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Estimation and Prediction Model of Crop Transpiration Based on
Matrix Moisture Content
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Abstract; Crop transpiration was the main driving force of substrate water transfer. Aiming to establish a
greenhouse tomato crop transpiration estimation model and prediction model based on the change of
substrate water content, and make a comparative analysis. The calibrated EC5 matrix moisture content
sensor was used to record the real-time change of matrix moisture content after the first irrigation and
before the second irrigation. Real-time crop transpiration was measured by weighing method. The
estimation model of daily transpiration per plant of tomato was established by multiple linear regression
calculation of variation of substrate moisture content and volume of substrate cultivation tank. Taking the
variation of substrate moisture content, air temperature, air humidity and illuminate intensity as input,
the prediction model of daily transpiration per plant of tomato was established by GABP neural network
algorithm. The greenhouse crop transpiration estimation model and predictive model were tested
respectively with the greenhouse crop’s daily transpiration by linear regression analysis, the results showed
that the prediction accuracy of the estimation model based on the variation of water content in the matrix
was 0.972 9 and 0.979 6, respectively, in the seedling stage and florescence, and the prediction
accuracy of the prediction model was 0. 9915 and 0. 989 0, respectively. The differences between the two
was not big, but the estimate model operation speed was much higher than predictionmodel of operation
speed. In practical application, the estimation model had good robustness to environmental changes, and
the relative error was less than 5% at seedling stage and flowering stage. The estimation model had the
value of popularization and application for greenhouse irrigation management.

Wicks HI, 2019 04 —13 &R H . 2019 -05 -20

BEE&WMB . BEFEHESH AR H (2016 YED0201003 ) FfH T AT AL R H (LIGZZ — 2018001 )
EERIAY: BRLEE(1991—) 55 WA FEFORT AR R G ST, E-mail ;976043347 @ qq. com
BIE1EE. ?ﬁ( 1978—) , %, B € ,Tﬁ}‘f“ s TR A R G FT ,E-mail ; lily@ cau. edu. cn



188 1 R = 4

20194

Key words: crop transpiration; variation of matrix moisture content; estimation model; prediction

model ; linear regression; GABP neural network

0 35l

T3 - - KA i 2R (Soil — plant —
atmosphere continuum , SPAC) & G 7K A% Ry WL 2
3 Ty et 7K RILAEE AR S5 Tt~ K TG ) BT Rl T
ZR T A AR Y MR SPAC R4, B
T2 PR AR A BT T B 7K o3 ORI T RERK , K
SHHFEAR AR R R R B IR DL S A 705
LR VR 1) 75 19 i Sy HEE FH K I A ORI R
PRI, 3 5 1 ) 75 6 415 5 0 T0RE , B 108 S 4% 7 B
/P b e et =4y AT N E < R

agiit, \EVEY 90% LA 17K 433 i 75 1 1
PR ) 2 S il TR MR IR I 278 )
ZRM HEE LA Bl o B R WA ) 1 K 43
ASACTEVAL 2 10 A 2 — P I B A 80, B4R 7
2, WANG %5 ) 100 VE ) 7% 1 ek Bt filf FH AR it R 4t
O LPRZE N &, AT BIRARE . faf 2% PhenoSpex
INEIJF R T —Z% FeildScale &5, Z AGHEILE
ANEEE BT ANPRER Y R, M s ) Bl = A A ) i
SRR IR 56 (LR AR T R K
Y PR A ) AR ME TS B, AP 250 O
AR R K RAEAE Y 28 2 [l kY
{EZE PR Tl FAME ks 5 5t , H 2 E A H]
SRR E U SR A 07, B, A
SR TR A AR ) 28 W B A 53l | SR ) B 1 £
A9 Penman — Monteith ( PM) A& EAEY) 75K
HRRRIE TR PM A S SRR R R, T
THAARER R BB KBS T B 24
FENSH, SHGRIURME BT AERT FETT. BEE
HREMLE AR B & S N T 28 ) 2% ( Artificial neural
network , ANN ) i FH AR #2538 , PEREA %5 R
ANN HEATHEWE HEFTN A ANN (93 A 24 7 A
AT 1 d BT KE AT 2 d IR K H AR
B HA SRR AT L d R ST S 5 2K
1 d ZSHEZE il 2 h 78 a A S 2
HAITE,

LR A A i B A R BT KRRy A1k
AT LA b i B R K R A L AR SCR
mAE B Y I ( Genetie algorithm back
propagation, GABP) fifl 25 X 24 5.3 | DAL o % 7K SR AR
i 2R 25 AR FDE IR B o A S8
fELVART SRS TiRE N 7 R Bdip 11 i B i PU A R S T e
BTN A Y | Ak Uk 2 T TR R

1 RS

IR T 2018 4F 9—11 A 7E v E Al K24 {5 B
A TESBEET H IR (40°0'N, 116°21'E)
AT, ZIRER AL AR, 4.5 m x3.2 m, )&
A RARR I ERAEX
1.1 Rt

RIS T AW o O, A A R L, DL
(9 H15 H—10 H 10 H) f14E#A (10 H 11—26 H)
R AGIAIE 5 2 i 2 I AR A

F AR, A 2.5 LR A 2 L, i
B35y W2, — 20 T S i 2K I A SR 5 —
TS F AR R AT a4 ANEE,
TR 75 301 I PR B i Jo ol i 8 A0 IS B, 4 IR
TRBULE 3: 10 LTI AR AT,

KT HE )y 3K, BRAIEAK 43 78 B UK SF FR 5y
R ZE R, A, A e e —
B PR EE AR KT, Tow RFE R,

fdi 1] ZigBee 8 UL A (b ot BB R AL B
RARAT,BIS JZH — Oxx) o 8 L A R SR
TN RRE 2R DCIREE  JfLT ZigBee
AR V-5, A R A I 06:00—18.:00, [H]
B% 10 min, 7EF 0 B HIRIAEIA > BE SR EE 7 d, 45
AR 511 A
1.2 EREKE

TS AR R AR ZE G i TR K AR
FHEFE AR, I 50 WK 43RG B 0 I B 2 = 5 4R
FRiel s AR 56 b fdi ] ECS A% 2% I B L R A K
R HA e DI A H SR R Gy AR 10 em
AT em BYEIAEAR N, 25 08 336 BT K 23 FE 7K 7 A
WEELIT ) _E B S | A5 AR AR B A PN i L 6
W1 Fs MR A% RS A7 BRI R i e, P
FR o B R PR  BEAITA L,

Horf ECS I 25 50 A 22 B KR {34 )
A 3 AN e O S R 1 2 AR K R A TR
1E, P& Z [ B o8

0, =0,p (1)
KXf 9 ——FEC5 IR AR & KR
O —— T M Tl 2R R AR
p—BIEREK
1.3 1EMEBE

Bl 2 SRR R G (ACS — Z R, Lifg AR

AIRAT] 30 kg + 1 g) , HRIN & FAAR il SN 25 18




b BRNE 4 3T T AR AO(ERARE R 57 B BT 189

22 em

P 1 ECS {8 (B 4 b 5 2
Fig.1 Schematic of ECS sensor embedded in cultivation basin
H(g) o FIBBNEFUKIIEE, K OCE AR
TSR 7 A v DN A 2 I A O K R R
Fn A SEPRAR R i, TR T T s R
RS LA BT 11 5K 53 7% 2 %ok DN k3 Ji s o, ik — 20
$i s T S PR A o AR SRIBORS JE

2 HERFEAFE RS

Fig.2 Single plant tomato weighing system
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Fig.7 Verification results of tomato seedling and

florescence estimation model
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