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Abstract; In order to predict the degree of water stress of tomato in greenhouse, sensors were used to
obtain the internal environmental information of greenhouse, including air temperature (Ta) , air relative
humidity (Rh) , substrate humidity (Hs) , light intensity (Li), carbon dioxide concentration (CO,) and
substrate temperature (Ts). The wind speed ( Ws), outdoor relative humidity ( Rho) and outdoor air
temperature (Tao) of the greenhouse were obtained from local weather station. According to the above
nine parameters, the crop water stress index ( CWSI) prediction model of greenhouse tomato was
established based on CS — CatBoost. The feature weights were calculated and screened by the gradient
lifting algorithm. The performance of the CS — CatBoost algorithm under different input feature numbers
was compared with the original CatBoost model, CS — LightGBM model and CS — RF model. The results
showed that when the number of input parameters of the model was 7, compared with CatBoost, CS —
LightGBM and CS — RF, the RMSE was decreased by 0.012 3, 0.011 8 and 0.031 1, MAE was
decreased by 0. 006 6, 0. 007 5 and 0. 020 8, MAPE was decreased by 0.963 0, 1. 1232 and 3. 089 2,
while R* was increased by 0.017 7, 0.016 5 and 0. 076 7. When the number of other parameters as the
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model input, CS — CatBoost model’s prediction ability was superior to the other three model. The research

result proved that the CS — CatBoost model had better prediction ability and generalization ability, which

provided a strategy for water stress degree analysis of greenhouse tomato cultivation, thereby improving

the utilization efficiency of agricultural water resources.
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Fig.2 Thermal infrared images of temperature

in three different areas

Lo 2 5F0ER 3. KM

1.5 %85 # % H %t & CatBoost ( CS —
CatBoost) 4 &

13 745 238 2 ( Cuckoo search,CS) ' BT A

Bar e E AR ) —Fh AR R R EA
BEYWRF LD AT Levy ©AT 15 1% K 0% .
Levy AT RSB P FEMH T/ NEK B D, 1
SRV AT — IR RK B g X 1548 5 BRI Rl
BLTE | 8 4 6 A Jmg 8 d5e 00 ik i TG vk Bk S o
CatBoost J&— 87 (14 86 B 48 T+ e 5 B ( Gradient
boosting decision tree, GDBT) & ¥, #& T B ] i
XGBoost Fl LightGBM 4§ #f & $ 7} 5. ¢ , CatBoost 1£
SrAEFEIE AR TR, B REHS
(Greedy strategy) , 47 % b $2 Tt 17 #UI0OKS B2 W T
A J 14 38 ( Ordered boosting) ™', {4k 16 JE 1 5 1
) 88 ; L% BR A4 ( Oblivious trees ) "' 5 J 3% B 2§ ,
FEAR T LA T BE o
i A 4 238 R LT CatBoost 4 >S4 1T
TARAL 43 5 Ry TR SRR A B (terations ) (R B B K
WRIZ (depth) (% > # (learning_rate) |12 IE N fL 2
B (12_leaf_reg)
it A 4% S48 R AL A o B g —
RS 8 JE U AR ™ &R R
v =a +a@L(A) (2)
A @—— 0 ik
o e+ ARG A B
@ KR S
L(A) Levy ®ATIYREBLAY R P A2
I AT A 4 R AT CatBoost H AL ALY
PATIHARE 3 FrR
1.6 GBDT Ry EAE %
R B & S8 9 4, 5k Ta,
Rh Li Ts Hs CO, .Tao ,Rho Fl Ws, #X1fi, it £ 1) %0
NS Gy (A5 B A 5 UG, [R] 2R R 3 o A A4
()52 2 A8 B 5 F0IN B AR o PRI Ut AR i 5 e AR X
AR AE AT 38 4 0 8 I b 221
CatBoost F75 J& T 6 i 42 T+ Y 5K W (GBDT) 55
. GBDT HESE T 1Y 55 ik BEACREAiE 2 7 40 46 Il 2 4
R T A A RRIE — R R A A P IR LAY, R IR
T ) 5 T A YR 53k 22 B 92D T ) b A i — A
BB RLTE U 2, B8 68 A W7 8 R A% AR
TERYAY H, e 2¢ A) LA AR A5 0 25 4> A H 8 S5 1 1 Al
o AR SO AR A T A 3 R R o R )
B 14 B AR I o A A 3 7)1
1.7 EMHIEHR
K H) 7 ARk 22 (RMSE) | S By 48 %) % 22
(MAE) P35 5 43 i 22 (MAPE) \JE RE(R)
4 A TEM AR LE A PR I AR B RS AR




430 & b Bl % 4R 20214
D R T RO A AR T KRB RN, 7R
% A Bl
| xrtessodmtis v | %WEM#T#@E%F 5 -

O o A SR B 14 R AR BE 5 U b S ke i bl R PR
[ st s | CWSI7E 1 d 4 19725 A, IF & 4 55 B0 L% 16, T
- = A . X S 4 K <
[HRE, i, e ROTE RN | 3J110—=27 H 5 K 08:00—18:00 i £7 44 R
5l £, K% Ta,CO, Rh Li Hs Ts, Tao,Rho Ws
ST O U b, HE A T U O M A T R SR AL
BRERII ! B2 LA 58 22 0 A P 4 3 B K SR 4 I ] i) g
X 30 min, HOR R 924 41, FElE AR D, e R —
| 30403 58 B Cat Boost RO E OV, W, W, -V, | BEKN R 3 R[] F KRB LY S LA AR AT
s IR R 4 93 3 A 2 09:00
| RLew €T, RUBRERC SRR B3 S B | MQMﬂEm%OE fkkml%mm& T

i 13:00 .18:00 R 42 1 e jifi H bR AR LD A0 Bl 45

[t s oo g s W, W, v, w), |

i R

MRIE(2) AR

|t et oy S ) B B N=N -+ |
I

v

e e

iR
¥ 3 CS - CatBoost 3 3 AT i 72 ]

Fig.3  Flow chart of CS — CatBoost algorithm execution
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Tab.1 Tomato substrate water content and measured

CWSI values of different groups of tomatoes
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KA % Ak %
1 20. 48 31.84 0.82
2 36.83 57.26 0.55
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Fig.4 Thermal infrared images of tomato plants

collected at three different time points
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Fig.5 Weight analysis diagrams of gradient lifting algorithm under four input characteristics
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Fig. 6  Fitting results of four models under seven feature inputs
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