . LSTM 12543 6.0 94.3
HE o i

Ligztﬁ 1nt2§s%y m GRU 1203.2 5.9 94.8

LSTM-Attention 1083.5 5.7 95.5

SSA-LSTM-Attention  603.07 2.6 98.4

BP 14 10.0 87.9

LSTM 1.1 7.1 92.5
THER

Soil moisture/% GRU . 0.9 6.5 93.0

LSTM-Attention 0.9 6.1 93.6

SSA-LSTM-Attention 0.7 3.2 95.1

TE: RMSE NI MAPE N PEI4N 140 LR 2 R® UE REL
BP AR IGMERERIZ ML LSTM AKAMHICIZAZE ML GRU A HRIEH 5
JG; LSTM-Attention K EINCIZ AP M 2% 5 R I HUHIAR S, & H g ALY
SSA-LSTM-Attention Jy R4 2 S ALK K] LSTM-Attention.

Note: RMSE is root mean square error; MAPE is mean absolute percentage error;
R? is Coefficient of Determination; BP is back propagation neural network; LSTM
is long short term memory; GRU is gate recurrent unit; LSTM-Attention is the
model that combines LSTM and attention mechanism; SSA-LSTM-Attention is
LSTM-Attention optimized by sparrow search algorithm.
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Solar greenhouse environment prediction model based on SSA-LSTM-
Attention
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Beijing 100083, China)

Abstract: Establishing an accurate greenhouse environment prediction model is essential for precisely regulating the
greenhouse environment to promote the growth and development of crops. Given the distinctive attributes of greenhouse
microclimates, which encompass temporality, nonlinearity, and strong coupling among various environmental factors, this
paper introduces a novel and sophisticated solar greenhouse environment prediction model based on the integration of SSA-
LSTM-Attention (sparrow search algorithm-long short-term memory-attention mechanism). The overarching objective of this
research was to develop a model that could reliably predict key environmental parameters within greenhouses, thereby enabling
more informed and effective environmental management practices. To achieve this, we embarked on a comprehensive data
collection process, utilizing an IoT (internet of things) data acquisition system to gather extensive environmental data from both
inside and outside the greenhouse. At first, we applied Pearson correlation analysis to sift through the vast amount of data and
identify the most significantly correlated factors. This step allowed us to focus on the variables that have the greatest impact on
the greenhouse environment, thereby streamlining the model and improving its efficiency. Then we constructed a time series
dataset of environmental features, which encapsulated the intricate temporal dynamics and interdependencies within the data.
This dataset served as the input for our SSA-LSTM-Attention model, enabling it to learn and capture the complex patterns and
relationships within the data. The model itself was a fusion of three powerful components: the sparrow search algorithm (SSA)
for hyperparameter optimization, the long short term memory (LSTM) network for handling temporal dependencies, and the
attention mechanism for enhancing the model's ability to focus on the most relevant information within the input sequence. The
results of our study were nothing short of impressive. For the prediction of four vital environmental factors in solar
greenhouses: indoor temperature, indoor humidity, light intensity, and soil moisture: the SSA-LSTM-Attention model achieved
an exceptional average fitting index of 97.9%. This outstanding performance represented a substantial and statistically
significant improvement over other benchmark models, including BP (Back propagation neural network), GRU (gate recurrent
unit), LSTM, and LSTM-Attention (long short-term memory-attention mechanism). Specifically, the SSA-LSTM-Attention
model outperformed BP, GRU, LSTM, and LSTM-Attention by 8.1%, 4.1%, 3.5%, and 3.0%, respectively, in terms of
prediction accuracy. Furthermore, the model exhibited a remarkably low average absolute percentage error of 2.6%, which was
significantly lower than the errors recorded by the four control models, with reductions of 6.5%, 3.2%, 2.8%, and 2.5%,
respectively. The experimental results effectively demonstrate the optimization effect of the sparrow search algorithm and the
improvement of LSTM prediction accuracy by the attention mechanism. In conclusion, the integration of the sparrow search
algorithm for automatic hyperparameter optimization of the LSTM-Attention model not only showcases the transformative
potential of advanced machine learning techniques in addressing complex agricultural challenges but also provides invaluable
data support for proactive environmental regulation in solar greenhouses. By enabling farmers and researchers to more
precisely control and optimize critical environmental factors that influence crop growth, our model holds the promise of
significantly enhancing crop yields, improving resource use efficiency, and ultimately contributing to the sustainability and
profitability of greenhouse farming operations.

Keywords: solar greenhouse; sparrow search algorithm; long short term memory; attention mechanism; environment
prediction model
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