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Abstract: The purpose of this paper is to optimize the diffusion algorithm so that it 

can process non-linear data more effectively. First, founded on the characteristics of 

the distributed algorithm. The principles of the three distributions are emphasized 

afteranalysis. Secondly, it gives the solution to the difficulty of the diffusion algorithm 

in the non-linear problem, explains the principle of the kernel method and its 

application, and improves the diffusion algorithm by the kernel method. Then, 

according to the optimized algorithm, it calculates and compares the mean shift of 

each algorithm with the algorithm analysis to verify the validity of the method outlined 

in this paper. 
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1. Introduction 

Traditional distributed estimation algorithms include election algorithm, fluctuation 

algorithm and traversal algorithm [1]. At the same time, based on a large number of 

distributed estimation algorithms, a distributed minimum mean square error algorithm 

is proposed the principle of minimizing the mean square error [2]. Because of its low 

complexity, the minimum mean square algorithm is easy to implement and other 

advantages, it has been used in a large number of viable projects, but objectively 

there are also in-complete results. Weak convergence and anti-jamming [3]. 

Distributed estimation algorithms include three distinct ways: distributed algorithms 

based on consistent strategies, distributed algorithms based on incremental strategies, 

and distributed algorithms based on diffusion strategies [4]. 

The distribution of consistent strategies has both a measured time scale of a time 
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scale for processing iterations between measurements. By directly bunching the set of 

neighboring nodes, the network is in a coherent and stable state [5]. Due to the 

characteristics of a coherent two-timescale. It is less durable in the tracking and 

continuous adaptive fields [6]. 

Distribution based on incremental strategy evolves from incremental collaboration, 

where data is sorted by nodes and is passed to neighboring nodes one by one [7]. 

This algorithm requires relatively little traffic and energy during operation, but it is 

difficult to implement in real production due to its own operation mode, and the whole 

system is also difficult owing to problems with any of the nodes in this structure. In 

order to maintain, robustness is poor [8]. 

The distributed algorithm of the diffusion strategy is easy to implement and more 

robust than the consistency and increment strategies [9]. Because each node in the 

network transfers data onto its neighbors through a combination of their individual 

methods of the distributed algorithm of the diffusion strategy, this mode reduces the 

traffic of the entire network[10]. It is not restricted by the topology of the distributed 

network. It increases the efficiency of data collection and network connectivity and 

robustness[11]. 

This work is supported by National Natural Science Foundation (NNSF) of China under 

Grant 00000000.Non-linear processing of distributing algorithms is an essential topic 

in parameter estimation. Previous studies have concentrated on the improvement to 

algorithms on linear problems, but rarely on non-linear problems [12]. In view of the 

shortage of existing research, this paper puts forward how to solve the problem of 

non-linear data onto distributed algorithms, studies it deeply, designs algorithms and 

improves and prospects them [13]. 

This paper first introduces the structure of the distributed algorithm, and improves it 

based on the diffusion strategy [14]. Then it introduces the kernel method, 

summarizes the characteristics of the kernel method and the existing theory, and then 

combines them to improve the original algorithm [15]. Finally, it summarizes the full 

text and pro-poses future research ideas[16]. 

 

2. Preparatory knowledge 

2.1 Distributed LMS algorithm 

The biggest difference between distributed and centralized networks is that they do 

not possess a central node, which avoids the lack of robust nodes due to their 

dependence on the central processor. Nodes in each network have the capacity to 

transmit data and fuse estimates. They can iteratively receive data taken into account 

their information. They can then interact with adjacent nodes in real time and update 

their own estimates using the fusion results [17]. 
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In a distributed network, in order to obtain the optimal estimation results, it is 

necessary to select appropriate distributed strategies and study distributed algorithms 

to achieve distributed estimation. It not only achieves the collaborative processing of 

information between nodes in the network, but also makes the whole network have 

good adaptability and scalability [18]. 

2.2 Diffusion LMS algorithm 

The traditional diffusion LMS algorithm estimates the unknown parameters by 

exchanging data between nodes. First proposed by Federico S. Cattivelli. It updates 

the real-time estimates according to the adaptive diffusion algorithm of the distributed 

network. 

Node collaborates with neighbor nodes at i-1 time, so that neighbor nodes estimate 

, 1{ ; }k i kk N    at i-1 time for target parameter 0w  to be done estimated, where 
kN  

represents nodes connected to K node including their own nodes. These estimates are 

fused at i-1 time, that is, at i-1 time [19]. 

 , 1 , 1( ),k i k k i kw f k N    (1) 

Where ()kf  is to collect data from neighboring nodes to produce a fusion estimate 

, 1k iw   based on the merge policy of node k. 

Based on the obtained , 1k iw  , the local estimate , 1k i   is updated by the least mean 

square adaptive filter algorithm[20]. 

Formula 1 can be extended to include: 

 
, 1 , , 1

k

k i l k k i

l N

w c  



   (2) 

Where ,l kc  represents the fusion weight of node i to node k, where node k and node 

i must communicate with each other, which is determined by the network structure of 

the diffusion strategy[21]. 

The resulting estimate is expressed as a column vector. That is: 

 , 1{ }
k kN l i l Ncol     (3) 

This make the problem turn into a local mean square estimation problem: 

 2

min
k

k
N k

Cw
Qw   (4) 

Where col{ ,..., }M MQ I I , MI  is the identity matrix of M M . According to the weight 

matrix, the solution of equation (4) can be obtained as follows: 
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Obviously, the fusion weight is redefined as: 
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The sum of weight ,l kc  is equal to 1. 

Based on the above deduction process, it is known that in the network, node K first 

fuses the estimates of adjacent node l, then adaptively updates the iteration data 

according to the data obtained from each node according to the LMS algorithm, and 

then passes the good results to the adjacent nodes. Therefore, the iteration process 

of the diffuse LMS algorithm is obtained: 
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(7) 

The distributed least-mean-square algorithm for the entire diffusion strategy consists 

of three phases: adaptive phase, exchange phase and fusion phase [22]. 

In the adaptive phase, by updating the LMS algorithm between the expected signal 

,k id  and the input vector ,k iu , a new estimator ,k i  is obtained based on the local 

estimator , 1k iw   of node k at i-1 time, and the update equation is: 

 
, , 1 k , , , , 1+ ( )T

k i k j k j k i k i k iw u d u w     (8) 

 k  represents the step of node k. 

The swap phase swaps the estimated value ,k i  between all nodes k and their 

neighbors l. 

In the fusion phase, the estimated value ,k i  of neighbor node L is fused according to 

the weight to get the fused estimated value ,k jw  . The update equation in the fusion 

phase is: , , ,

1

N

k j l k l i

l

w c 


  

Diffusion LMS algorithm has two implementations, ATCDLMS and CTADMLMS, of which 

the order of adaptive phase and fusion phase is different. The difference is that the 

CTADLMS algorithm updates the fusion estimates by selecting the iteration results of 

the nodes themselves, while the ATCDLMS algorithm updates the fusion estimates 

based on the merged results. The difference is that ATCDDLMS has lower steady-state 

error and faster convergence than CTADLMS. Therefore, the algorithm in this paper 

will be implemented by ATC. 
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2.3 Distributed LMS algorithm 

For non-linear problems, by introducing a kernel function, the features are mapped 

(usually with a higher dimension) and the sample points become linear separable in 

the mapped feature space. The purpose of this paper is also to make the parameter 

estimates obtained from the diffusion LMS algorithm linear separable. In SVM, its final 

classification model is writable. 

 

1

( ) ( ) ( )
m

T

i i i

i

f x y x x b  


   
(9) 

Set H as the feature space, if there is a mapping: 

 ( ) :x U H   (10) 

For all ,x z U , function ( , )K x z  satisfies the condition: 

 ( , ) ( ), ( )K x z x z   (11) 

K is called a kernel function. Where ( )x  is a mapping function and ,  is an inner 

product. That is, the kernel function inputs two vectors and returns the same value as 

two vectors mapped to   . 

The kernel technique is a technique that uses the kernel function to calculate 

( ), ( )x z   directly and avoid calculating ( ), ( )x z   separately, thus speeding up the 

operation of the kernel method. Based on the core technique, its final classification 

model can be written: 

 

1

( ) ( , )
m

i i i

i

f x y K x x b


   
(12) 

Generally, selecting a kernel function is the most important part of the kernel method. 

If the kernel function is not selected properly, a will not be able to map the input space 

to   linearly separable feature space. Because we want to achieve the non-linear 

mapping, we use the Gaussian kernel function to improve the algorithm. 

 

3. The model and hypothesis of KDLMS 

In the exchange phase and fusion stage, the diffusion LMS algorithm using kernel 

method is the same as the conventional diffusion LMS algorithm, but in the adaptive 

phase, I improve the LMS algorithm by the corresponding kernel method, so that it 

can accelerate the operation speed when accepting the nonlinear estimation value. 

Firstly, the data around node k are collected to obtain the fusion estimation sequence: 

 
, 1 , , 1( ) ( )

k

k i l k k i

l N

w j c j 



   (13) 

According to the fusion estimates, we can calculate the corresponding error series: 

 , , , , 1( ) ( ) ( ) ( )k i k i k i k ie j d j u j w j   (14) 

According to the error sequence and fusion estimation sequence, the fusion estimation 
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sequence is brought into the kernel function, where the kernel function is Gaussian 

kernel function, which is: 

 2

2

'

2( , ')

x x

k x x e 




  
(15) 

The estimated value group at the next moment can be obtained: 

 , , 1 k , , 1( ) (j)+ ( ) ( (j), )k i k i k i k ij e j k w      (16) 

 

Fig. 1 Kernel incremental distribute strategy 

According to Fig1.The linear model is improved by several algorithms to estimate an 

unknown parameter$ ,k i  which involves dealing with the dimension of input and 

output signals , ,{ ( ), ( )}k i k iu j d j  under different nodes. Generally speaking, k represents 

the spatial dimension of nodes, i represents the time dimension of nodes, and the 

signal , ,{ ( ), ( )}k i k iu j d j  can be simply regarded as the excitation and corresponding of 

each local node. We assume that k, i are independent of each other to complete the 

following experimental analysis. 

 

4. Simulation 

In this section, we provide computer simulations to compare the theoretical 

performance with the simulation results. Although the analysis relies on the 

assumption of independence, all simulations use regression functions with shift 

structure to deal with the actual situation. Therefore, the regression coefficient is filled 

with: k,i k k ku =col{u (i),u (i-1),...,u (i-M+1)}  

 k,i k k ku =col{u (i),u (i-1),...,u (i-M+1)}  (17) 

In order to generate the performance curve, we conducted 100 independent 

experiments and averaged them. The steady-state curve is generated by 5000 

iterations in the network learning process. We were interested in the amount of MSD, 

EMSE and MSE, and then averaged the last 1000 samples of the corresponding 

learning curve. 

According to figure 3,We can see that the incremental distributed least squares 

algorithm converges at the 150th iteration. The incremental distributed least squares 

algorithm based on kernel method can converge at the 100th iteration. 
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The same performance can be achieved when the entire network converges. A good 

algorithm design can use the kernel method to modify the original algorithm to obtain 

a new algorithm. By properly adjusting the weight processing algorithm for each node, 

a good performance balance can be achieved throughout the network. Higher 

accuracy can be achieved in a shorter time, which improves the utilization of each 

node and enhances the robustness of the data. 

 

Fig. 2 The simulation of IDLMS and KIDLMS in MSD 

 

5. Future work 

As a random gradient method used to solve nonlinear problems, KLMS algorithm can 

greatly improve its computational effect by transforming the update process into an 

internal product form. In the process of internal product transformation, it has good 

approximation ability because it retains infinite number of data features. In view of 

the characteristics of distributed LMS algorithm, it is combined with KLMS algorithm, 

which improves its convergence performance and prediction accuracy, and reduces 

the complexity of the algorithm. 

The distributed minimum square algorithm has the characteristics of robustness, high 

flexibility, simple structure, easy to implement and stable performance, and the 

algorithm itself has been widely used in wireless sensor network, adaptive control and 

other systems, but there are still some problems. In this paper, the original distributed 

diffusion minimum square (DLMS) algorithm is kernel-methodized, so as to improve 

its sparse accordingly. 

 This paper deeply studies the principle process of adaptive filter, and supplements the 

deficiency of traditional DLMS algorithm. 

 Detailed algorithm derivation and convergence analysis of distributed algorithm are 

carried out in order to give full play to its performance in kernel method, the new 

algorithm in this paper. Through detailed formula derivation, the convergence 

conditions and feasibility of the algorithm are proved from two aspects of mean and 

mean square. 
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Finally, simulation software is used to compare the new algorithm with the traditional 

algorithm in noise environment; when the input signal is white signal, the convergence 

speed and convergence performance of various algorithms are compared. At the same 

time, the simulation results show that the new algorithm is effective. Compared with 

the distributed diffusion algorithm based on the mean square error criterion, the 

method not only solves the contradiction between steady-state maladjustment and 

convergence speed, but also increases the convergence speed of the system, which 

verifies the robustness and effectiveness of the algorithm. 
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