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Abstract. Wireless technologies tend to become a core element of acquisition and sensory system and system identification 

process represents an important tool in many practical engineering applications. The current trend is to integrate this lossy network 

technologies and system identification together by having an identification element (identifier) that is able to give a good description 

for a system underlying dynamic when the system observations (input/output data) are sent wirelessly (with lost packets).  The lossy 

network normally sent input-output data (packets) with irregular sample periods thus introduces challenges in system identification 

process. This paper investigates the possibility of performing system identification with irregular sample time using first order linear 

system with sliding window moving average techniques. By adopting data store management approach on sliding window of data the 

recursive identification methods proposed are able to map the black-box system with irregular stream of sample with good level of 

accuracy.   
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1 INTRODUCTION  

Wireless  technologies for control applications[4]  have become one of  the basic  technologies  in  the  recent  days, 

whereas  system identification  represents  an  important  tool  in  many  practical engineering  circumstances,  thus  

integration of both wireless technologies  and  system  identification  is an important industrial process phenomena.  It  

is  well  known  that  wireless  links  are considered  as  unreliable  medium  and  therefore  the observations  loss  

across  them  is  unavoidable even with fast sampling of data.  The observations of  the  system  represent  the main  

element  in  the identification process, since  the  identifier  relies only on  these observations in order to model or 

mimic the underlying function of the system.   

Instantaneous learning algorithms are well studied and applied in the context of system identification when system 

observation are well sampled and fully received in orderly manner at the identifier side[1][7]. When considering 

wireless network as a transfer medium, random observations loss becomes unavoidable (due to wireless impairments) 

which deteriorates the quality of the model produced by using conventional techniques.  The difference between off-line 

and on-line system identification setups over wireless network is shown in Figure 1 [5][3]. As it can be seen from the 

figure in off-line case the system observations are kept upon their arrival in a store and processed after receiving the 

whole training set, while in an on-line case there is no store and the received observations are processed 

instantaneously. In the figure yt and ut are the transmitted output and input respectively, yr and ur are the received output 

and input respectively and ŷ is the estimated output. 
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Fig. 1:  Off-line and On-line System Identification Setups over Wireless Network 
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Two core issues in online learning techniques are; first the data are correlated which means the subsequent observations 

are similar in values due to fast sampling. The second will be the contradictory, where in the case of observation loss for 

continuous stream of input data, the error function tends to increase. This paper try to address these issues using online 

least square technique (LMS) and high order sliding window approach. 

The paper is organized as follows; section 2 will look into LMS and its decorrelation method proposed recently by the 

present authors [3]. Section 3 will look into observations lost and system with frequent sampling while section 4 

introduces to the sliding window normalized LMS and data store management scheme for system with lossy link 

network. Section 5 present some simulation results and finally section 6 concludes with discussion about this work.   

 

2 Least Mean Square (LMS) 

The learning rule for LMS [1][7] is formulated as the minimization of the instantaneous mean squared output error 

(MSE): 
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where    is the system output and    is the model estimation at time  . The systems under consideration are linearly 

dependent on a given set of weights, where    is an n-dimensional regressor vector and      is an n-dimensional 

weights vector. The weights update rule is given as follows:   

               and       
 

  
              

 

where   is the learning rate (normally set to constant value) and    is an n-dimensional search direction vector set as the 

negative of the gradient of the instantaneous MSE cost function as follows.  

3 Observations Loss  and Correlation Effects 

In the classical LMS algorithm which assumes periodic weights update where the observations reach the identifier in 

predefined sampling intervals. In the case of irregular sample period the observations arrival can be modeled via 

Bernoulli process (   ) during observation loss [3][5]. Thus the weights update would depend on Bernoulli process 

behavior which leads to stochastic weights update as it is shown by the following equation: 

                 

Single tank system test problem (see Appendix) used to show the LMS performance for different settings of packets 

dropping probability (PDP). Figure 2 shows how the error minimizes until it settles at small value if PDP = 0 while the 

error increase as PDP rate increases the error increases.   

 

 

 

  

 

 

3.1 Correlation Effect 

Correlation level between observations can be measured by computing the correlation angle (     ) between the current 

observation vector (  ) and the previous one (  ), as it is demonstrated by equation (4): 
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Fig. 2: LMS Performance at Different Settings of PDP. 
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The lower the correlation angle the greater the correlation level and the value (     represents orthogonal vectors while 0 represents 

completely correlated vectors.   

3.2 Sine Function Based De-Correlation (SD) 

The present author proposes an instantaneous technique to treat the correlation effect at the identifier side known as sine 

function based de-correlation (SD) [5]. The SD technique in short sets the learning rate to the sine of the correlation 

angle and since the correlation angle, between two immediate observations, ranges between 0 and      , the learning 

rate will be changing only in the range between 0 and 1, giving: 

                

Equation (5) shows that when observations are highly correlated (       ) weights are not updated, as the value     = 

0, while large step size will be taken when observations are orthogonal (         ) as     = 1.  

 

Figure 3 shows the 

performance of LMS-SD in 

comparison with the traditional 

LMS at different settings of 

PDP. The graph shows the 

LMS performance in absence 

of loss where LMS-SD 

converges faster due to the 

adaptive learning rate. The rest 

of the graphs (3(b) and 3(c)) 

show that as PDP increases the 

performance degrades in 

general but LMS-SD perform better compared to the traditional LMS.  

4 Sliding Window (SW) Moving Average 

Sliding window training algorithms, also known as high order training algorithms [1][2], uses sliding window of system 

observations to perform instantaneous system identification. In sliding window training the model weights are updated 

using information obtained from store of L previous training pairs. The regressor vector (  ), weights vector (  ) and 

data store (   ) are defined as follows:  

    

 
 
 
 
 
 
    

 
    

    

 
     

 
 
 
 
 

        

 
 
 
 
 

  

 
  

 
     

 
 
 
 

         
       
            

       

       
  

The pair (     ) refers to the     training vector at time  . The output error for this vector with respect to the current set 

of weights is defined as follows:  

 

        
       and      

   
 

 
   

 
      

Given L data store vectors and the current data points    and   , the normalized moving average search direction 

(  
   ) is given as follows:  

 

  
    

 

 
 

    

    

 

   

 

4.1 Data Store and Error Management  

Data store management (DSM) for sliding window learning is an important element and comparable as choosing a 

suitable training algorithm and should not be overlooked. One of the simplest strategies for data store management is to 

adopt first in first out (FIFO) strategy. This strategy discards the oldest training pair in the store and admits the current 

one in. FIFO strategy has an advantage that the store information represents the current state of the system.  

(6) 

(7) 

(5) 

  

             (a) PDP = 0.0                          (b) PDP = 0.6                        (c) PDP = 0.9 

    

Fig. 3 : Performance of LMS-SD and the traditional LMS for different settings of PDP 

 

(8) 

10

Volume 11, No. 4 Australian Journal of Intelligent Information Processing Systems



In wireless data transmission those received observations at the identifier side might be correlated because of 

oversampling and therefore DSM strategies should take into account the correlation effect. One partial solution will be 

incorporating the sine de-correlation technique for moving window of LMS.  

Another grave issue in instantaneous training is sudden surge in cost function (error function) due to loss of 

observations or maybe due to the nature of the systems. The research work here tries to incorporate error measurement 

(EM) strategy in order populate the data store based on the output error value. Typically the EM strategy computes the 

output error for each training pair then it discards the training pair with the largest output error (  ,   ) and admits the 

current one  (  ,   ):  

 

 

 

The advantage of EM strategy is that during observations loss the undesired contribution of the output error in the 

weights update process will be reduced.  

4.2  Moving Average Based on Combination of EM and SD (MA-EMSD)  

   The normalized version of  moving average with error management (EM) strategy and sine function based de-

correlation (SD) technique (NMA-EMSD) manages the store using EM strategy while sets the learning rate according 

to SD technique. The procedure starts by checking the current packet (input/output) data received and check for the next 

packet otherwise the store member with the largest output error will be replaced with the current observations vector 

according to EM strategy. The procedure then proceeds to check to determine whether the current packet received after 

a period of sampling intervals, where in case of loss the small constant learning rate will be considered otherwise the 

adaptive learning rate with sine decorrelation used to computed the SW learning. Once the learning rate has been 

determined the procedure computes the moving average search direction (  
   ) then it proceeds to update the weights 

and compute the estimated output (  ).  

5 Results and Discussions 

Single Tank test problem (refer to appendix) used to evaluate the performance of NMA-EMSD in comparison with NMA-

FIFO at different settings of PDP. Figure 4(a) shows that in absence of loss (PDP = 0) NMA-EMSD settles faster than NMA-FIFO 

since it sets the learning rate 

according to SD technique. The 

rest of the graphs (5(b) and 5.4(c)) 

shows that during observations 

loss NMA-EMSD performs better 

than NMA-FIFO which can be 

attributed to the fact that MA-

EMSD reduces the undesired 

contribution of the output error 

using EM strategy which always 

ensures the existence of training 

pairs with smallest output error in 

the store.  

Table 1. Performance Measure for LMS and Normalised Sliding Window 

 
Measure 

 

0.0 

 

0.3 

 

0.6 

 

0.9 

 LMS 

 

Average 5.8072e-004 0.0047 0.0314 0.4496 

Standard 

Deviation 
2.5140e-006 7.7480e-005 3.1168e-004 0.0136 

 

 

LMS-SD 

Average 5.7551e-004 7.1926e-004 0.0013 0.0333 

Standard 
Deviation 

2.1832e-016 1.9043e-005 5.4189e-005 0.0092 

(9)            
 

       
   

   
   

   

   
               

  

             (a) PDP = 0.0                          (b) PDP = 0.6                        (c) PDP = 0.9 

Fig. 4:  NMA-EMSD and NMA-FIFO Performance at Different Settings of PDP 
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NMA-FIFO 

 

Average 5.7552e-004 0.0046 0.0304 0.4585 

Standard Deviation 5.7917e-009 9.5090e-005 0.0011 0.0065 

NMA-EMSD 

 

 

Average 5.7551e-004 5.8809e-004 6.4976e-004 0.0023 

Standard Deviation 1.6871e-016 4.8600e-006 1.9513e-005 4.3538e-004 

 

Table 1 shows the overall performance of LMS and Normalized sliding window moving average (NMA) methods. It 

can be concluded the best results obtain using LMS with sine decorrelation and NMA with data store management 

techniques 

6 Conclusions 

The research paper look into the feasibility of data store management (DSM) techniques adopted on sliding window 

training methods. By taking into account the correlation effect and observation lost in modeling linear network with 

irregular sample period, a good model representation of the system can be obtained. Future work will look into the 

adopting similar DSM strategy on nonlinear networks [6].  
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Appendix 

A single tank system (Figure A.1), with inlet flow          and outlet flow given               proportional to the 

height,   a constant and the identification problem considered here is the prediction of     given      . 

 

 

 

 

 

 

Fig. A.1: Single Tank System 

  

  
                or                           

The input regressor for the linear network considered here in this paper is set as second order autoregressive moving 

average with exogenous input ARX(2) 
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