% 48 B 5 4 FRRXFFHR Vol. 48 No. 4
2025 % 4 A Journal of Chongqing University Apr. 2025

doi: 10.11835/j.issn.1000-582X.2025.04.009
S AR B, B K, Bl A, S5 JE T XGB-KF AR 1% 7 b i 2 I B8 T [J]. 3 PR OR 2 2% 4z, 2025,48(4):
108-114.

JL T XGB-KF #5811 e b 383 % 35 1€ i ol

_/%\_ Es\ll’z,%%?&3,’9’:}“%’4&1’2,5‘(&%7‘]@1’2
(1. PEAAFHEREEFRBERTRLRE, £ K 400714; 2. P EAAF R K5, LT 100049; 3. FF K& KAy A FRA
8], 4 JE 230031)

BE AT RLEBEEZXMEEMN T LR F 0 R D AN E A, R & — 4 XGBoost
(extreme gradient boosting) #= Kalman filter 48 45 & %9 & & T/ M 42 & XGB-KF (extreme gradient
boosting with Kalman filter) . % 8 & & s£ & T XGBoost &7 i £ A 3F & A7 87 2| 69 18 B AL 3 4747 F 4&
4 A F R 28 % (Kalman filter) 5/ 3| e F L R#FITHAB B, R LR, AT
FMH R RLBET RO E RS RIERITT ML F I, A ¥ 5 &% £ (root mean square error,
RMSE) 4k 4 £ & 35 47 xF #2 A 3 4T M AL 7R 4% . 55 XGBoost,Bi-LSTM #= Bi-LSTM-KF 7 i 48 Jb 4%,
XGB-KF # RMSE % A 414 5.22% .10.85%.7.45%

KB AAEE WG F T A 5T R ERE

FE S ZES:TP399 XEERE A X EHES:1000-582X(2025)04-108-07

Agricultural greenhouse temperature prediction based on the
XGB-KF model
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Abstract: To address the challenge of agricultural greenhouse temperature measurement being highly susceptible
to noise, which limits direct prediction accuracy, this study proposes an integrated prediction model, XGB-KF,
combining XGBoost and the Kalman filter. First, the model estimates the current greenhouse temperature using
XGBoost. Then, the Kalman filter dynamically adjusts the estimated result to refine the prediction. Numerical
experiments are conducted using sensor data from a greenhouse in Zhuozhou, with root mean square error
(RMSE) as the main evaluation metric. Compared with XGBoost, Bi-LSTM, and Bi-LSTM-KF methods, the
XGB-KF model reduces RMSE by 5.22%, 10.85% and 7.45% respectively.
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Fig. 1 Flow chart of XGB-KF model
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Fig. 2 The change of temperature inside Fig.3 Results of indoor temperature stabilization

and outside the greenhouse
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Table 1 Indicator evaluation results of each method

WIRES RMSE R?
Bi-LSTM 0.230 77 0.993 79
XGBoost 0.217 07 0.974 33

Bi-LSTM-KF 0.222 29 0.973 08

XGB-KF 0.205 73 0.976 94
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