
1 

 

STOCHASTIC HYBRID SYSTEMS 

ESTIMATION AND CONTROL TECHNIQUES 
  

PhD Synopsis  

A Synopsis submitted in fulfillment of the requirement for the degree of Philosophy of Doctor To   

GUJARAT TECHNOLOGICAL UNIVERSITY  

In  
  

ELECTRONICS AND COMMUNICATION ENGINEERING  
  

By  
  

ROBINSON PRAVINCHANDRA PAUL 

  

149997111009 

  
under the supervision of  

   Dr Vishvjit K. Thakar 

  Dr Hetal Patel 
   

  
  

  

  

GUJARAT TECHNOLOGICAL UNIVERSITY  



2 

 

Index  

  

1  Abstract ..................................................................................................................................... 3 

2  Brief description on the state-of-the-art of the research topic ..................................................... 4 

3  Definition of the problem........................................................................................................... 5 

4  Objective and scope of work ...................................................................................................... 5 

5  Original contribution by the thesis ............................................................................................ 6 

6       Methodology of research, results/comparisons ......................................................................... 7 

6.1  State Estimation with Data Loss Detection Kalman Filter Algorithm (DLDKF) .................. 7 

  6.1.1 Numerical Example and Simulation results ...................................................................... 9 

6.2    State Estimation with Event-Triggered RRPF and RSPF Algorithms ............................... 11 

  6.2.1 Numerical Example and Simulation results .................................................................... 13 

7  Achievements with respect to objectives .................................................................................. 16 

8 Conclusion .............................................................................................................................. 16 

9 Publication .............................................................................................................................. 17 

10 References ............................................................................................................................... 18 

 

  

  



3 

 

 1  Abstract  

In this work state estimation techniques of linear and non-linear Stochastic Hybrid System 

(SHS)[1] with missing measurements / data loss is proposed. The state estimation issue for the 

Stochastic Hybrid System (SHS) which has different applications, for example, communication 

systems [2], flying vehicle dynamics control [3], stock costs [4], target tracking [5] and so forth. 

Dominant works are done till now on SHS have concentered their work on deterministic models 

[6] which totally depict the quality of the framework without taking consideration any 

vulnerability. In actuality, a few degrees of vulnerabilities are required to be considered in the 

system model. Due to the vulnerability like data loss / missing measurement and delay, state 

estimation of the system will be influenced. To deal with such sort of circumstance, the researcher 

has broadened their investigation to incorporate probabilistic behaviour of the system with state 

transition [7] for different system modes. For instance, in the flying object case [8], the dynamics 

of the flying object can be represented as a hybrid system, as both discrete changes between flight 

modes and the physical dynamics for nonstop movement relating to a particular flight mode. The 

SHS issue can be broadly classified in the area of linear systems and non-linear system.  For 

effective state estimation of SHS, it is important to gauge both the discrete state and continuous 

state utilizing state estimations, which prompts the SHS state estimation problem. Several SHS 

estimation algorithms have been developed based on Kalman and Particle filter [9][10][11]. The 

majority of the works are concentrating on the single-mode framework. Subsequently, the state 

estimation for SHS depend on occasion set off different modes is considered. Although numerous 

designs have been created for occasion activated multi-model, they are not achievable to be applied 

in stochastic crossover frameworks viably on the grounds that the combination will require a 

worldwide model. Additionally, on the off chance where estimations are not precise, which allude 

as data loss or missing estimation, State estimation issue turns out to be progressively 

unpredictable.  

In our exploration, state estimation of linear and nonlinear SHS are considered. The 

proposed DLDKF (Data Loss Detection Kalman Filter) with and without chi-square statics [12] 

for linear SHS and RRPF (Reallocation Resample Particle filter) and RSPF (Systematic Resample 

Particle Filter) for Non-linear SHS exhibits better performance than known methods under data 

loss/missing measurements scenario. 
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2  Brief description on the state-of-the-art of the research topic  

Stochastic Hybrid System (SHS) frameworks [13] establish the relation between continuous 

events, discrete events and probabilistic uncertainty for effective state estimation. The state estimation 

based SHS framework is helpful in numerous applications in the field of science , Chemistry [14], 

aeronautical designing [15], stock costs [16] and so forth. On account of their adaptability, Stochastic 

Hybrid System (SHS) frameworks have risen as an amazing structure for catching the complexities of 

complex frameworks. Persuaded by this, impressive research exertion has been dedicated to the 

improvement of SHS modelling, estimation and control strategies for Stochastic Hybrid System (SHS) 

[13]. Stochastic Hybrid System (SHS) offers a perfect framework for catching the complexities and 

unpredictable in enormous applications [17]. But the state estimation of Stochastic Hybrid System 

offers significant challenges because of the complex dynamical properties of the Stochastic Hybrid 

System. A large percentage of former research in the state estimation problem is restricted to discrete-

time. For instance, some SHSs have the basic discrete dynamics which can be viewed as unsettling 

influences to the continuous elements. The Luenberger observer [18] for such SHSs can be intended 

for state estimation, which predicts just the continuous condition of the SHS. For another category of 

the Stochastic Hybrid System named the Markov Jump Linear System [19], whose continuous 

dynamics is driven by a  discrete state advances and  governed by a Markov Chain  [20]. This cross 

breed state estimation issue can be understood by calculations dependent on a bank of Kalman Filters 

(KF) for linear system. The Interacting-Multiple-Model  algorithm [21][22] and its different version 

[23] [24] [25]  are used for systems having more than one state of transition . Additionally, the SHS 

state estimation issue can be tackled using the moving horizon estimation algorithm [26]. For the SHS 

with the nonlinear continuous and discrete dynamics, Particle Filter based methodologies [27][28] are 

utilized .There are various versions of Particle Filter [29][30]  also existed based on the application. 

The State estimation method of the above framework examined above isn't valuable for all the state 

estimation problem especially with the lossy measurements. State estimation methods like Adaptive 

Multiple Model Unscented Kalman Filter [29], Interactive Multiple Model Kalman Filter [31] , 

Interactive Multiple Model Extended and Unscented Kalman filter [32] give great state estimation at 

the expense of higher request of mathematical computation power which will not be available for all 

the application .  
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So, the development of methods for the state estimation of SHS frameworks by maintaining a 

distance from the higher request of computation power contrast to the standard methods with 

consideration of vulnerability like lossy measurement / data loss is needed. 

 

3  Definition of the problem  

 

The research focuses on the design of effective state estimation methods for the linear and non-

linear system with Stochastic Hybrid Systems (SHS) framework with consideration of lossy 

measurement. Based on the known information, the majority state estimation work on Stochastic 

Hybrid System (SHS) framework focuses on the linear discrete-time system without consideration of 

data loss. In real-world, all the systems have the behaviour of the continuous-time system. There are 

few works known which discuss state estimation problem for the continuous linear system with SHS 

framework like [33][34][35]. Because of the continuous dynamics of the system, the computation 

burden on the system is more compare to the discrete-time system which needs to be handled for 

effective state estimation. Also, it is observed that there is less exploration of non-linear system state 

estimation with SHS framework considering data loss / lossy measurement due to the high complexity 

and computational time. So effective methods need to be developed in this domain which provides 

good results compared the known methods in terms of state estimation and computation time.  

 

4  Objective and scope of work  

  

The objective behind this work is to investigate potential algorithms useful for the state 

estimation of Stochastic Hybrid System (SHS). The analysis focuses on the lossy measurement 

scenario for SHS framework. The performance of the proposed algorithms is investigated and 

compared with the current well-known algorithms used for the SHS model. The important scope of 

the work are as follows; 

• Explore the tools and methods useful for Stochastic Hybrid System framework 

• Simulation of Stochastic Hybrid System framework for state estimation. 

• Study existing state estimation techniques for linear and non-linear SHS framework.  

• Implementation of effective state estimation algorithm for linear Stochastic Hybrid System and 

analyse the performance with the standard methods.  
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• Investigate the performance of existing state estimation algorithm for non-linear Stochastic 

Hybrid System and improve its performance. 

• Compare the performance of the proposed algorithm with existing Kalman and Particle filter-

based algorithms for linear and non-linear Stochastic Hybrid System considering lossy 

measurement. 

 

5  Original contribution by the thesis  

 

Useful algorithms for linear and non-linear SHS is proposed for effective state estimation of 

the system under the influence of data loss/measurement loss. Data Loss Detection (DLD) and chi-

square statistics based algorithms are applied to Linear SHS for accurate state estimation with 

considering measurement loss. Particle Filter based algorithms Reallocation Resample Particle Filter 

(RRPF) [36] and Systematic Resample Particle Filter(RSPF) are used for the non-linear SHS. 

Specifically, the first commitments for this thesis are summed up as: 

• Data Loss Detection Kalman Filter (DLDKF) algorithm is proposed for state estimation of  

linear SHS model with consideration of random measurement loss throughout the state path.   

• Performance of the above algorithm is improved with Chi-Square Statistics in case of low  

process noise. 

• Performance of the proposed algorithms is analyzed and compared with Non-smooth, Smooth  

and standard Kalman filter.  

• Two state estimation algorithms, Reallocation Resample Particle Filter (RRPF) and  

Systematic Resample Particle Filter (SRPF) for non-linear SHS are presented based on the  

particle filter with different resampling methods.  

• The efficiency of the RRPF and SRPF algorithms is compared with standard algorithms like  

Sampling-importance Resampling Particle Filter (SIR-PF), Regularized Auxiliary Particle 

Filter (RAPF-J. Liu2011) and Mutated Particle Filter (MPF -De Z. Li2014). 
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6     Methodology of research, results/comparisons 

 

Subsection 6.1 explains the framework of the two methods for the linear system model excited by the 

random inputs and subsection 6.2 discuss the remaining two methods for a non-linear SHS system 

having multiple modes of transition and effected by missing measurements. 

 

6.1     State Estimation with Data Loss Detection Kalman Filter Algorithm (DLDKF) 

 

The research focuses on the design of effective state estimation method for the linear SHS named 

Date Loss Detection estimation algorithm (DLDKF) based on the Kalman filter. A discrete-time 

linear system defines a difference equation with white Gaussian noise and continuous-time linear 

system by differential equation. The discrete-time linear system equation representation is, 

 𝑥(𝑘 + 1) = 𝐹. 𝑥(𝑘) + 𝐺. 𝑢(𝑘) + 𝑣(𝑘) (1) 

Here 𝑥(𝑘) is a dimensional vector , 𝑢(𝑘) is dimensional known input and 𝑣(𝑘) is zero-mean 

gaussian system noise with the expected value ,  

 𝐸[𝑣𝑖(𝑘)
𝑇𝑣𝑖(𝑘)] =  𝑄(𝑘) (2) 

The system state measurement equation, 

 𝑧(𝑘) = 𝐻(𝑘). 𝑥(𝑘) +  𝑤(𝑘) (3) 

Here , 𝑤(𝑘) is Gaussian measurement noise with the expected value , 

 𝐸[𝑤𝑖(𝑘)
𝑇𝑤𝑖(𝑘)] =  𝑅(𝑘) (4) 

It is anticipated that time-varying  matrices 𝐹 , 𝐺 , 𝐻 , 𝑄 and 𝑅 are well-known. In that case, the system 

can be time-varying and noises non-stationary. The initial state 𝑥(0) is modelled as a random variable. 

The initial state is Gaussian distributed with known mean and covariance. It is assumed that the two 

noise sequences 𝑣(𝑘)and 𝑤(𝑘) with the initial state 𝑥(0) are mutually independent. The estimate 

algorithm begins with an initial estimate x̂(0|0) of x(0) and associated initial covariance P(0|0). The 

dynamics estimation algorithm the Kalman Filter maps the estimate 

 �̂�(𝑘|𝑘) ≜  𝐸[𝑥(𝑘) | 𝑍𝑘] (5) 

It is the conditional mean of the state. The associated covariance matrix is defined as, 
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𝑃(𝑘 | 𝑘) = 𝐸[[𝑥(𝑘) − �̂�(𝑘|𝑘) ][𝑥(𝑘) − �̂�(𝑘|𝑘)]𝑇  |  𝑍𝑘 ] (6) 

Into the corresponding variables at the next stage, namely �̂�(𝑘 + 1 | 𝑘 + 1 ) and 𝑃(𝑘 + 1 | 𝑘 + 1). 

The posterior covariance of the state 𝑥(𝑘 + 1) the updated state covariance is  , 

𝑃𝑥𝑥|𝑧 →  𝑃(𝑘 + 1 ) ≜ 𝑃(𝑘 + 1 | 𝑘 + 1) 

       = 𝑐𝑜𝑣[𝑥(𝑘 + 1) | 𝑍𝑘+1] 

       = 𝑐𝑜𝑣[�̂�(𝑘 + 1 | 𝑘 + 1) |  𝑍𝑘+1] 

Finally, the updated covariance for the filter gain 𝑊 of the state at 𝑘 + 1 is given by 

 𝑃(𝑘 + 1 | 𝑘 + 1 ) = [𝐼 − 𝑊(𝑘 + 1).𝐻(𝑘 + 1)].𝑃(𝑘 + 1 |𝑘) (7) 

Above equation is used for the implementation of the proposed algorithms Data loss detection Kalman 

Filter (DLDKF) with and without Chi-square statistics. Below block diagram shows the flow of the 

DLDKF algorithm divided into prediction and measurement update. In the case of the faulty state 

which leads to the noisy state covariance matrix degrades the performance next state prediction.  

 

 
 

State estimation for a single cycle of DLDKF algorithm 
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The proposed Data loss detection algorithm detects the noisy state measurement and assigns the 

appropriate state covariance updated to the state at k+1 based on the specific threshold ‘λth’ to avoid 

the recursive error expansion in the system due to the noise.  

In case of low process/system noise above Data Loss Detection algorithm can be implemented 

with Chi-square statistics as shown in below block diagram, which provides better detection of the 

lossy measurement which eventually improve the accuracy of the state estimation. 

 

 

State estimation for a single cycle of CS-DLDKF algorithm 

 

 

6.1.1 Numerical Example and Simulation results 

 

The  performance of the proposed estimation algorithm (DLDKF) with standard Kalman Filter (KF) 

[37] and Average Smoothed Filter (ASF) is investigated . The continuous-time dynamics system [38] 

is used with state-dependent transitions to model the aerial vehicle to observe the performance of the 

algorithms. This efficient state estimation result will help us to implement the effective estimation 
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algorithm for multiple modes hybrid system under the noisy state measurement scenario. The 

continuous dynamics of the stochastic system is given by 

 𝑥𝑘+1 =  [
1 𝑇
0 1

] . 𝑥𝑘 + [
𝑇2

2⁄

𝑇
] . 𝑎 + 𝑤𝑘  (8) 

which is known as state prediction and the measurement prediction is given by   

 

For Mode 1  : 𝑧𝑘 =  𝛼1. 𝐶𝑘𝑥𝑘 + 𝑣𝑘  

For Mode 2  : 𝑧𝑘 =  𝛼2. 𝐶𝑘𝑥𝑘 + 𝑣𝑘  

 (9) 

Where xt =  [
p
v
]  ; p = position, v = velocity and ut = accelaration = a , Process noise 𝑤𝑘  

and measurement of noise 𝑣𝑘  in the above system is a zero-mean white sequence and mutually 

independent. 

For the above system, described in eq. (8) and eq. (9) with the discrete transition from the lossy state 

to lossless state are simulated to observe the performance of the proposed algorithm for different % 

loss. Below listed parameters are used for the system simulation.  

Table I Simulation parameter used for the linear SHS model for DLDKF and CS-DLDKF methods 

Parameter Value Parameter Value 

samples 100 Measurement noise (𝑣𝑘) 10 

Control input (a) 1.5 Process noise (𝑤𝑘) 1 

Initial state [positon;velocity] [10;10] Monte Carlo Simulation 100 

% Missing measurement 10,15,20,30,35,40,50 % confidence for 𝜒2
𝑘
  

Degree of Freedom 

95 % 

100 

 

Table I shows that in all the result the proposed method gives good state estimation result 

compared to the standard Kalman filter in the random lossy measurement environment. As shown in 

Table I, the Chi-square test based proposed method gives better result while increasing the loss but 

limited to only for small process noise. For higher process noise proposed DLDKF method without 

the chi-square test perform well.   
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Table I Average Root Mean Square Error with 100 Monte Carlo Simulation for CS-DLDKF 

% Data 

Loss 

Smooth Predicted 

Filter 

Standard 

 KF 

Proposed 

DLDKF 

Proposed CS-

DLDKF 

10 12.60 5.74 4.98 2.34 

15 12.25 5.50 4.79 2.31 

20 13.53 6.30 5.02 2.37 

30 14.13 6.94 5.52 2.69 

35 18.61 11.86 9.52 2.44 

40 26.07 16.85 14.34 2.34 

50 44.22 25.43 21.56 2.36 

Average 20.20 11.23 9.39 2.41 

 

 

6.2    State Estimation with Event-Triggered RRPF and SRPF Algorithms 

 

A nonlinear stochastic system needs to be estimated by the non-linear filter. In which Particle filter is 

one of the solutions. In the case of ‘n’ system models (where n>=2) proposed filter detects system 

model based on the guard condition. The transition between the modes of the system is categorized by 

the guard condition. In order to evaluate the non-linear stochastic hybrid system, the state-space model 

is represented by the below equation. 

 𝐻: {

xt+1 = Am. xt + vt
 

yt = 𝑚 . xt + et
.

 

 

(10) 

Here, xt is the System state at time step ‘t’. Am represent the matrices of mi mode (i ϵ N, i > 0). Process 

noise vt  and measurement of noise  et are zero-mean white Gaussian noise with variance 1. yt is the 

measurement at time step t. Here we assume that zero-mean Gaussian state and measurement noise are 

independent. The mathematical model of guard condition  is represented based on Fig. 2. m is the 

event detection coefficient define as,  

 
m : {

 1 = 0    for  xt+1 ∈ M1  M2
 2 = 1     for  xt+1 ∉ M1  M2

 
(11) 

The mode 1 and mode 2 region have spherical boundaries as shown in Fig. 2 and noted as M1 and M2 

and define by 
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 𝑀𝑖(xt) =  ‖xt − ci ‖ < ri     (12) 

For spherical boundaries, we have considered a center  ci  and radius  ri where i ϵ N , i > 0. In a practical 

scenario, these regions can be of any shape and/or any place with a known parameter. If we consider 

the 2D dimension of time and position, we can detect the presence of the state estimate position. As 

per the defined environment if state estimate xt+1  fall under this mode 1 and mode 2 region we can 

event triggered the detection of this event update the next state estimate with necessary measurement. 

Event detection can be done based on the below equation of 𝑑, 

𝑑: 

{
 

 d1 = √(𝑓𝑥〈𝑐1〉 − 𝑓𝑥〈xt〉.)2 − (𝑓𝑦〈𝑐1〉 − 𝑓𝑦〈xt〉.)
2
 

d2 = √(𝑓𝑥〈𝑐2〉 − 𝑓𝑥〈xt〉.)
2 − (𝑓𝑦〈𝑐2〉 − 𝑓𝑦〈xt〉.)

2
 

 

       

(13) 

Here 𝑑 is defined by the Euclidian distance of the region shown in figure 1 of mode 1 and mode 2 with 

respect to the current position of the state estimate. 𝑓𝑥  and 𝑓𝑦  are the function that gives the value for 

the corresponding x-axis and y-axis of the M1, M2 and present state.  As per Fig. 1, a non-linear 

stochastic hybrid system in which the state needs to predicted in all the different regions is shown. 

Here we can visualize Mode 1, Mode 2, known as missing measurement regions. 

 

Fig.  2  Multiple model non-linear target tracking scenario 

The state-space model of the system changes based on the value of m , as discussed earlier. 

This makes the non-linear state estimation problem more complex as in this scenario we need to 

calculate the system state before applying the filtering algorithm. Thus the event-triggered based 

filtering algorithm needs to develop for the accurate state estimation. We assume that both the mode 1 

and mode 2 have circular geometry regions with center c1 and c2 having radius r1 and r2 respectively. 

We also assume that before the system state prediction, we know the dimension of the region M1 and 

M2. Based on the eq. (3) , we  to the value of d1 and d2. We can divide event detection condition in 

two cases which decide in which mode the system is present. 
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                      Case 1:    d1 < r1  or  d2 < r2  then xt+1 ∈ M1  M2 

Case 2:    d1 > r1  and  d2 > r2  then xt+1 ∉ M1  M2 

(14) 

Here, Normal mode means the state position is neither in mode 1 region nor in mode 2 region which 

has considered as missing measurement regions. 

 

 

 

 

 

 

 

Fig. 3 State-based event-triggered mode transition 

Fig. 3 represents the state transition of the non-linear stochastic hybrid system based (11) and (14).  

Considering the Target tracking non-linear state estimation problem, Position and time become the 2D 

dimension for the state estimation problem. At each iteration, the distance of the present state is 

calculated. Based on that we can detect the mode transition and do the necessary adaptation in the 

measurement model to accurately estimate the state. General particle filter will not be able to perform 

the task accurately as it can’t detect the mode transition. So general particle filter can’t perform 

effectively in this scenario. The proposed event-triggered particle filter based on Reallocation 

Resample Particle Filter (RRPF) and Systematic Resample Particle Filter (RSPF) will detect the mode 

transition with missing measurements and with effective resampling methods provides better accuracy 

of state estimation compared the standard methods. 

 

6.2.1 Numerical Example and Simulation results 

 

For the performance evaluation of the proposed algorithm, target tracking example based on eq. (15) 

is considered. In this simulation results, we have assumed that the target is moving in dual-mode named 

as mode 0 and mode 1. Mode 0 is considered as normal mode while mode 1 is considered as a mode 

with missing measurements. Table II shows the simulation parameter used for the non-linear 

benchmark model as shown in Eq. (15) to evaluate the performance of the proposed algorithm.  

xt ∈ M1  M2   

 

1 = 1 1

= 0 

Initialization 

‖xt − c1 ‖ ≤ 𝑟1   ‖xt − c2 ‖ ≤ 𝑟2 

 

‖xt − c1 ‖ > 𝑟1   ‖xt − c2 ‖ > 𝑟1 

 xt ∉ M1  M2   
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𝐻: 

{
 
 

 
 𝑥𝑡+1 =  

1

2
𝑥𝑡 + 25.

𝑥𝑡
1 + 𝑥𝑡

2 + 8. cos(1.2 (𝑡 − 1)) + 𝑣𝑡
 

𝑦𝑘 = m.
1

20
xt
2 + 𝑒𝑡

.

 

 

 

(15) 

Where m is represented in eq. (11) based on the value of d1 and d2. 

 

TABLE II Simulation parameter for calculation of average Root Mean Square Error 

 

Parameter Value Parameter Value 

samples 100 Measurement noise (𝑣𝑘) 1 

Initial variance 42.3 Process noise (𝑤𝑘) 1,4,10 

Initial state [positon] [0.10] Monte Carlo Simulation 100 

No. of Particles for RRPF,SRPF 25 ,  Particles for compared methods 50 

 
 

TABLE III Performance of the proposed RRPF in term of % improvement in RMSE [35][36] 

 

Number  

of  

Particles used 

50 50 50 25 25 25 

Process noise SIRPF RAPF MPF 

% Impro. 

of RRPF vs 

SIRPF  

% Impro. 

of RRPF vs 

RAPF 

%Impro. 

of RRPF 

vs MPF  

1 4.3906 3.9788 3.6303 35.63 28.97 22.15 

4 4.7744 4.5208 4.1420 24.96 20.75 13.50 

10 6.0968 5.6914 4.9356 26.49 21.25 9.19 

 

 

Table III and IV summarizes the performance results of the proposed algorithm RRPF and RSPF with 

reference to SIRPF (Sampling Importance Resampling Particle Filter), RAPF (Regularized Auxiliary 

Particle Filter) and MPF (Mutated Particle Filter). In Table III and IV, ‘N’ represents the number of 

particles used for the state estimation. The proposed algorithm RRPF and RSPF use only N=25 

particles compared to 50 particles prosed in SIRPF, RAPF and MPF methods in [35]. Results show 

that the proposed method gives the least Average Root Mean Square error except for variance 10 for 

RRPF which can be improved by taking more particles. 
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TABLE IV Performance of the proposed SRPF in term of % improvement in RMSE [35] 

 

Number  

of  

Particles used 

50 50 50 25 25 25 

Process noise SIRPF RAPF MPF 

% Impro. 

of SRPF vs 

SIRPF  

% Impro. 

of SRPF vs 

RAPF 

%Impro. 

of SRPF 

vs MPF  

1 4.3906 3.9788 3.6303 38.40 32.03 25.50 

4 4.7744 4.5208 4.1420 26.79 22.69 15.62 

10 6.0968 5.6914 4.9356 27.84 22.70 10.86 

 

 

The larger the number of particles the better the approximation with more computation. The 

proposed algorithm use guard condition to change the state mode for accurate state estimation which 

is a new approach with particle filter for a hybrid system with multiple models based on our knowledge.  

 

Fig 4 Target Position based on the proposed method with respect to the actual position. 

Finally, the result summarizes in figure 4, It shows the estimated path for the non-linear system model 

for the time steps.  
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7  Achievements with respect to objectives  

 

 Guard condition-based Data Loss Detection Kalman Filter (DLDKF) is proposed for the 

effective state estimation of linear SHS with random lossy measurements. 

 Date Loss detection with Chi-square statistics based Kalman Filter is implemented for accurate 

state estimation of the system for low process noise scenario for linear SHS. 

 Reallocation Resample and Systematic Resample based RRPF and RSPF algorithms for non-

linear SHS is proposed for the state estimation under the lossy measurements. 

 The performance of the RRPF and RSPF algorithms with the lossy measurements in terms of 

RMSE (Root Mean Square Error) is better compared to the standard Particle Filters. 

 

8    Conclusion   

 

For linear Stochastic Hybrid System model, based on simulated results shown in below Table the 

proposed Data Loss Detection Kalman Filter method have average 9.39 Root Mean Square Error for 

state estimation in comparison of 20.20 and 11.23 Root Mean Square Error offered by the smooth 

predicted measurement and standard Kalman Filter for the various percentage of missing measurement 

scenario while Chi-Square statistics based Data Loss Detection method have an average 2.41 Root 

Mean Square Error. For non-linear Stochastic Hybrid System model, based on simulated results shown 

in below table the proposed  Reallocation Resample Particle Filter (RRPF) and Systematic Resample 

Particle Filter(SRPF) have the lowest root mean square error values for process noise 1 , 4 and 10 

compared to Sampling-importance Resampling Particle Filter (SIRPF), Regularized Auxiliary Particle 

Filter (RAPF)  and Mutated Particle Filter (MPF) by using only 25 particles for each state estimate in 

comparison by 50 used by the compared methods. 

The proposed techniques can be very useful in the field of linear and non-linear stochastic hybrid 

target tracking problems. 
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