Deep learning PM2.5 hybrid prediction model based on clustering- secondary decomposition strategy
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The procedure for calculating the permutation entropy is as follows:
Step 1: A time series of length  , specifying an embedding dimension m and a time delay , will be reconstructed:

Step 2: Then each  is internally sorted incrementally, such that:

where if two values are equal, they are sorted by the subscript  of  in them, in which case an  is mapped to a sequence of symbols like  such a sequence of symbols, i.e., each -dimensional subsequence  is mapped to one of the  arrangements.
Step 3: Then there are a total of  different symbol sequences of permutations, the probability distribution of all symbols is denoted by , then the entropy of the arrangement of the original time series is:

When , the alignment entropy is maximized at , when the time series complexity is highest.
Step 4: For convenient representation,  is usually normalized:

The value of  ranges from , and the size of  reflects the degree of randomness of the time series. an increase in the value of  corresponds to an increase in the randomness of the time series. Comparing the respective complexity of individual  by comparing their permutation entropy values provides a theoretical basis for reconstruction and modeling simplicity of  components.

The process of K-means clustering algorithm:
Step 1: Input dataset , cluster , and maximum number of iterations ;
Step 2: Randomly select  samples from the dataset  as the initial center of mass: , corresponding to the cluster set ;
Step 3: Calculate the distance between the sample  and the center of mass : ;
Step 4: Group the sample  with the closest center of mass ;
Step 5: Update the center of mass ;
Step 6: Until the center of mass is no longer updated, terminate the algorithm, otherwise go to step 3;

The process of VMD algorithm:
Step 1: Construct a variational problem
The signal is decomposed into k modal variables, each modal  is a finite bandwidth with center frequency . The objective function of the variational problem is the minimum sum of the estimated bandwidths of the modes, and the constraint is that the sum of the modal components is equal to the original signal. The corresponding expression is:

where  is the Dirac function,  is the original signal, and  is the convolution operator.
Step 2: In order to obtain the optimal solution of the constrained variational problem, the penalty factor  and the Lagrange multiplier operator  are introduced to transform the constrained variational problem into an unconstrained variational problem. The definition is as follows:
   
           
Step 3: The obtained modal components and center frequencies are optimized using the alternating direction multiplier (ADMM) iterative algorithm to solve the optimal solution of the iterator for the augmented Lagrange equations. The iterative process is as follows:
                                     
where  is the noise tolerance limit, ， and  are the newly generated Fourier transform values in the iteration.
Step 4: Repeat step 3 until the convergence condition is reached:

where  is the convergence accuracy. When the convergence condition is satisfied, the iteration is stopped and the Fourier inverse transform is applied to its . The real part  is the solution

The process of WOA algorithm:
Step 1: Rounding up prey
In the initial phase, the WOA algorithm assumes that the current best candidate is the target prey or the best target, and after defining the best agent, the other agents will update their positions to it, and the mathematical model can be described as follows:
                  
                                                         
where  is the distance vector between the best search agent and the common agent,  is the number of iterations,  is the vector of the known best,  denotes the position vector of the other search agents,  denotes the multiplication between the elements,  and  are the coefficient vectors, and  is a random vector in [0, 1].
Step 2: Bubble net attack
Humpback whale contraction encirclement and spiral updating occur simultaneously during bubble net attacks. In this case, the mathematical model for spiral position updating is as follows:
                  
                               
where  denotes the distance between the current search agent and the optimal solution,  is a constant used to define the shape of the helix, and  is a random number in [-1,1].
humpback whales as they swim around their prey. To simulate this behavior, the model is described as follows, assuming that the probability that the constriction-surrounding mechanism and the spiral updating mechanism are each selected during the solution process is 50%:
           
Step 3: Search for prey
Humpback whales also randomly search within the ocean based on each other's locations. When the value of is greater than 1 or less than -1, the location of one whale is randomly selected within the population to explore, which is modeled mathematically as follows:
              
       
where  is the location of a randomly selected individual whale. 

The LSTM is computed as follows:
The structure of the LSTM is shown in Fig. A.1, and the role of each gate respectively is as follows: the input gate controls the writing of the input information to memory, while the forgetting and output gates decide whether the information is saved or released from memory at each decision point. Since there is no significant difference in performance between the variants of the LSTM, the common LSTM described in the reference (Zaremba and Sutskever, 2014) is used, where each gate, memory cell, and output of the hidden layer is computed, and the expression for each equation is:
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Figure. A.1 Network architecture of LSTM




     


Table A.1 Optimal Decomposition Number k and Penalty Factor α for C_IMF0 Corresponding to Beijing, Chengdu, Guangzhou and Shenyang
	City
	k
	α

	Beijing
Chengdu
Guangzhou
Shenyang
	4
5
9
5
	100
276
178
523
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Figure. A.2 WOA-VMD iteration curves for C_IMF0. (a) Beijing (b) Chengdu (c) Guangzhou (d) Shenyang
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