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Note: x; is the input; A, is the hidden state of the k-1 period; y, is the output; 7,
is the hidden state; 7, is the reset gate; z, is the update gate; j, is the candidate
hidden state; Sigmoid and tanh are activation functions, the same below.
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Fig.1 Gated recurrent unit ( GRU ) neuron structure
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Note: The flatten layer converts the multi-dimensional array output by the
attention mechanism into a 1-dimensional array, x, and x; represent the values
before and after optimization respectively.
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Table 1 Prediction effect of different models
L WA BHERK

Model Goodness of fit R* Computation time/s

GRU 0.715 15

GRU-A 0.746 15

CNN-GRU 0.727 32

CNN-GRU-A 0.827 32

PHY-GRU-A 0.841 16

#: GRU-A A GRU W% 5 Attention HL#IZ1 75T A, CNN-GRU A CNN 5
GRU 5 Attention HLHIZA &1 A, CNN-GRU-A 2y CNN. GRU 5 Attention #l
HZHA TR PHY-GRU-A SHfE GRU-A W25 (2 Gtl BRI B2y o

Note: Gru-A is A combination of GRU network and Attention mechanism, CNN-
GRU is A combination of CNN and GRU and Attention mechanism, and CNN-
GRU-A is a combination of CNN, GRU and Attention mechanism, PHY-GRU-A
indicates that physical constraints are added to the GRU-A network.
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Note: RMSE is root mean square error.
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Fig.4 Model prediction effect
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Table 2 Optimization performance analysis of different algorithms

HEZRT N AE BRI K
Class of algorithm Fitness value j(k) Computation time/s
MPPI 0.915 72
NSGA-II 0.757 250
GD 0.919 45
Adam 0.801 47
it Adam 0.751 47

#E: MPPI A T AL B30, NSGA- T s K 3 55 ik 1) sk S e HE
PR L5, GD REE FRESLD:, Adam A EDERIE M T ERE

Note: MPPI is a model prediction path integral algorithm, NSGA-1I is a fast non-
dominated sorting genetic algorithm with elite strategy, GD is gradient descent
algorithm, Adam is an adaptive moment estimation algorithm.

biJE, BL7 H 17 HRRSEORME N SHERAT I
PEHIRBCR B 5a FroR .

o = .§
B 148 ; ¥ g E
2 Z22g 8
EE 146 mEE
2 4 EES
2 E 144 ! = 35
RREEVEY SR S HZ R
g M S
=
k= & v’\\ S & v &
> v *@A‘eo
~ 3 510 15 20 ¥

5} 7] Time/h

$17J:Algorithm
a. RS L
a. Comparison of control effect
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Energy-saving control method of air conditioning in mushroom house
based on data - physics mixed model

KONG Xiangshu' , ZHENG Wengang'? , ZHANG Xin'? , WANG Mingfei'** , SHAN Feifei*? , ZHAO Qian*?

(1. Intelligent Equipment Technology Research Center, Beijing Academy of Agriculture and Forestry Sciences, Beijing 100097, China;
2. Information Technology Research Center, Beijing Academy of Agriculture and Forestry Sciences, Beijing 100097, China)

Abstract: The data-driven model predictive control (MPC) has been widely applied in the field of energy-saving control.
However, the low interpretability and speed of optimization often occur on the pure MPC of temperature in the energy-saving
control system. In this study, a data-physics mixed model was proposed for the air conditioning energy-saving control system in
mushroom houses. Firstly, a basic prediction model was established to combine the gated recurrent unit (GRU) neural network
with the attention mechanism. Some influencing factors were considered, such as heat transfer from fresh air, heat dissipation
from mushroom respiration, radiant heat from envelope structures, and air conditioning cooling. The internal thermal balance
equation of the mushroom house was incorporated into the physical loss term, along with the data loss term between the
predicted and actual temperatures. The loss function was then formed. The prediction model and the loss function together
formed a special gray-box prediction model. Temperature prediction was implemented on the mushroom house using a data-
physical hybrid model. Then, a target function was established to consider the deviation among the predicted temperature. The
reference trajectory was taken as the prediction accuracy term, while the air conditioning operation time was taken as the
energy consumption term. Finally, an improved Adam algorithm was developed to integrate the "belief" and the "look-ahead"
mechanisms, according to the basic Adam algorithm. The target function was rapidly obtained in the optimal control sequence
for the air conditioner over the control time domain. The first control value in the sequence was applied to the air conditioning
system. Thus the optimal control was achieved to simultaneously consider both accuracy and energy consumption for the air
conditioning system in the mushroom house. Experimental results showed that the temperature prediction model with the data-
physical hybrid outperformed the various previous models. The accuracy of prediction was improved by 18%, compared with
the pure data-driven GRU model, while the root mean square error (RMSE) was controlled within 0.10 °C, and the model
training time was only 16 s. The fitness value of the improved Adam algorithm was 0.751, with a computation time of 47 s. A
comparative analysis with various optimization algorithms showed that the fitness value decreased by 6%, compared with the
Adam optimization algorithm, while the computation time was reduced by 81%, compared with the elitist fast non-dominated
sorting genetic algorithm (NSGA-II). Compared with the traditional threshold control, the air conditioning model adapted the
best to the flexible changes in the reference trajectory. The control input was adjusted in advance using a unique prediction
mechanism, indicating the better tracking performance of the reference trajectory. The tracking accuracy was improved by 63%
during a 5-day simulation experiment. The control accuracy RMSE was reduced by an average of 73% and the energy
consumption of air conditioning was reduced by an average of 12%. The energy-saving control model enhanced the
interpretability of the prediction. The computation speed was also improved with the high solution accuracy of the rolling
optimization. The high robustness was used to change the control parameters. As such, precise temperature and energy-saving
control were achieved in the mushroom house. The finding can also provide a strong reference for the energy-saving control
system in industrialized mushroom cultivation.
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