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Abstract: In view of the questions that the algorithm flow of variable structure multi-model method (VSMM) is 
too complex and the tracking performance is inefficient and therefore it is so difficult to apply VSMM into 
installing equipment. The paper presents a high-performance variable structure multi-model method basing on 
multi-factor fuzzy synthetic evaluation (HEFS_VSMM). Under the guidance of variable structure method, 
HEFS_VSMM uses the technique of multi-factor fuzzy synthetic evaluation in the strategy of model set 
adaptive to select the appropriate model set in real time and reduce the computation complexity of the model 
evaluation, firstly. Secondly, select the model set center according to the evaluation results of each model and 
set the property value for current model set. Thirdly, choose different processes basing on the current model set 
property value to simplify the logical complexity of the algorithm. At last, the algorithm gets the total estimation 
by the theories of optimal information fusion on the above-mentioned processing results. The results of 
simulation show that, compared with the FSMM and EMA, the mean of estimation error belonging to position, 
velocity and acceleration in the HEFS_VSMM is improved from -0.029 (m), -0.350 (m/s), -10.051(m/s2) to  
-0.023 (m), 0.052 (m/s), -5.531 (m/s2). The algorithm cycle is reduced from 0.0051(s) to 0.0025 (s).  
Copyright © 2014 IFSA Publishing, S. L. 
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1. Introduction 
 

Multiple model estimation achieves great success 
in processing the questions which have uncertain 
structures or varying parameters, therefore, more and 
more people are paying attention to the estimation 
technique. However, FSMM encounters two 
problems in the application: 1) the model set 
predefined cannot completely covers the mode space 
which reduces the accuracy of the algorithm – and 
2) even if the predefined model set which can cover 
the whole mode space, but too many models will lead 

to unnecessary competition among models, and the 
computation belonging to the algorithm will be 
increased. In order to overcome the limitations of 
FSMM, Li Xiao-Rong put forwards the idea of 
variable structure in 1996 [1, 2]. Variable structure 
method makes the model set adjust adaptively in real 
time basing on the measurements and the fusion of 
prior and posterior information. Variable structure 
multiple model method of existing includes: model 
group switch method (MGS) [3], likely model set 
method (LMS) [4], expected mode augmentation 
method (EMA) [5] and adaptive grid method 
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(AG) [6, 7]. Basing on these multiple model method, 
literature [8] puts forward a new multiple model 
method – double grid variable structure multiple 
model method. [9] introduces in the technique of 
adaptive grid and likely model set to guide the 
models set generation basing on [8]. 

When the variable structure multiple model 
method is loaded on the actual equipment for 
maneuvering target tracking, some problems limit the 
use of the multiple model method, for example, the 
complex structure of algorithm, the large amount of 
computation, the amount of memory and the real-
time differential. Based on the theory of variable 
structure as a guide, to simplify the model evaluation 
logic, reduce the model size, optimize the process of 
algorithm, the multi-factor fuzzy evaluation 
technique is introduced into the model adaptive 
strategy (MSA) of HEFS_VSMM, firstly, to simplify 
the model evaluation logic and speed up the model 
evaluation speed. Secondly, according to the 
evaluation results of model set, HEFS_VSMM 
chooses the model set which join in the state 
estimation on current time, records the model set 
center and gives the model set the corresponding 
attribute values. Then on the basis of the model set 
attribute value, HEFS_VSMM chooses different 
processes, so as to achieve the purpose of 
optimization algorithm. Finally, HEFS_VSMM gets 
the overall system estimation using the optimal 
fusion principle. Simulation results show that, 
compared with traditional fixed structure multiple 
model method (FSMM) and the expected mode 
augmentation variable structure multiple model 
method (EMA_VSMM), HEFS_VSMM improves 
the tracking accuracy at the same time, greatly 
reduces the algorithm cycle, improves the efficiency 
of the algorithm, and makes a good foundation for 
the variable structure multiple model method to be 
used in the actual equipment. 
 

 

2. The Basis of Theory 
 
2.1. Multiple-Model Estimation 
 

The MM method is best understandable in terms 
of stochastic hybrid systems. The state of a hybrid 
system consists of two parts: a continuously varying 
base-state component and a model state component, 
also known as system mode that may only jump 
among points, rather than vary continuously, in a 
(usually discrete) set. The base state components are 
the usual state variables in a conventional system. 
The system mode is a mathematical description of a 
certain behavior pattern or structure of the system. 
For instance, a normal mode corresponds to the 
normal operation of a system. A faulty/abnormal 
mode can be used to represent a certain 
failure/degradation in some part(s) of the system. 
Although the results presented in this paper are valid 
for more complex systems, for simplicity, consider 

the following (1) simplest stochastic hybrid system, 
known as “jump linear system” 
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where x is the base state vector; z is the noisy 
measurement vector; sk is the model state or system 
mode at time k, which denotes the mode in effect 
during the thk sampling period;   and  are the 
mode-dependent process and measurement noise 
sequences, respectively. 

The system mode sequence is assumed for 
simplicity to be a first-order homogeneous Markov 
chain with the transition probabilities as (2). 
 

 
1( | )        j i

k k ij i js s s ,s   P S , (2) 

 

where j
ks denotes that mode sj is in effect at time k 

and S is the set of all possible system modes, called 
mode space. 

VSMM is an improvement on FSMM, at any 
time, it estimates the system states depending on a 
few model set which is produced according to the 
moment before, not on the whole likely model set. 
The main differences between VSMM and FSMM 
are the change of the model set between the two 
cycles. The whole process of the FSMM method in 
the simulation uses the same model set. And the 
VSMM method according to the actual situation of 
maneuvering targets, uses MSA strategy to determine 
a closer and fewer model set. In general, each cycle 
of VSMM is usually composed of two functional 
modules as following: 1) Model-Set Adaptation: 
Determine at each time which model set to use for 
the MM estimation, utilizing a posteriori as well as a 
priori information. This is unique for VSMM 
estimation. Different RAMS algorithms differ from 
each other primarily with respect to how the model-
set adapts. The strategy of MSA is the core 
technology of VSMM. 2) Model-Set Sequence 
Conditioned Estimation: The MSSCE process is 
similar to the FSMM algorithm. It is a part of the 
VSMM estimation method, to provide the best 
possible estimate based on a given model-set 
sequence, determined by the MSA. 
 
 
2.2. The Theory of Multi-Factor Evaluation 

 
Multiple factors evaluation method refers to 

evaluating a plurality of participating objects by a 
number of indicators. It’s basic idea is to divide the 
various multiple indicators into a aggregative 
indicator that reflects the comprehensive situation. 
The evaluation process of multiple factors evaluation 
is not one factor by one factor, but accomplishes the 
multiple factors evaluation at the same time by some 
special methods which are weighted according to the 
importance of indicators, usually. At the same time, 
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the evaluation result is no longer a statistical index. It 
has a specific meaning, and the objects are sorted by 
this "comprehensive" factor. The important elements 
constructing the multiple factors evaluation show as 
following. 1) Evaluators: evaluators need to complete 
the purpose of evaluation, evaluation index is 
established, gives the choice of evaluation model and 
the weight coefficient. 2) The evaluated object: the 
evaluated object should determine the set of 
individuals need to be evaluated; 3) Evaluation index: 
Evaluation index is a logic thinking process of 
“specific->abstract-> specific”. It is the process that 
people deepen, refine, perfect and systemize the 
phenomenon characteristic, gradually. 4) Weight 
coefficient: according to the importance of 
evaluation, gives the different weights. 5) 
Comprehensive evaluation model: refers to 
converting the multiple evaluation index value to a 
comprehensive evaluation value. Multiple factors 
evaluation provides an effective idea and method for 
people to solve complex problems of multiple factors 
and multiple variables. In fact, it has been widely 
used in various decision systems, because of the fast, 
accurate online decision-making ability. 

 

 

3. The Design and Realization of 
HEFS_VSMM 

 
3.1. HEFS_VSMM Algorithm Description 
 

Under the basic ideas of variable structure 
multiple model estimation, HEFS_VSMM method 
makes improvements in three aspects: 

1) The multiple factors fuzzy comprehensive 
evaluation technique is introduced into the MSA 
strategy of HEFS_VSMM to accomplish the choice 
of model set in real-time. This method changes the 
situation that uses one parameter – acceleration to 
select the model set online. It uses multiple 

parameters such as position, velocity and 
acceleration, at the same time, converts these indexes 
into a comprehensive index to evaluate each model. 
This change improves the model set accuracy, 
reduces the computation of online decision, and 
speeds up the evaluation process.  

2) Designing reasonable structure of the model 
and the model set, HEFS_VSMM divides parameters 
into fixed parameters and real-time parameters. These 
parameters will provide support to the online choice 
of model set. 

3) The algorithm flow is optimized, and the 
station of system model set is defined as discrete 
status, validation status and steady status. The 
algorithm can select different process flow according 
to the model set attributes. Then, the number of calls 
for MSA strategy is reduced, the algorithm logic 
structure is simplified, the algorithm operation cycle 
is shorted and the efficiency of the algorithm is 
improved. 
 
 
3.2. The Design of Model Set 
 

We assume that the acceleration maneuvering 
targets will be got by quantizing the acceleration 
space, as formula (3). The jump among the different 
acceleration is determined by Markov transfer matrix. 

 
 

max{( , ) :| | | | }c
x y x ya a a a a  A  (3) 

 
Comparative methods of FSMM and EMA based 

on the model set as shown in Fig. 1. The probability 
belonging to FSMM and EMA models is initialized 
as EMA FSMM 1 13{ ... 1 /13}u u    P P . Fig. 1(c) 

represents the total model collection of 
HEFS_VSMM, at the beginning of the simulation, 
this model set is initialized as 1 2 3 4 5{ , , , , }m m m m m , 

and the probability is HEFS 1 5{ ... 1 / 5}u u   P . 

 

 

 
 

Fig. 1. The Design of model set in FSMM, EMA, HEFS. 
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3.3. The MSA Strategy of HEFS_VSMM 
 

HEFS_VSMM introduces the multi-factor fuzzy 
evaluation technique into the model set adaptive 
strategy. VSMM of past use one single parameter – 
acceleration to be the criteria of model selection, but 
HEFS_VSMM uses multiple indicators and converts 
them into a comprehensive index to guide the 
evaluation of each model. The overall information 
processing process of the MSA based on the multi-
factor fuzzy comprehensive evaluation technology is 
shown in Fig. 2. 

Step1. Determination of the fuzzy factor set:  
To extract the important factors of each model 

that join in the state estimation, and these factors 
must are closely related to the state estimation. Then 
we can establish the corresponding fuzzy factors 
set 1{ ,..., }nu uU . These factors will be the main 

basis for model selection in MSA, at the same time, 
the number of factors should be as concise as 
possible, in order to ensure the efficiency of the 
algorithm. In designing the model we have talked that 
the model parameters in HEFS_VSMM include real-

time parameters, such as the estimation results 
{ , , }mi mi mipos vel acc  belonging to individual model at 

k moment and the intrinsic parameters, such as 
acceleration parameter chara

miacc  representing a single 

model characteristics. We select the Euclidean 
distance between estimation results 
{ , , }mi mi mipos vel acc  and the real mode of system at k 
moment, as well as the Euclidean distance of model 
intrinsic parameter chara

miacc  and the acceleration 

parameter of real system mode. Therefore, the fuzzy 
factor set consists of four elements 

1 2 3 4( , , , )u u u u  1 2( , , , )pos vel acc acc , and the 

calculation process is shown in formula (4). 
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Fig. 2. Information processing based on multi-factor fuzzy comprehensive evaluation technology. 

 

 
Step2. Determination of the fuzzy evaluation set:  
In the evaluation process, we are only interested 

in whether the model and the real system mode are 
approximate in the present moment. Therefore, from 
the practical point of view, we set that the evaluation 
set 1{ ,..., }nv vV has two grades, where 1v  

represents accuracy and 2v  represents inaccuracy. 

So, the 1{ ,..., }nv vV  is determined as 

{accuracy, not accuracy}V . To determine the fuzzy 

membership function, here we choose Gaussian 
membership function. The calculation formula 
judging whether a model is accuracy based on the 

thk  factor is showed as following (5):  

 

 2 2exp{ ( / )}, 1, 2,...k1 k k kr u k n     (5) 

When we evaluate a model according to one 
factor, there should be 1 2 1k kr r  , so 

 
 2 2

2 1 exp{ ( / )}, 1,..k k k kr u k n      (6) 
 
and the fuzzy judgment matrix is 2( )ks nr R . 

Step3. Determination of the fuzzy evaluation 
matrix: 

Distribute fuzzy weights to the factor set 
produced by Step1. The weight vector is 

1( ,..., )na aA , where, ka  is the weight value for the 

kth fuzzy factor ku , and 
1

1
n

k
k

a


 . Usually the choice 

of ka  is determined by the importance of the kth 

factor. When the fuzzy judgment matrix R and 
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weight matrix A is determined, the accuracy of 
arbitrary model working in model set arbitrary model 
can be determined by synthetic operation. The 
synthetic operation here is the general matrix 
operation in linear algebra. 
 

 

1

m

l k kl
k

b a r


   (7) 

 
Step4. The Determination of Similarity: 
In order to study the similarity between the model 

i  and the real system mode s  during the maneuver 
target tracking process, deeply. The compactness 
between model i  and the real system mode s  is 
defined as ( )i jg k . 

 
 

1 1 2( ) ( ) / ( ( ) ( ))i j ij ij ijg k b k b k b k  , (8) 
 
where the codomain of ( )i jg k  is [0,1] . If 

( ) 1i jg k  , the similarity between the model i  and 

the real system mode s  will be higher, in other 
words, the accuracy of model i will be higher. If 

( ) 0i jg k  , the similarity between the model i  and 

the real system mode s  will be lower. When select 
the best model, we can active the models which 
adjacent to the best model according to the transition 
probability matrix. Now, we have got the model set 
for the next moment, and the new model set will  
be initialized. 
 
 

3.4. The Rules for Status Switching 
 

In HEFS_VSMM, the status of model set is 
divided into three types: 1) the discrete status; 2) the 
validation status; 3) the steady status. In the running 
process, the status of model set will switch among the 
three status based on the state estimation results. The 
status transition is showed in Fig. 3. 
 
 

 
 

Fig. 3. The figure of status switching. 
 
 

The rules for model set status transition showed in 
Fig. 3 are summarized as following: 
1) At the beginning of the simulation, the status of 

model set is initialized of “discrete status”. That is 
to say, at this time, the system has no available 
model set to be recommended and no steady 

model set, then the choice of model set online will 
need the further parameter estimation results. 

2) Using MSA strategy to choose the model set and 
record the regional center of it. If the regional 
center maintains two cycles, we will change the 
model set status from the "discrete status" to 
"validation status", at the same time, counter 
begins to count. 

3) When the regional center maintains five cycle and 
not changes, in other words, the value of counter 
is five, we will change the model set status from 
the "validation status" to "steady status", and the 
counter is initiated by the value of effective time. 
Then turn to 5). 

4) If the regional center of the model set does not 
keep five cycle and jumps, the status of model set 
will be changed from "validation status" to 
"discrete status", and the counter will be cleared. 
Then turn to 2). 

5) Determine whether the effective time reaches. If 
the effective time runs out, the status of the model 
set will be switched from “steady status” to 
"discrete status", and the counter will be reset. 
Then turn to 2). 

 
 
3.5. The Algorithm flow of HEFS_VSMM 
 

The algorithm flow of HEFS_VSMM is shown  
as following. 
1) At the beginning, the total model set M0 and all 

of the parameters of the HEFS_VSMM will  
be initialized. 

2) Run one cycle of MMSE [M0] to get the 
estimation results { , , , , , }x x x y y ypos vel acc pos vel acc  

for each model, and fuse these estimation 
parameters to be the final estimation results. 

3) Determine the simulation is finished or not, if the 
simulation ends jump to 10), or to 4). 

4) Judging the current model set state. If the state is 
"steady", the algorithm will continue 5), 
otherwise, turns to 6). 

5) If the "steady status" is valid, the counter wills 
minus 1 and jump to 2), otherwise, the situation 
will be switched to "discrete status". The counter 
will be zeros and jump to 2). 

6) Calculate the Euclidean distance between each 
model and real system mode, and set up the fuzzy 
factor set. 

7) Select fuzzy membership function, and calculate 
the single factor fuzzy evaluation matrix. 

8) Get the multiple factors fuzzy relation matrix 
using weight matrix and synthetic calculation. 

9) Calculate the similarity of each model, and select 
the best model and set up the best model set based 
on the similarity. Then record the center of the 
new model set, and initialize the new model set. 

10) Judge the center of the model set is changed or 
not, if the center is not changed, we should know 
whether the model set state is “discrete status”. If 
the state is “discrete status”, the state should be 
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changed to “validate status”. If the state is already 
“validate status”, the counter should pluses one, 
and continues 11). If the center is changed, the 
algorithm will turn to 12). 

11) If the value of the counter is bigger than five, the 
model set state will be turned to “steady status” 
and the counter will be set the time of valid. 
Otherwise, the algorithm will turn to 2). 

12) If the model set state is “validation status”, we 
will change it to “discrete status”. At the same 
time, if the model set state is “discrete status”, we 
will turn to 2). 

 
 
4. The Simulation 
 
4.1. The Design of Simulation Scenario 
 

In the simulation, we choose the contrastive 
algorithms are traditional FSMM and the typical 
algorithm of variable structure multiple model 
method—EMA. The state equation and measurement 
equation are showed as formula (9). The public 
parameters are set as following: sampling period 

0.02st  , simulation time 20sT  , the initial state 
vector is 0 {0,50,0;0,50,0}X , the transition 

probability from model im  to model jm  is defined as 

(10), and the model set at the thk  time is like (11) 

which is composed of R acceleration vectors ia .  
 

 
1 1, 1

1 1 1 2, 1

i i i i
k k k k k

i i
k k k k

 

   

   
  

X F X G a w

z H X w

 


 (9) 

 
 

1( | ); , 1,...,j i
ij k km a m a i j R    P  (10) 

 
 { }, 1,...,a i

k a i R M  (11) 
 

where kX and kZ  are the state vector and the 

observation vector showed as (12~13), G , F and 
H are the input matrix, state transition matrix and 
observation matrix as formula (14~16). The process 
noise 1,

i
kw and observation noise 2,

i
kw  are mutually 

independent zero-mean Gauss White noise, and the 
variance are 0.05k Q  and 3.5k R  shown as 

formula (17). 
 

 T
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Here we design two simulation scenes – DS1 and 

DS2, the specific parameters is shown in table I, and 
the vectors in the table represent the acceleration on 
X, Y axis direction in different time. The scenario 
DS1 assumes that the actual acceleration of maneuver 
target jumps only between adjacent nodes in the 
figure, which means that the target makes routine 
maneuver motion. At the same time, the scenario 
DS1 assumes that the actual acceleration of maneuver 
target can jump from any acceleration node to 
another one in the Fig. 1, which means that the target 
makes strong maneuver motion.  
 
 

Table 1. The acceleration under the two scenarios. 
 

Acc [ax, ay]  (m/s2) 
Scene 0~4s 4~10s 10~14s 14~20s 

DS1 [10,20] [50,60] [20,10] [-20,-40] 

DS2 [300,200] [-100,-150] [200,300] [-300,-150] 

 
 
4.2. The Analysis of Simulation Results 
 

Monte Carlo simulation for 50 times, the 
simulation results are shown in Fig. 5-8. Fig. 5 
describes the relationship between standard deviation 
of estimate errors are expressed as “Posx-std”, “Velx-
std”, “Accx-std” belonging to each parameter and 
simulation step length. Fig. 6 describes the 
relationship between the average error of model set 
and simulation step length. Fig. 7 describes the 
relationship between the average cycles of algorithms 
and the simulation step length. And all the results are 
in DS1. 

Table 2 statistic the standard deviation value of 
the estimation error belonging to position, velocity 
and HEFS_VSMM in the scenario DS1 and DS2.   

The statistical results prove once again, 
HEFS_VSMM has more accurate and more stable 
tracking results compared with FSMM and EMA 
either in strong or weak maneuvering environment. 
Table 3 statistics some performance parameters of 
FSMM, EMA and HEFS_VSMM in different 
scenario, the parameters include: the algorithm cycle, 
the average model number and the mean of model-
error. This statistical result proves that the MSA 



Sensors & Transducers, Vol. 163 , Issue 1, January 2014, pp. 44-52 

 50

strategy in HEFS_VSMM is more effective. The 
cycle of HEFS_VSMM is smaller than FSMM and 

EMA. Thus HEFS_VSMM improves the accuracy 
and the efficiency of the algorithm. 

 
 

 
 

Fig. 5. The estimation result of velocity. 
 
 
 

 
 

Fig. 6. The error standard of position, velocity and acceleration. 
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Fig. 7. The Error of Model set in Algorithm. 

 
 
 

 

 
Fig. 8. The Mean of Time in Algorithm. 
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Table 2. The standard estimation of estimation error for FSMM, EMA and HEFS. 
 

Scene 
xstd/m vx, std/m·s-1 ax, std/m·s-2 

FSMM EMA HEFS FSMM EMA HEFS FSMM EMA HEFS 

DS1 2.233 2.277 2.166 36.136 39.729 31.799 332.193 421.834 259.078 

DS2 2.725 2.786 2.612 38.509 42.551 33.224 315.051 404.591 236.083 

Scene 
ystd/m vy, std/m·s-1 ay, std/m·s-2 

FSMM EMA HEFS FSMM EMA HEFS FSMM EMA HEFS 

DS1 2.314 2.322 2.161 36.369 40.009 32.101 326.723 431.932 270.003 

DS2 2.856 2.861 2.680 38.751 42.731 33.673 318.035 414.371 241.324 

 
 

Table 3. The comparation of parameters in FSMM, EMA and HEFS. 
 

Parameters 
DS1  DS2  

FSMM EMA HEFS FSMM EMA HEFS 

Mean of cycle /s 0.002598 0.003955 0.001287 0.002589 0.003924 0.001230 

Model number 13 14 5.994 13 14 5.997 

Error mean of model set /m/s2 175.114 175.041 75.600 251.128 251.053 219.700 

5. Conclusions 
 

In this paper, under the guidance of the variable 
structure multiple model approach, MSA strategy 
imports multi-factor fuzzy comprehensive evaluation 
technology. This approach changes the model 
selection mechanism. It takes advantage of multiple 
indicators and turns these factors into a 
comprehensive index evaluation of each model, in 
order to increase the accuracy of the model set. At the 
same time, according to the tracking results, 
HEFS_VSMM can use models attributes to guide 
algorithm flow, simplify the algorithm complexity. 
The simulation results show that HEFS_VSMM with 
its optimized MSA strategy, improves the model 
accuracy, and increases the performance of 
algorithm. The accuracy of position, velocity and 
acceleration is obviously better than FSMM and 
EMA. Another important improvement in 
HEFS_VSMM is the number of model which is 
reduced and the flow is optimized, so HEFS_VSMM 
is superior to FSMM and EMA. In a word, 
HEFS_VSMM lays a better foundation for VSMM to 
be installed on the actual equipment and be applied in 
actual maneuvering target tracking. 
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