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Abstract: Temperature in agricultural production has a direct impact on the growth of crops. The emergence of greenhouses has improved the impact of the original unpredictable changes in temperature, but the temperature modeling of greenhouses is still the main direction at present. Neural network modeling relies on sufficient actual data to model greenhouses, but there is a widening gap in the application of different neural networks. This paper proposes a greenhouse temperature prediction model based on wavelet neural network with genetic algorithm (GA-WNN). With the simple network structure and the nonlinear adaptability of the wavelet basis function, wavelet neural network (WNN) improved model training speed and accuracy of prediction results compared with back propagation neural networks (BPNN), which was conducive to the prediction and control of short-term greenhouse temperature fluctuations. At the same time, the genetic algorithm (GA) was introduced to globally optimize the initial weights of the original model, which improved the insensitivity of the model to the initial weights and thresholds, and improved the training speed and stability of the model. Finally, simulation results for the greenhouse showed that the model training speed, prediction results accuracy and model stability of the GA-WNN in the greenhouse were improved in comparison to results obtained by the WNN and BPNN in the greenhouse.
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1  Introduction

The semi-independent and semi-closed greenhouse environment is a unique advantage of greenhouse agricultural production. Compared with the traditional agricultural production in a fully open environment, the greenhouse provides a more stable environment for crops and reduces the influence of the external environment. This production process has good environmental adaptability and efficient economic output. In agricultural production, temperature control is the primary problem, which directly affects not only crop growth but also the economic output of agriculture [1–4]. Therefore, some researchers have studied the greenhouse from the perspective of the greenhouse model. Traditional modeling generally builds differential equation models of the greenhouse based on the physical relationship of the greenhouse environment and is named mechanism modeling. Singh et al. developed microclimate mechanism models to predict air temperatures in plant communities and leaves by describing energy and mass transfer processes [5]. Costantino et al. [6] proposed a new modeling method to simulate the operation and energy performance of the dynamic greenhouse system for the climate control energy consumption of mechanically ventilated greenhouses. Gerasimov et al. [7] proposed an adaptive scheme of greenhouse system by mechanism modeling to solve the multiple input and multiple output (MIMO) problems of greenhouse temperature, humidity and carbon dioxide concentration. Liu et al. [8] proposed a wall temperature estimation method based on the energy balance for the environment model and used a mechanistic method to estimate the temperature and humidity in a Chinese solar greenhouse. The mechanism model results based on the specific environment are more accurate and detailed. But on the other hand, the modeling process is complicated and difficult, and the versatility is poor, which also makes this method unable to be used in all scenarios [9].

The emergence of intelligent algorithms has led to new approaches. Artificial Neural Network (ANN), a kind of mathematical model structure to simulate the biological mechanism of the human brain, has particular learning ability and adaptability [10–12]. Manonmani et al. [13] adopted a neural predictive controller and nonlinear autoregressive moving average controller (NARMA-L2) to simulate prediction and control of greenhouse temperature and humidity. Gandhi et al. [14] applied Levenberg Marquardt back-propagation algorithm to train and optimize the neural network, which combined with a neural predictive control (NPC) to achieve greenhouse temperature control and tracking. Jung et al. [15] compared nonlinear autoregressive exogenous model (NARX), recurrent neural network long- and short-term memory (RNN-LSTM) to predict the changes of environmental factors in the greenhouse to find the best greenhouse control strategy. Hongkang et al. [16] compared the dynamic backpropagation algorithm model based on recursive neural network (RNN) and predicted the temperature and humidity of the greenhouse. Compared with mechanism modeling, neural network modeling has the data-driven characteristics, and a wider range of applications and good model performance [10,17,18]. Therefore, good performance and easy realization of the model in the greenhouse make it widely used.

Wavelet neural network is a kind of network which consists of wavelet basis function and forward feedback network structure. Compared with other network models, wavelet neural network (WNN) has better accuracy and stability and faster training speed in short-term prediction and is widely used in other fields [19,20]. Feng et al. [21] and Falamarzi et al. [22] both studied the problem of WNN and other neural networks to predict regional climate and evapotranspiration changes, and achieved good predictive effects. Nayak et al. [23] used WNN to predict hydrological characteristics such as the flow duration curve in the area. Sharma et al. [24] proposed a time series prediction hybrid WNN for short-term solar irradiance prediction and applied it in tropical areas. These researches show that the wavelet neural network has a good fitting ability, faster learning speed and better prediction effect for the short-term prediction models. In the greenhouse modeling process, the accuracy and train speed of the model and prediction are also important goals. However, few researchers studied on the WNN and the applications are ignored in greenhouses. Therefore, this paper aims to investigate the WNN model predicting the trend of the temperature in the greenhouse. Matlab is a mathematical platform that brings together programming and numerical computation, analysis, algorithm development and modelling. The greenhouse modelling and simulation processes were carried out in Matlab R2016a

During the training process of data model, the initial random weight leads to uncertainty of training direction and reduces the training efficiency. Some researchers took the models with global optimization algorithms and obtained better positive effects. Jin et al. [25] proposed an improved genetic algorithm with engineering constraint rules (R-GA) to effectively and practically solve the dynamic economic optimal control problem in greenhouse environments. Yadav et al. [26] introduced a PSO-GA based hybrid training algorithm with Adam Optimization. Through the multi-algorithm fusion method, the local optimal problem of a single algorithm is compensated, and the global search ability and the accuracy of medical diagnosis are significantly improved. Taghavi et al. [27] applied GA to optimize the neural network model for the air-fuel mixture properties, which has greatly shortened the time needed to train the networks. Panahi et al. [28] proposed an integrated ANN model with the antlion optimization (ANN-ALO) for predicting freshwater production in a seawater greenhouse. Comparing model performance in tests, the prediction error of ANN-ALO model outperforms the ANN, ANN-particle swarm optimization, ANN-bat algorithms. Tian et al. [29] proposed an improved enhanced long-term memory neural network prediction model combined with the sparrow search algorithm, which has the best prediction performance and prediction accuracy compared with other short-term models. The genetic algorithm (GA) is a typical global optimization algorithm. ANN with the genetic algorithm (GA-ANN) can fully search for target individuals in a large range, and avoid the local optimal situation through multi-generation inheritance, mutation, and exchange operations in the evolutionary process. GA can overcome the shortcomings of a single ANN that is insensitive to weights and thresholds, and improve the accuracy and training speed of prediction models. In the following paper, the GA is used to optimize the WNN model, which is compared and verified with the BPNN and the single WNN.

This paper is organized as follows: the network principles and characteristics of WNN and GA-WNN are presented in the second paragraph. The simulation results and analysis of the model are presented in the third paragraph. The last paragraph is the summary and conclusion of the whole paper.

2  Methodology

2.1 Preliminary Analysis of Greenhouse Model

Fig. 1 is the schematic diagram of a greenhouse system, which consists of the greenhouse part and the control part [2]. The greenhouse part is composed of the external environment, the internal environment and crops. It constitutes a complete greenhouse environment and provides a growth environment for crops. The control part mainly includes sensors, greenhouse models, and controllers and control equipment. It consists of the detection, modeling, control and feedback part of greenhouse system, which plays a crucial role in greenhouse regulation. The most critical part in the greenhouse system is the greenhouse model and the greenhouse controller. The greenhouse model reflects the relationship between environmental factors in the greenhouse and affects the target control of the controller [30,31]. So the greenhouse modeling is vital for the greenhouse system.
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Figure 1: Common greenhouse structure

The parameters in the greenhouse models can be divided into external environmental factors, internal environmental factors, control equipment factors and influencing crops factors. The external factors include: external temperature, external humidity, external wind speed, external light intensity. These factors are directly affected by external weather and climate, and have greater uncertainty. They are generally used as input of the greenhouse model. Internal factors generally include: internal temperature, internal humidity, internal CO2 concentration and so on. Internal factors relate to the growth and development of crops, which are the direct goals of the greenhouse control. The factors of the greenhouse equipment result from the artificial equipment, such as the illumination intensity generated by the auxiliary light, the humidifier humidification rate, the output power of the heating device, the size of the opening of the vent and the production rate of the CO2 supplementary device. These factors directly affect the internal crops and are the parameters of the greenhouse environment control. The influencing crops factors are mainly the result from photosynthesis and respiration during crop growth, and directly feed back to the internal environment of the greenhouse. But it is difficult to detect and control them.

The influences of system nonlinearity and coupling between factors is practical. It is hard to analyze greenhouse temperature by the mechanism method. However, relying on physical relationships to establish the models is unnecessary by intelligent algorithms such as neural network It avoids the problem by fitting the required data model with a large number of relevant actual data and maintains a high precision at the same time. The goal of this paper is to predict the internal greenhouse temperature after the next 15 min. The following will use neural networks for modeling and simulation prediction.

2.2 Model Parameters

In this paper, the simulation experimental data are all from the real solar greenhouse environment, and are measurement results of the actual greenhouse for tomato from January to March. Model parameters need to be more correlated with the greenhouse environment and crop growth conditions, which can also be quickly collected and tested. The parameters collected by sensors include: the external environmental parameters of the greenhouse: outdoor temperature (°C), absolute outdoor humidity (g/m3), outdoor wind speed (m/s); Internal environmental parameters of the greenhouse: indoor temperature (°C), indoor absolute humidity (g/m3), indoor CO2 concentration (ppm), Total light intensity (W/m2). These parameters have the impacts on crop growth and can be quickly collected and tested. So these parameters are used as input of the greenhouse model.

The goal of the whole model is to predict the temperature in the greenhouse, obviously for the temperature in the next 15 min (°C) as the output.

2.3 Prediction Model of Greenhouse Temperature Based on WNN

In wavelet analysis, the mother wavelet function satisfies ψ(t) ∈ L2(R). Wavelet sequence is obtained by scaling and translation.


ψa,b(t)=1|a|ψ(t−ba)a,b∈R;a≠0
(1)

where ψa,b(t) is wavelet sequence; a is the expansion factor and b is the translation factor; ψ(t) is mother wavelet function; t is time.

The continuous wavelet transform function for target signal:


Wf(a,b)≤f,Wf(a,b)=1|a|∫R⁡f(t)ψ¯⁡(t−ba)dt
(2)

It is inverse transformation:


f(t)=1Cψ∫−∞∞⁡∫−∞∞1a2Wf(a,b)ψ¯⁡(t−ba)dadb
(3)

And 
Cψ=∫R|ψ^(ω)|2|ω|dω
, 
ψ^
is the Fourier transform of the mother wavelet function and ω is the frequency; In the above equation, f(t) is target signal; Wf(a,b) is Wavelet sequence of the target signal; f indicates the bounded signal; 
ψ¯(t)
is the wavelet mother function.

For any signal function, its equivalent transformation can be realized by superposition of multiple wavelet sequences. This transform is similar to Fourier transform in the basic principle of transformation. But at the same time, the expansion and translation superposition of wavelet sequence is introduced to realize multi-scale refinement in time-frequency, which is more conducive to the time and frequency requirements of signal [19,32–35]. WNN is a special neural network based on the same principle of the wavelet transform. Fig. 2 is the schematic diagram of the WNN network structure, which is based on BPNN topology. The hidden layer activation functions are replaced by wavelet basis functions, while the structure of the input layer and output layer is consistent with BPNN [19,36]. The wavelet sequence of each node is obtained by translating and scaling the wavelet basis function. Multiple wavelet sequences synthesize a target output of the neural network. The following formula is the calculation of the hidden layer and output layer:


h(j)=hj(∑i=1N⁡ωijxi−bjaj)
(4)


y(k)=∑j=1n⁡ωjkh(j)
(5)


hj=cos⁡(1.75x)e−x22
(6)


i=1,2,3…M;j=1,2,3…L;k=1,2,3…N;
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Figure 2: Structure of a wavelet neural network

The neural network contains M inputs, N outputs, and L hidden nodes; h(j) is the output of hidden layer node j; xi represents the input i of the neural network; hj(x) is the wavelet basis function of hidden layer; ωij is the weight between input node i and hidden node j; aj is the expansion variable; bj is the translation variable; y(k) is the node j output; ωjk is the weight of the connected hidden node j and the output node k.

By introducing the wavelet basis function, the output process of the network is closer to the signal decomposition, transformation, and synthesis process. The input of the hidden node realizes the multi-scale decomposition and transformation of the multi-wavelet sequence through the transformation. Then the results of multiple nodes are superimposed with each other to complete total outputs.

The common wavelet basis functions are Haar wavelet, Morlet wavelet, Mexican wavelet and Meyer wavelet. In some WNN application cases, the Morlet wavelet is the most widely used wavelet [33–34,37,38]. Morlet wavelet has no scale function and fast waveform attenuation. It is a symmetrical non-orthogonal complex wavelet, which has good applications in the decomposition and frequency analysis for complex signals. Morlet wavelet also has a good fitting ability for some complex systems in WNN [9]. Therefore, Morlet wavelet is adopted as the basis function in this paper. Eq. (7) is the output calculation process of WNN. The output weights of each wavelet basis function are connected and then superimposed to calculate the prediction output of the WNN.


hj=cos⁡(1.75x)e−x22
(7)


err=∑k=1m⁡yn(k)−y(k)
(8)


{△p(t+1)=−η∂e∂p(t)p(t+1)=p(t)+△p(t+1)
(9)

p stands for ωij, ωjk, aj, bj; i = 1, 2, 3…M; j = 1, 2, 3…L; k = 1, 2, 3…N;

As formulations shown above, hj is the wavelet basis function of the hidden layer; y(k) is the node k output of the output layer; yn(k) is the node k actual output of the output layer; err is the error between the output of the neural network and the actual output; p and Δp represent the weight parameters and update value of weight parameters, which can be ωij, ωjk, aj, bj. And t stands for t epoch training.

The training process of wavelet neural network adopts the gradient descent method. Calculate the gradient of each weight value p by taking partial or total differentiation of the error err. The weight value is updated step by step to approximate the optimal solution of the network. After many times of forward and reverse transmission processes, the network completes the training.

In this paper, WNN is the same as BPNN in the structure and training flow of neural network. The input layer is 7 input nodes. The output layer consists of 1 output node. Considering that the output of the hidden node is added by the weights as the output of the network, there is a linear connection between the actual output layer and the hidden layer. Therefore, the linear connection with the output layer adopts the linear transfer function Purelin. The hidden layer consists of 10 output nodes, activation function is Morlet wavelet basis function; Adam algorithm is adopted to optimize the algorithm.

2.4 Prediction Model of Greenhouse Temperature Based on GA-WNN

GA is an intelligent optimization algorithm and imitates the process of biological evolution. Based on the theory of biological evolution, the process of optimization transforms into a similar process of biological evolution through mathematical simulation operation. It searches the optimal solution from a large range of random solutions. Compared with the traditional method, the local optimal solution can be well avoided by iterating the optimal solution from a single initial value. GA also has a certain self-adaptation and self-learning abilities, and uses the change rule of probability to guide its search direction by using the individual adaptive calculation. Individuals with higher fitness have a higher survival probability, and can obtain more adaptable gene structures. Therefore, GA has faster efficiency and better results for complex combinatorial optimization problems [39–42].

Fig. 3 is the flow chart of GA-WNN. The implementation of the GA proceeds as follows:
(1) According to the network structure of WNN, the weights are initially random encoded to generate the initial population individuals.

(2) Enter the population iteration loop. Calculate the fitness functions of the current model for the target population. The higher the fitness of the individual, the better individuals can meet the need of the target

(3) The individual with the worst individual fitness is eliminated. The optimal individual is replicated to replace the missing ones.

(4) Crossover and mutation operations are performed on the population to generate a new batch of populations. The operation selection of the individual is based on the principle of the roulette wheel selection. The higher the fitness, the higher the probability of operation, so as to increase the fitness of the new batch of populations.

(5) Determines whether the loop condition terminates. If not, the new population returns to execute Steps (2), (3) and (4). If the conditions are met, the genetic algorithm is ended.
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Figure 3: The flow chart of GA-WNN

Genetic algorithms are be used to filter out individuals with better weights before the WNN training. Then the individuals generated are applied to the initial weight of the WNN. The processes of the WNN are consistent with the single WNN, and the only difference is whether to optimize the initial weights. GA-WNN combines the characteristics of WNN and GA. GA provides optimal initialization weights for WNN through global iterative optimization, and avoids the uncertainty of the model training process caused by random initialization, and improving the speed of training. It is beneficial to the WNN training results under the same conditions and improves the accuracy and stability of the model, and avoids local optimal problems.

In the model, 100 initial populations are allocated in GA. The exchange probability is 0.8. The variation probability is 0.6. A total of 100 population evolution epochs are carried out in one training. It seems from Fig. 4 that the optimal fitness has remained stable since the 50th cycles. The average fitness of the 100th epoch is basically consistent with the optimal fitness and meets the needs of GA optimization. So set 100 as the maximum loop for GA. The WNN part remains the same as the structure of the single WNN network. The input layer has 7 input nodes. The output layer consists of 1 output node, where the activation function is Purelin. The hidden layer consists of 10 output nodes, the activation function is Morlet wavelet basis function; Adam algorithm is adopted to optimize the algorithm.
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Figure 4: Fitness changes of the three network during training

3  Results and Discussion

The simulation environment is Matlab R2016a. Table 1 is the list of neural network parameters. In order to ensure the consistency of the experiment, the comparison of BPNN, WNN and GA-WNN is adopted in this paper. The networks adopt the same 7-10-1 network structure and the ADM algorithm to optimize the gradient. The collected data are from a tomato planting experiment in a solar greenhouse. This experiment recorded 72 days of data, collected at intervals of 5 min, with a total of 20552 recording points. 16432 sets of 80% data are used as training sets, and 4108 sets of the remaining 20% data are used as test sets. Under the same conditions, 500 training tests are conducted, and the results are as follows:

[image: images]

Fig. 5 shows the MSE (Mean Squared Error) distribution of the three networks after 500 independent tests. MSE is the mean of squares sum between the predicted value and the true value. It shows the dispersion and prediction result. The larger the MSE is, the higher the dispersion degree of prediction error is. The distribution of MSE results of BPNN mainly concentrated in the range of 0.364 to 0.432, and the average value was 0.4012. The MSE results of WNN ranged from 0.320 to 0.394, and the average value was 0.3590. The MSE of GA-WMM ranged from 0.312 to 0.382, and the average value was 0.3491. The results showed that WNN and GA-WNN have better prediction stability than BPNN. The prediction dispersion of WNN can be further reduced with GA to improve the prediction accuracy.
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Figure 5: MSE histogram of the three network results

Fig. 6 shows MAE (Mean Absolute Squared Error) distribution of the network results after 500 independent tests. MAE is the mean of the absolute value of the difference between the actual output and the predicted output, which focuses on the error size of the whole sample. When MAE is larger, the prediction error is larger, and vice versa. The MAE of BPNN were distributed in the range of 0.349 to 0.377, and average value was 0.3654. The MAE of WNN ranged from 0.339 to 0.376, and the average value was 0.3620. MAE of GA-WMM ranged from 0.335 to 0.372, and the average value was 0.3563. The results showed that GA-WNN has a lower error than BPNN and WNN on the whole, but MAE of WNN was higher than BPNN in some samples. This may be caused by the uncertainty of the initialization and training of the WNN. MAE can be reduced by optimizing the weights of GA. With the optimization of GA, the overall MAE error of WNN is better improved, and the stability is better than that of BP.
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Figure 6: MAE histogram of the three network results

Fig. 7 shows R2 (coefficient of determination) distribution of the three networks results. R2 represents the degree of fitting between two samples. Generally, R2 is in the interval of 0 and 1. The closer the R2 is to 1, the better the fitting degree is; otherwise, the worse the fitting effect is. According to the results, R2 results of BPNN were mainly distributed in the range of 0.976 to 0.980, and average value was 0.9779. WNN sample results were distributed in the range of 0.978–0.982, and average value was 0.9802. GA-WNN was distributed in the range of 0.979–0.983 and average value was 0.9807. GA-WNN was also better than WNN and BP, and the R2 distribution results were more concentrated in a higher interval.
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Figure 7: R2 histogram of the three network results

In Fig. 8, three neural networks were compared with the actual results in continuous time. It can be proved that GA-WNN had a strong prediction ability and more minor error compared with the others. The training cost is shown in Fig. 9. As the characteristics of each network were different, the comparison of the training cost was not significant. But the convergence trend of the actual error is meaningful. From Fig. 9, it seemed that GA-WNN had the fastest convergence speed, and complete convergence in 2 cycles, while the other networks achieved convergence in more than 6 epochs. It also verified the optimization effect of GA on network training by selecting the optimal weight.
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Figure 8: The temperature prediction results compared with the actual results. Time is the time point recorded by the sensor, each recording point interval is 5 min
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Figure 9: Error trend of the three neural networks in a single training process

Table 2 shows the mean values of the three neural networks test results. Compared with BP, WNN had more advantages in prediction accuracy and kept most results within a better prediction level. GA further improved the stability of the prediction effect of WNN, enhanced the accuracy of convergence, reduced the prediction error, and accelerated the training speed. In all, GA-WNN showed a good performance in temperature prediction in a greenhouse, and a strong feasibility for the control application of the greenhouse.
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4  Conclusion

In this paper, the ANN model was used to predict the temperature of the greenhouse, and a short-term greenhouse temperature prediction model based on GA-WNN was built. The model integrated the principle of wavelet transform and the characteristics of forward feedback network, which improved the model prediction and training speed. GA optimized the initial weight of WNN to avoid the uncertainty of the model training direction caused by the random weight initialization of the neural network, and improved the training speed. At the same time, it provided the optimal weight to ensure the stability and prediction accuracy of the subsequent model to avoid getting in local optimum problems. In the simulation, GA-WNN was compared with BPNN and WNN. The MSE, MAE and R2 results showed that GA-WNN had an excellent fitting ability and a strong model stability for greenhouse temperature modeling and prediction, and quickly completed the model training. Its prediction of the future temperature trend was conducive to the advance regulation of the greenhouse and ensured the stable operation of the greenhouse. The application and related research of the combination of wavelet neural network and genetic algorithm in the greenhouse is still lacking. We hope that this paper can better promote the application and research of WNN in the greenhouse and other fields.
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Table 1: Parameter of BPNN, WNN and GA-WNN

Network Layers Activation function Optimization algorithm
BPNN 8-10-1 Tansig, Purelin Adam

WNN 8-10-1 Morlet, Purelin Adam

GA-WNN 8-10-1 Morlet, Purelin GA, Adam
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Table 2: Mean values of MSE, MAE and R“ of the three neural networks

Network MSE MAE R?

BPNN 0.4012 0.3654 0.9779
WNN 0.3590 0.3620 0.9802
GA-WNN 0.3491 0.3563 0.9807
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