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Abstract

:

The accuracy for target tracking using a conventional interacting multiple-model algorithm (IMM) is limited. In this paper, a new variable structure of interacting multiple-model (VSIMM) algorithm aided by center scaling (VSIMM-CS) is proposed to solve this problem. The novel VSIMM-CS has two main steps. Firstly, we estimate the approximate location of the true model. This is aided by the expected-mode augmentation algorithm (EMA), and a new method—namely, the expected model optimization method—is proposed to further enhance the accuracy of EMA. Secondly, we change the original model set to ensure the current true model as the symmetry center of the current model set, and the model set is scaled down by a certain percentage. Considering the symmetry and linearity of the system, the errors produced by symmetrical models can be well offset. Furthermore, narrowing the distance between the true model and the default model is another effective method to reduce the error. The second step is based on two theories: symmetric model set optimization method and proportional reduction optimization method. All proposed theories aim to minimize errors as much as possible, and simulation results highlight the correctness and effectiveness of the proposed methods.
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1. Introduction


Multiple-model (MM) is an advanced method to solve many problems, especially the target tracking problem [1,2]. Compared with traditional algorithms combined with radar systems [3,4], MM’s power of MM comes from the teamwork of multi parallel estimators [5], not only a single estimator. The MM approach has been presented for more than fifty years, and it was first proposed in [6,7]. It has a mature framework system [8,9], and the parallel structure using Bayesian filters proves its great performance. Usually, the model set designed in advance or generated in real-time is used to cover the possible true models. Then, the system dynamics can be described as hybrid systems [10,11] with discrete modes and continuous states. The model set used during the target tracking process has a big influence on estimation results [12], and a better model set often leads to more precise tracking results. The overall estimation is the combination of all estimations from the parallel-running Bayesian filters [13,14]. In recent decades, the MM methods have achieved rapid development [15]. The MM has been used widely because of its completeness of method and easiness of implementation. In addition, it goes through three stages altogether [16]: static MM (SMM), interacting MM (IMM) and variable-structure interacting of MM (VSIMM).



Compared with SMM, the biggest advantage of IMM is considering the jumps between models [6,7], and this drawback was fixed by Blom and Bar-Shalom [17]. Many advanced methods of IMM have been proven that improving tracking accuracy and not increasing computation burden can be conducted at the same time [18,19,20]. A reweighted interacting multiple model algorithm [21], which is a recursive implementation of a maximum a posteriori (MAP) state sequence estimator, is a competitive alternative to the popular IMM algorithm and GPB methods. Considering the non-Gaussian white noise, the interacting multiple model based on maximum correntropy Kalman filter (IMM-MCKF) [22] is presented to combine interacting multiple model with MCKF to deal with the impulsive noise [23]. Furthermore, to overcome the small kernel bandwidth, changing the kernel is also presented in it. Not only that, some emerging technologies, such as neural network [24] combined with MM also achieves rapid development. For example, the multiple model tracking algorithm of the multiple processing switch is a reliable method to improve the tracking precision [25]. However, the inherent defect, fixed model structure, of IMM limits its development to a large extent. In many real-world scenarios, the true model space is not discrete [26], but continues and uncountable. It is hard to design a model set to cover all possible models. Therefore, it seems natural to design a model set including huge models to fit the true model space perfectly. However, too many models leads to competition between models, even worse than few models [5]. In addition, the surging computation burden is another severe problem. Loosely speaking, the major objective of MM is to find a method using as few models as possible to achieve better performance of target tracking.



FIMM and SMM both use fixed model set at all time, without considering the properties of true model space. VSIMM [27,28,29] is a successful method to consider. On the one hand, it uses a limited number of models to reduce computation burden. On the other hand, the model set generated on the current is closer than the original model set. Generally, the VSIMM adapts the continuous mode space. It seems that tracking precision and acceptable computation burden are both solved perfectly. The key problem of VSIMM is how to design a highly cost-effective model set adaptive (MSA) mechanism. The model-group switching algorithm (MGS) has been used widely in a large class of problems with hybrid (continuous and discrete) uncertainties [30]. Compared with FIMM, the main advantage of MGS is reducing computation significantly, but it has limited performance improvements. The expected-mode augmentation covers a large continuous mode space by a relatively small number of models at a given accuracy level [31]. Though the expected model is closer than any other model, the results may even deteriorate because it is not precise enough. Similarly, the model set is augmented by a variable model intended to best match the unknown true model, and the algorithm is named the equivalent-model augmentation algorithm (EqMA) [32]. Compared with IMM and EMA, the EqMA has stronger timeliness. The likely-model set algorithm is also an adaptive method for VSIMM, and its cost-effectiveness is more valid than many other methods [33]. However, those three algorithms mentioned in [33] are more difficult to implement. A method using hypersphere-symmetric model-subset and axis-symmetric model-subset is presented as the fundamental model-subset for multiple models estimation with fixed structure, variable structure, and moving bank [34]. Different kinds of VSIMM algorithms provide reasonable methods to achieve model sets, and MSA is still an open topic to study.



With the gradual upgrading of radar detection systems, the tracking of maneuvering targets requires better accurate results. VSIMM-CS not only meets the requirements well in terms of tracking accuracy but also hardly adds any computation. In this paper, a variable structure of multiple-model algorithm aided by center scaling (VSIMM-CS) is proposed for providing a rational method to generate model sets in real-time. Considering the properties of the linear system [35] and the effect of distance between the model set and the true model on final error, we provide a symmetric model set optimization method and proportional reduction optimization method. For the Kalman filter [36], it is a linear system, and if the true model is at the geometric center of the model set, any two symmetric models produce opposite errors. Therefore, if the model set has an even number of models, the overall error converges to 0. From another point of view, the error of a single filter is related to the distance of the model from the actual model; thus, it is reasonable to scale down the model set by a certain percentage. Those two theories are based on the current true model. Therefore, to find a model that is closer to the true model, the expected model optimization method is proposed. The modified model is closer to the real model than the original model. For many existing methods, such as FIMM, VSIMM-CS has excellent cost performance ratio without more computation in the design of the initial model set. Compared with many VSIMM algorithms, just like LMS proposed in [33], VSIMM has better implementability with the same computation. In general, VSIMM-CS shows high precision and universality, and it is also easy to implement.



The remaining parts of the paper are organized as follows: Section 2 introduces the processes of the IMM and VSIMM. Section 3 provides three optimization methods: symmetric model set optimization method, proportional reduction optimization method, and expected model optimization method to prove the feasibility. Section 4 presents the process of VSIMM-CS. Finally, Section 5 provides the conclusion.




2. Multiple-Model Algorithm


In this section, the processing of VSIMM and FIMM are briefly introduced.



2.1. The Process of FIMM


If the model set   M = {  m  ( 1 )   ,  m  ( 2 )   , . . . ,  m  ( N )   }   is determined in advance, the model probability transition matrix  Π  is also determined. The transition probability from i-th model (  m  ( i )   ) to j-th model (  m  ( j )   ) is   π  i j   . If a multiple-model system has M models, each of them can be denoted as


       x k  ( i )   =  F  k − 1   ( i )    x  k − 1   ( i )   +  G  k − 1   ( i )    (  a  k − 1   +  w  k − 1   ( i )   )          z k  ( i )   =  H k  ( i )    x k  ( i )   +  v k  ( i )         i = 1 , . . . , N     



(1)




where   x =   ( x ,  x ˙  , y ,  y ˙  )  ′    is the target state;   a =   (  a x  ,  a y  )  ′    is the acceleration; the process noise is    w k  ∼ N  [ 0 , Q ]   ; the measurement value is z and its random measure error is   v ∼ N [ 0 , R ]  ; F represents the state transition matrix, G represents the acceleration input matrix, and H is the observation matrix.



Assume that the best target estimation, the state estimation covariance matrix and the model probability of   m  ( i )    are    x ^   k | k   ( i )   ,   p  k | k   ( i )    and   u  k   ( i )    at the time k, respectively. Then, the overall state estimation and state estimation covariance are


    x ^   k | k   =  ∑ i    x  k | k   ( i )    u k  ( i )     



(2)






   p  k | k   =  ∑ i    u k  ( i )    [  p  k | k   ( i )   +  (   x ^   k | k   −   x ^   k | k   ( i )   )    (   x ^   k | k   −   x ^   k | k   ( i )   )  ′  ]    



(3)








2.2. The Process of VSIMM


The biggest difference between FIMM and VSIMM is whether the model set changes through the target tracking process. For a maneuvering target, its mode space of acceleration S is very large and even uncountable. In most cases, the real model does not fall on the model set. Thus, using a limited model set M to approach S is unreasonable. Simply increasing the number of models does not improve the results, and it has a high probability to degrade the performance, even worse than very few models. The significant advantages of VSIMM are high precision, less computation, and strong adaptability.



If we obtain the current model set   M k   through a specific method, and    M k  =  {  m k  ( j )   ,  j = 1 , . . . ,  n k  }   . The model set   M k   at any time is included in the total model set M. Then, the model transition probability is    π  i j   = p  {  m k  ( j )   |  m  k − 1   ( i )   }  = p  {  m k  ( j )   |  m  k − 1   ( i )   ,  s k  ∈ M }   . The overall state estimation and state estimation covariance based on    x ^   k | k     ( i )  |   M k    ,   p  k | k     ( i )  |   M k     and   u k    ( i )  |   M k     are, respectively,


    x ^   k | k   =  ∑   m  ( i )   ∈  M k      x ^   k | k     ( i )  |   M k     u k    ( i )  |   M k     



(4)






       p  k | k   =   ∑   m  ( i )   ∈  M k       [   p  k | k     ( i )  |   M k     + (    x ^   k | k     ( i )  |   M k     −   x ^   k | k    )           (   x ^   k | k     ( i )  |   M k    −   x ^   k | k   )  ′   ]   u  k | k     ( i )  |   M k        



(5)









3. Model Optimization Method


In this section, we introduce three methods to optimize the model sets, including symmetric model set optimization method, proportional reduction optimization method and expected model optimization method.



3.1. Symmetric Model Set Optimization Method


A linear system can be described as shown in Figure 1. In addition, X is input and output is   A X + B  . If input is   − X  , the output is   − A x + B  . It is clear that the output of the sum of   − X   and X is   2 B  . If   A X   is the error produced by the system, two opposite inputs eliminate errors well.



It is assumed that two model sets   M  ( 1 )    and   M  ( 2 )   , where    M  ( 1 )   =  {  m 1  ( 1 )   ,  m 2  ( 1 )   , . . . ,  m N  ( 1 )   }    and    M  ( 2 )   =  {  m 1  ( 2 )   ,  m 2  ( 2 )   , . . . ,  m N  ( 2 )   }   . The current motion mode is   s k  .   M  ( 1 )    and   M  ( 2 )    are centrosymmetric and axially symmetric, respectively. However, the centers of symmetries are different.   M  ( 1 )   ’s center of symmetry is (0,0) and   M  ( 2 )    is   s k  . Obviously, the connection between   M  ( 1 )    and   M  ( 2 )   , as shown in Figure 2, is


   m i  ( 1 )   +  s k  =  m i  ( 2 )   , i = 1 , . . . , N  



(6)







For   M  ( 1 )   , the distance between   s k   and   m i  ( 1 )    is different, and the magnitude of the distance is


   |   m   q 1    ( 1 )   −  s k   | ≤ |   m   q 2    ( 1 )   −  s k   | ≤ ⋯ ≤ |   m   q N    ( 1 )   −  s k   |   



(7)







For IMM algorithm, the connection between the model probability   u  ( i )    and the distance    |   m  ( i )   −  s k   |    is


   |   m  ( i )   −  s k   | ∝   1  u  ( i )     



(8)







Then, the following relation can be determined as


   u   q 1    ( 1 )   ≤  u   q 2    ( 1 )   ≤ . . . ≤  u   q N    ( 1 )    



(9)







For each model   m i  ( 1 )   , they have different errors     x ^   k | k     ( i )  |   M  ( 1 )     −  s k  =  δ i  ( 1 )    ; thus, the overall estimation error is


  E R R O  R  ( 1 )   =  ∑ i   u i  ( 1 )    δ i  ( 1 )    



(10)







Clearly, according to (8), the overall estimation error has been reduced to a certain extent. However, since the system is linear and it is asymmetrical with respect to   s k  , the error of each   m i  ( 1 )    is not eliminated well.



Since   M  ( 2 )    holds symmetric properties, the relationships can be obtained as


          m   p 1  ( 1 )     ( 2 )   −  s k  = ⋯ =  m   p 1  ( 2 /  N 1  )     ( 2 )   −  s k        =  s k  −  m   p 1  ( 2 /  N 1  + 1 )     ( 2 )   ⋯ =  s k  −  m   p 1  (  N 1  )     ( 2 )   =  δ   p 1    ( 2 )              ⋮       m   p i  ( 1 )     ( 2 )   −  s k  = ⋯ =  m   p i  ( 2 /  N i  )     ( 2 )   −  s k        =  s k  −  m   p i  ( 2 /  N i  + 1 )     ( 2 )   ⋯ =  s k  −  m   p i  (  N i  )     ( 2 )   =  δ   p i    ( 2 )           ⋮          m   p n  ( 1 )     ( 2 )   −  s k  = ⋯ =  m   p n  ( 2 /  N n  )     ( 2 )   −  s k        =  s k  −  m   p n  ( 2 /  N n  + 1 )     ( 2 )   ⋯ =  s k  −  m   p n  (  N n  )     ( 2 )   =  δ   p n    ( 2 )           



(11)




where   N =   ∑ i    N i   , and   N i   is even number. In this linear system,   m   p j  ( i )     ( 2 )    and   m   p j  ( i +  N j  / 2 )     ( 2 )    produce two opposite errors   ε   p j    ( 2 )    and   −  ε   p j    ( 2 )    , and


      ε   p j    ( 2 )   =  x  k | k    (  p j  )   |   M  ( 2 )     −  s k        −  ε   p j    ( 2 )   =  x  k | k    (  p  j +  N j  / 2   )   |   M  ( 2 )     −  s k      



(12)







Theoretically, if   M  ( 2 )    is strictly symmetric with respecting to   s k  , the overall errors are equal to 0, without considering the system noise.




3.2. Proportional Reduction Optimization Method


Suppose two model sets    M  ( 1 )   =  {  m 1  ( 1 )   ,  m 2  ( 1 )   , . . . ,  m N  ( 1 )   }    and    M  ( 2 )   =  {  m 1  ( 2 )   ,  m 2  ( 2 )   , . . . ,  m N  ( 2 )   }   , and the current model is   s k  . The relationship between   M  ( 1 )    and   M  ( 2 )    is


     m i  ( 1 )   −  s k     m i  ( 2 )   −  s k    = α > 1  



(13)







Then, the model sets obeying the equation above can be called relative position invariant model sets. The most important feature is that the position of the model sets relative of   s k   does not change, as shown in Figure 3.



It is obvious that   M  ( 2 )    is more likely to have better performance than   M  ( 1 )   . However, the precondition is that the topology formed by   M  ( 1 )    includes all possible real models, as shown in Figure 4. If the topology is tangent to the true mode space S, this situation can be called the critical point, namely,   α =  α 0   .



Thus, if some noise could be tolerated, the following relationships are determined as


         u 1  ( 1 )   =  u 1  ( 2 )           u 2  ( 1 )   =  u 2  ( 2 )        ⋮       u N  ( 1 )   =  u N  ( 2 )        



(14)







For IMM, the distance between   m i   and   s k   directly affects the final error


   |   m i  −  s k   | ∝ |    x ^   k | k   ( i )   −  s k   |   



(15)







From (13), if the value of  α  is suitable, it is easy to deduce as


   |    x ^   k | k     ( i )  |   M  ( 2 )     −  s k   | < |    x ^   k | k     ( i )  |   M  ( 1 )     −  s k   |   



(16)







The connection between overall estimation error of   M  ( 1 )    and   M  ( 2 )    is


   | E R R O   R  ( 2 )    | < | E R R O   R  ( 1 )    |   



(17)







Generally, if the model set is scaled down, its performance improves. However, the scale should not be too small, or even exceed the critical point; otherwise, it may make the covariance matrix irreversible.




3.3. Expected Model Optimization Method


If the theories referenced in Section 3.1 and Section 3.2 is feasible, the common condition is: the current model   s k   is known or a model is found to approach   s k   as close as possible. Then, an effective method to approach the current model   s k  , called expected-mode augmentation, is given in [31]. The current expected model   m e   is the weighted sum of all the models at the current time


   m e  =  ∑ i    u i   m i    



(18)




and it is closer than any model to   s k  , namely,    |   m e  −  s k   | < min { |   m 1  −  s k   | , |   m 2  −  s k   | , . . . ,  |   m N  −  s k   | }   . However, the value of    |   m e  −  s k   |    is not small enough, as shown in Figure 5. Expected model   m e   may appear in anywhere in expected model space. If    m e  + γ =  s k   , where  γ  is the error, it is necessary to find a method to reduce  γ  to a certain extent.



If   m e   is scaled a little bit, let   m e   becomes   λ  m e   , where  λ  is scaling factor. Thus, (18) is rewritten as


   s k  − λ  m e  = γ −  ( λ − 1 )   m e   



(19)




and the conditions are


      λ > 1 , γ < 0       0 < λ < 1 , γ > 0      



(20)







Obviously, the error  γ  reduces to   γ −  ( λ − 1 )   m e   . If  λ  is chosen reasonably, the error becomes small enough and   λ  m e    becomes close enough to   s k  , namely,     λ  m e  −  s k    λ  m e  +  s k    ≈ 0  . What is worth noting is increasing or decreasing  λ  blindly contributes to serious mistakes, including even worse performance.





4. Variable Structure of Interacting Multiple-Model Algorithm Aided by Center Scaling


In this section, we introduce a new VSIMM algorithm: VSIMM-CS. The Section 3.1, Section 3.2 and Section 3.3 provide three model optimization theories. The main idea of VSIMM-CS is finding the   λ  m e    to approach the current real model   s k   as close as possible, and moving the original model set M and scaling it to obtain the current model set   M  ( k )   . The current model set   M  ( k )    could achieve better performance than the original model set M. The main function of the original model set M is locating the expected model   m e  .



The VSIMM algorithm has a clear framework of inputs and outputs. The process of Section 2.2 can be denoted as


      V S I M M [  M  ( k − 1 )   ,  M  ( k )   ] :        {   x ^   k | k    i |   M  ( k )     ,  p  k | k    i |   M  ( k )     ,  u  k | k    i |   M  ( k )     }        = V S I M M (   x ^   k − 1 | k − 1    i |   M  ( k − 1 )     ,  p  k − 1 | k − 1    i |   M  ( k − 1 )     ,  u  k − 1 | k − 1    i |   M  ( k − 1 )     )     



(21)







Obviously, if    M  ( k )   =  M  ( k − 1 )    , the processing becomes to FIMM. Thus, the FIMM is a special case of VSIMM.


      F I M M [ M ] :        {   x ^   k | k   i | M   ,  p  k | k   i | M   ,  u  k | k   i | M   }       = F I M M (   x ^   k − 1 | k − 1   i | M   ,  p  k − 1 | k − 1   i | M   ,  u  k − 1 | k − 1   i | M   )     



(22)







The novel VSIMM-CS always has an original model set M, which is taken part in the whole processing of target tracking, and   M  ( k )    is always generated by M.   M  ( k )    and   M  ( k − 1 )    are probably completely different. The steps of VSIMM-CS are shown in Algorithm 1.






	Algorithm 1 VSIMM-CS Process



	
	
S1: Increase the time counter k by 1.



	
S2: Run the   F I M M [ M ]   cycle, and obtain the outputs:    x ^   k + 1 | k + 1  i  ,  u  k + 1 | k + 1  i   and   p  k + 1 | k + 1  i  , based on the model set M.



	
S3: Obtain the expected model   m e   by using EMA algorithm, which is the weighted summation of all models.


   m e  =  ∑ i   u  k + 1 | k + 1  i   m i   











	
S4: Select the suitable values of  α  and  λ  to generate the current model set   M  ( k + 1 )   .    M  ( k + 1 )   = α  {  m i  + λ  m e  , i = 1 , 2 , . . . , N }   



	
S5: Run the   V S I M M [  M  ( k )   ,  M  ( k + 1 )   ]   cycle to obtain the final results.


    x ^   k + 1 | k + 1   =  ∑   m  ( i )   ∈  M  ( k + 1 )       x ^   k + 1 | k + 1     ( i )  |   M  ( k + 1 )      u k    ( i )  |   M  ( k + 1 )      










      p  k + 1 | k + 1   =      ∑   m  ( i )   ∈   M  ( k + 1 )    )        [   p  k + 1 | k + 1     ( i )  |   M  ( k + 1 )      + (    x ^   k + 1 | k + 1     ( i )  |   M  ( k + 1 )      −   x ^   k + 1 | k + 1   )          (   x ^   k + 1 | k + 1     ( i )  |   M  ( k + 1 )     −   x ^   k + 1 | k + 1   )  ′  ]   u  k + 1 | k + 1     ( i )  |   M  ( k + 1 )         











	
S6: Go to   S 1  .













The algorithm complexity is   T  n  = 2  n 2  + 16 n  , and n equals to the number of models.



The most important part of the process is model set generation. The values of  λ  and  α  have a huge impact on the performance of the model set. Therefore, it is unreasonable to choose  λ  and  α  blindly. The biggest advantage of VSIMM-CS is that the model set is generated in real-time without increasing huge computational complexity. In addition, if the original model set is designed rational and the number of models is few, the proposed VSIMM-CS can achieve rewarding results and keep the calculation volume within a reasonable range at the same time. The rational combination of  λ  and  α  achieve great performance in terms of precision.




5. Simulation Results


In this section, a reasonable simulation process is given: firstly, the target state, the measurement equations and their specific parameters are presented. Secondly, the original model set is given, including the probability transition matrix. Thirdly, the target motion state and performance criterion are presented. Finally, different simulation results are analyzed.



The target state and the measurement equations are, respectively, given as


   x  k + 1   =  F k  ( j )    x k  +  G k  ( j )    a k  ( j )   +  w k  ( j )    



(23)






   z k  =  H k  ( j )    x k  +  v k  ( j )    



(24)




where    w k  ( j )   ∼ N  [ 0 , 0.01 ]   ;    v k  ( j )   ∼ N  [ 0 , 1250 ]   ;   a k  ( i )    is target acceleration input;



  F =     1   T   0   0     0   1   T   0     0   0   1   T     0   0   0   1       and   G =       0.5    1   0   0     0   0    0.5    1     ′   . T is time interval.



The original model set M included 4 models as


       m 1  =   [ − 10 , 10 ]  ′       m 2  =   [ 10 , 10 ]  ′         m 4  =   [ − 10 , − 10 ]  ′       m 3  =   [ 10 , − 10 ]  ′       



(25)




and its topology structure is shown in Figure 6



Its probability transition matrix  Π  is       0.85     0.05     0.05     0.05       0.05     0.85     0.05     0.05       0.05     0.05     0.85     0.05       0.05     0.05     0.05     0.85      . The Table 1 illustrates an ensemble of maneuver trajectories for compare the existing and proposed algorithm.



If   e ¯   represents the average error of the whole processing, it can be denoted as


   e ¯  =  ∑  k =  k 1    k N             x ^  k  −  x k     ′      1   0   0   0     0   0   0   0     0   0   1   0     0   0   0   0       ∗       1   0   0   0     0   0   0   0     0   0   1   0     0   0   0   0         x ^  k  −  x k        /    k N  −  k 1     



(26)




where    x ^  k   is the best estimation at time k,   x k   is the target state; and   N = 300  . Therefore, different  λ  and  α  produce different   e ¯  , as shown in Table 2. The unit of   e ¯   is meters, and we just consider the position error.



Different combinations of  λ  and  α  present different performances. Assume   λ = 0.8 , 1.9 , 3 , 4.1 , 5.2   and   α = 0.5 , 0.6 , 0.7 , 0.8 , 0.9  . Their root mean square errors (RMSE) are shown in Figure 7 with 50 times Montecarlo experiment.



In most cases, the VSIMM-CS shows great performance on target tracking, and its errors are far lower than FIMM using 4 models. In some cases, the error is close to 0, and the proposed VSIMM-CS achieves a perfect performance. Thus, sacrificing a certain amount of computation for high accuracy is an acceptable approach.



When   λ = 0.8  , as shown in Figure 7a,b, most values of  α  do not present better performance than IMM-4. Especially, when   α = 0.5  , it becomes the worst one and it produces twice as many errors as IMM-4. As  α  is increasing, the errors reduce gradually. Until   α = 0.8  , the error curve is as same as IMM-4. When   α = 0.9  , it becomes better than IMM-4. Obviously, in the situation of   λ = 0.8  , VSIMM-CS does not show its high precision. When   λ = 1.9   in Figure 7c,d, compared with   λ = 0.8  , the tracking precision has been improved. Noting that when   α = 0.7   or   0.8  , the errors are smaller than IMM-4. However, when   α = 0.5  , it is still the worst one among them. It is surprising that, except   α = 0.5   when   λ = 3  , other values of  α  have greater performance than IMM-4. The relationship of these five algorithms has not changed.   α = 0.9   is still the best one and   α = 0.5   is still the worst one. Only when   α = 0.5  , the performance is worse than IMM-4. While the minimum position error is about two meters, it is not close enough to 0. Clearly, up to now,  λ  does not achieve the most suitable value. When   λ = 4.1  , all VSIMM-CS algorithms have better performance than IMM-4, even   α = 0.5  ,   α = 0.7  , and   α = 0.9   have similar tracking precision, and   α = 0.9   is not the best one anymore. When   α = 0.7  , the position error is smaller than that in any situation as shown in Figure 7. When the true model does not equal to    ( 0 , 0 )  ′  , the position error is also very close to 0. It seems that the best combination is   λ = 4.1   and   α = 0.8   in this system. In this case, the conclusion, referenced in Section 3, has been fully demonstrated. As shown in Figure 7i,j, VSIMM-CS still shows its great performance. All the error curves are less than half of IMM-4’s, and   α = 0.6   has the highest accuracy. The simulation result of   α = 0.7   is very close to   α = 0.6  . However, the best one shown in Figure 7g,h does not maintain its advantage in Figure 7i,j.



For   α = 0.5  , as  λ  changes, its precision does not become better, except   λ < 5.2  . In these simulation results, it is always the worst one among VSIMM-CS algorithms. The main reason for this is that the value of  α  is too small. Similarly,   α = 0.6   still does not meet the requirements. Compared with   α = 0.5  , its performance becomes better. It is not difficult to find that VSIMM-CS takes twice as much computation as IMM-4. However, in most cases, the promotion of   α = 0.6   is very limited, even it is worse than IMM-4 when   λ = 0.9   or   1.9  . Only when   λ = 5.2   does it have the best performance, which is shown in Figure 7i,j. When   α = 0.7  , the precision becomes acceptable. Though it is not the best one in all situations, the performance is greatly promoted. As  λ  increases, the tracking precision of the proposed algorithm becomes better. When   α = 0.8   and   λ ≤ 3  , it only performs worse than   α = 0.9  . Especially when   λ = 4.1  , its performance becomes the best one. However, if the value of  λ  is too large, referenced as Figure 7ij, its advantage disappears. When   α = 0.9  , its performance is always the best one in Figure 7a–f. Similarly, when   λ = 5.2  , so much large value of  λ  would deteriorate the performance.



A good demonstration of the average error   e ¯   of the unworkable portfolio is shown in Table 2. If   α < 0.7  , the critical point would not bee meet the condition at certain times. When   α = 0.7 , 0.8 , 0.9  , respectively, there is a high probability that the proposed algorithm achieves better performance.



In general, VSIMM-CS certainly achieves a big performance boost compared with FIMM, if  λ  and  α  are selected rationally. Different systems tend to have different suitable combinations of  λ  and  α . Smaller  α  or larger  λ  do not promote the performance. According to the current system, the reasonable  λ  and  α  always reflect satisfactory results.




6. Conclusions


In this paper, a new variable structure interacting multiple-model algorithm, VSIMM-CS, is proposed. Its model set is generated in real-time, and the generated model set is based on the original model set. Considering the error properties of a linear system and the symmetry of model set structure, the two theories called proportional reduction optimization method and symmetric model set optimization method are presented. The main purpose of the two theories is to reduce errors. Without considering the effect of noise, VSIMM-CS eliminates errors perfectly. To better locate the real model, the expected model optimization method is proposed. The excepted model generated by this method is closer than any other model. Simulation results show different combinations of  α  and  λ  have different performances. In most cases, VSIMM-CS achieved better tracking results. It is acceptable to sacrifice a certain amount of computation for high accuracy. A huge performance boost can be obtained by the precise selection of  α  and  λ . When the performance achieves in the optimal situation,  α  and  λ  are 0.8 and 4.1, respectively. In different simulation conditions, the results may be different. Many factors may influence the values of  α  and  λ , such as noise, original model set, and true mode space, etc., and our following research aims to focus on these factors. However, the unreasonable selection of  α  and  λ  leads to worse results. Simulation results also highlight the rationality and feasibility of this novel approach.
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Figure 1. A linear system. 
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Figure 2. Example of   M  ( 1 )    and   M  ( 2 )   . 
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Figure 3. Topology structure of   M  ( 1 )    and   M  ( 2 )   . 
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Figure 4. Topology of a model set including all model space S. 
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Figure 5. Example of the mentioned hypothesis. 
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Figure 6. Topology structure of M. 
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Figure 7. Root mean square error of VSIMM-CS. 
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Table 1. Parameters of deterministic scenarios.
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	Time k (s)
	   a x    (m/s2)
	   a y    (m/s2)





	1–50
	0
	0



	50–100
	5
	5



	100–150
	3
	   − 7   



	150–200
	7
	   − 2   



	200–250
	4
	1



	250–300
	   − 4   
	   − 2   



	300–350
	0
	0
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Table 2. The average error   e ¯   of the tracking process.
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α

	
0.5

	
0.6

	
0.7

	
0.8

	
0.9




	
λ

	






	
0.8

	

	
16.72

	
13.00

	
10.45

	
8.59

	
7.19




	
1.9

	

	
13.29

	
9.89

	
7.55

	
5.84

	
4.56




	
3

	

	
10.16

	
6.96

	
4.76

	
3.15

	
1.98




	
4.1

	

	
7.21

	
4.16

	
2.09

	
0.98

	
1.52




	
5.2

	

	
4.32

	
1.53

	
1.86

	
3.14

	
4.09
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