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Abstract: The goal of this work is to provide an understanding of estimation technology for both linear and nonlinear dynamical systems. A critical analysis of both the Kalman filter (KF) and the extended Kalman filter (EKF) will be provided, along with examples to illustrate some important issues related to filtering convergence due to system modeling. A conceptual explanation of the topic with illustrative examples provided in the paper can help the readers capture the essential principles and avoid making mistakes while implementing the algorithms. Adding fictitious process noise to the system model assumed by the filter designers for convergence assurance is being investigated. A comparison of estimation accuracy with linear and nonlinear measurements is made. Parameter identification by the state estimation method through the augmentation of the state vector is also discussed. The intended readers of this article may include researchers, working engineers, or engineering students. This article can serve as a better understanding of the topic as well as a further connection to probability, stochastic process, and system theory. The lesson learned enables the readers to interpret the theory and algorithms appropriately and precisely implement the computer codes that nicely match the estimation algorithms related to the mathematical equations. This is especially helpful for those readers with less experience or background in optimal estimation theory, as it provides a solid foundation for further study on the theory and applications of the topic.
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1  Introduction

Rudolf E. Kalman published his paper [1] describing a recursive solution to the discrete-data linear filtering problem, referred to as the Kalman filter (KF) [2–6], which is one of the most common optimal estimation techniques widely used today. Optimal estimation techniques have revolutionized state estimation for potential systems in mechanical, electrical, chemical, and medical applications. Most physical processes have been developed and represented in the form of some mathematical system models, which are categorized as deterministic and stochastic models. Deterministic models are easy to describe and compute, but they may not provide sufficient information, and the need for stochastic models becomes essential. The estimation techniques typically make assumptions that the dynamic processes and measurements are modeled as linear, and the corresponding input noises are modeled as Gaussian. Unfortunately, there is a large class of potential systems that are non-linear, non-Gaussian, or both. One type of divergence or non-convergence problem may arise because of inaccurate modeling. Since perfect mathematical modeling is challenging, only dominant modes of the system are usually depicted in the model. When approximated by the mathematical models, many effects with uncertainties also degrade the estimation accuracy to some extent.

The Kalman filter is a collection of mathematical equations that provide an efficient computational (recursive) method for estimating the states of a process while minimizing the mean squared error. It provides a convenient framework for supporting estimations of past, present, and even future states. It can do so even when the precise nature of the modeled system is unknown. The KF is an optimal recursive data processing algorithm that combines all available measurement data plus prior knowledge about the design and measuring devices to produce an estimate of the desired variables in such a manner that the estimation error is minimized statistically. It processes all available measurements, regardless of their precision, to estimate the current value of the variables of interest. Besides, it does not require all previous data to be stored and reprocessed every time a new measurement is taken. While linear stochastic equations can well model many systems, most real-world applications are nonlinear at some level. As an extension of the KF for dealing with nonlinear problems, the extended Kalman filter (EKF) [4–6] design is based on the linearization of the system and measurement models using a first order Taylor series expansion. There are many types of nonlinearities to consider. If the degree of nonlinearity is relatively tiny, the EKF can provide acceptable results.

Due to advances in digital computing, the Kalman filter has been a valuable tool for various applications [7–9]. More recently, the approach has been applied to the work on machine learning and deep learning [10–12] to derive a time-varying estimate of the process [13]. However, this technique is sometimes not easily accessible to some readers from existing publications. The Kalman filter algorithm is one of the most common estimation techniques used today, yet engineers do not encounter it until they have begun their graduate or professional careers. While there are some excellent references detailing the derivation and theory behind the Kalman filter and extended Kalman filter, this article aims to take a more tutorial-based exposition [14–19] to present the topics from a practical perspective. A detailed description with examples of problems offers readers better exposition and understanding of this topic. The examples in this work provide a step-by-step illustration and explanation. Using supporting examples captures the interest of some readers unfamiliar with the issue. The lesson is expected to motivate them to develop and explore using the Kalman filter to estimate system states. After grasping the important issues offered in this paper, the goal is to point out some confusing phenomena and enable the readers to use this guide to develop their own Kalman filters suitable for specific applications.

Numerical simulation and stability are essential in engineering applications both theoretically and practically and have attracted the interest of many researchers. Recent developments in the field and their applications can be found [20–22]. The EKF is subject to linearization errors, resulting in incorrect state estimates and covariance estimates and leading to an unstable operation, known as filter divergence or non-convergence. Note that EKFs can be sensitive to this effect during periods of relatively high state uncertainty, such as initialization and start-up. The problems that result from poor initial estimates are not covered in this work. It may not be practical to expect working engineers to obtain a deep and thorough understanding of the stochastic theory behind Kalman filtering techniques. Still, it is reasonable to expect working engineers to be capable of using this computational tool for different applications. Proper interpretation and realization of the KF and EKF algorithms is necessary before conducting more complex systems using advanced filtering methodology.

The present investigation intends to extend the previous studies by developing a step-by-step procedure to build a solid foundation for the topic. Several vital issues related to the modeling and convergence of Kalman filtering implementation are emphasized with illustrative examples. The significant contributions in this article are documented as follows:

•   The basic requirements for system design are system stability and convergence. Furthermore, performance evaluation on filtering optimality should be carried out with caution to verify. The material covered in this work attempts to delineate the theory behind linear and nonlinear estimation techniques with supporting examples for discussing some essential issues in convergence and modeling.

•   This article elaborates on several important issues and highlights the checkpoints to ensure the algorithms are appropriately implemented. Once the KF and EKF algorithms can be accurately implemented, other advanced designs dealing with highly nonlinear and sophisticated systems using advanced estimators such as the unscented Kalman filter (UKF), cubature Kalman filter (CKF) [23], adaptive Kalman filter [24,25], and the robust filter [26] will be possible.

•   Although this paper does not focus on specific applications, providing essential guidelines to clarify the confusing portions is valuable. The selected illustrative examples provide a step-by-step procedure to build a solid foundation for the topic. When dealing with modeling of observation and process errors, the materials introduced in this article can be extended to several applications, such as the design of position tracking and control for robots, inertial navigation, the Global Positioning System (GPS), and orbit determination problems, among others.

The remainder of this paper proceeds as follows. First, a brief review of the Kalman filter and the extended Kalman filter is given in Section 2. Then, in Section 3, the system models involved in this paper are briefly introduced. In Section 4, illustrative examples are presented to address essential convergence and modeling issues. Finally, conclusions are given in Section 5.

2  Kalman Filter and an Extended Kalman Filter

This section reviews the preliminary background on the Kalman filter and the extended Kalman filter. This paper focuses on the discrete-time version of the Kalman filter since the majority of Kalman filtering applications are implemented on digital computers. The extended Kalman filter is the nonlinear version of the Kalman filter and is used for the nonlinear dynamics model and measurement model.

2.1 The Kalman Filter

Consider a dynamical system described by a linear vector differential equation. The process model and measurement model are represented as

xk+1=Φkxk+wk,wk∼N(0,Qk)(1)

zk=Hkxk+vk,vk∼N(0,Rk)(2)

The discrete Kalman filter equations are summarized in Table 1.
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On the other hand, consider a dynamical system described by a linear vector differential equation. The process model and measurement model are represented as

Process model: x˙=Fx+Gu(3)

Measurement model: z=Hx+v(4)

where the vectors u(t) and v(t) are white noise sequences with zero means and are mutually independent:

E[u(t)uT(τ)]=Qδ(t−τ);E[v(t)vT(τ)]=Rδ(t−τ);E[u(t)vT(τ)]=0(5)

where δ(t−τ) is the Dirac delta function, E[⋅] represents expectation, and superscript “T” denotes matrix transpose.

Discretisation of the continuous time system given by Eq. (3) into discrete-time equivalent form leads to

x(tk+1)=Φ(tk+1,tk)x(tk)+∫tktk+1Φ(tk+1,τ)G(τ)u(τ)dτ(6)

Using the abbreviated notation as in Eq. (1), the state transition matrix, using the Taylor’s series expansion, can be represented as

Φk=eFΔt=I+FΔt+F2Δt22!+F3Δt33!+⋯(7)

The noise input in the process model of Eq. (6) is given by

wk=∫tktk+1Φ(tk+1,τ)G(τ)u(τ)dτ(8)

where tk≡kΔt and tk+1≡(k+1)Δt. Calculation of process noise covariance leads to

Qk=E[wkwiT]=∫tktk+1Φ(tk+1,η)GQGTΦT(tk+1,η)dη(9)

The first-order approximation is obtained by setting Φk≈I

Qk≈GQGTΔt(10)

2.2 The Extended Kalman Filter

Consider a dynamical system described by a nonlinear vector difference equation. Assuming the process is to be estimated and the associated measurement relationship may be written in the form:

xk+1=f(xk,k)+wk(11)

zk=h(xk,k)+vk(12)

where xk∈ℜn, is the state vector, wk∈ℜn, is the process noise vector, zk∈ℜm, is the measurement vector, and vk∈ℜm is the measurement noise vector. The vectors wk and vk are zero mean Gaussian white sequences having zero cross-correlation with each other:


E[wkwiT]=Qkδik;E[vkviT]=Rkδik;E[wkviT]=0

where Qk is the process noise covariance matrix, and Rk is the measurement noise covariance matrix. The symbol δik stands for the Kronecker delta function:


δik={1,i=k0,i≠k

The discrete extended Kalman filter equations are summarized in Table 2.
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3  System Models Discussed in This Work

The employment of proper system models enables us to analyze the behavior of the process to some extent effectively. Dynamic systems are also driven by disturbances that can neither be controlled nor modeled deterministically. The KF and EKF can be extremely sensitive to this effect during periods of relatively high state uncertainty, such as initialization and start-up. The problems that result from wrong initial estimates of x and P have been addressed and are not covered in this work. One type of divergence may arise because of inaccurate modeling of the process being estimated. Some critical issues relating to the modeling and convergence of the implementation of the Kalman filter family are of importance. Although the best cure for non-convergence caused by unmodeled states is to correct the model, this is not always easy. Additional “fictitious” process noise added to the system model assumed by the Kalman filter is an ad hoc fix. This remedy can be considering “lying” to the Kalman filter model. In addition, there are some issues with linear and nonlinear measurements of estimation performance. Parameter identification by state vector augmentation is also covered.

This article selects five models for discussion: the random constant, the random walk, the scalar Gauss-Markov process, the scalar nonlinear dynamic system, and the Van der Pol oscillator (VPO) model. The selected models are adopted to highlight the critical issues with an emphasis on convergence and modeling a step-by-step verification procedure for correct realization of the algorithms.

(1) Random constant

The random constant is a non-dynamic quality with a fixed, albeit random, amplitude. The random constant is described by the differential equation

x˙=0(x=constant, namely,x has zero slope.)(13)

which can be discretized as


xk+1=xk

(2) Random walk

The random walk process results when uncorrelated signals are integrated. It derives its name from the example of a man who takes fixed-length steps in arbitrary directions. At the limit, when the number of steps is large and the individual steps are short in length, the distance travelled in a particular direction resembles the random walk process. The differential equation for the random walk process is

x˙=u,u∼N(0,q)(14)

which can be discretized as


xk+1=xk+wk,wk∼N(0,Qk)

(3) Scalar Gauss-Markov process

A Gauss-Markov process is a stochastic process that satisfies the requirements for both Gaussian and Markov processes. The scalar Gauss-Markov process has the form:

x˙=−βx+u(15)

(4) Scalar nonlinear dynamic system

The scalar nonlinear dynamic system used in this example is given by

x˙=−(x+1)(x+3)=−(x2+4x+3)(16)

(5) Van der Pol oscillator

The Van der Pol oscillator is a non-conservative oscillator with non-linear damping. It evolves in time according to the second-order differential equation:

x¨−μ(1−x2)x˙+x=0(17)

where x is the position coordinate, which is a function of the time t, and μ is a scalar parameter indicating the nonlinearity and the strength of the damping and can be written in the two-dimensional form:

x˙1=x2(18a)

x˙2=μ(1−x12)x2−x1(18b)

4  Illustrative Examples

Appropriate modeling for the dynamic system is critical to its accuracy improvement and convergence assurance. Several vital issues concerning state estimation using the KF and EKF approaches will be addressed in this section. Four supporting examples are provided for illustration. Table 3 summarizes the objectives and meaningful insights from the examples.

[image: images]

4.1 Example 1: Random Constant vs. Random Walk

In the first example, state estimation processing for a random constant and a random walk will be discussed under various situations.

4.1.1 Estimation of a Random Constant

Firstly, consider a system dynamic that is actually a random constant but is inaccurately modeled as a random walk, where the linear measurement z=x+v is involved, as shown in Table 4. Fig. 1 presents the estimation result for the random constant (x˙=0, x=6.6 in this work) using the KF with various noise strengths (q’s) in the process model, which is a random walk model. Three q values (0, 0.001, and 0.01, respectively) are utilized. It can be seen that an increase of q decreases the estimation accuracy. In this case, the random constant model is appropriate to capture the system dynamics well. However, an increase in noise strength will decrease the estimation accuracy caused by the model mismatch. This phenomenon can be the overfitting of the system model when additional noise is introduced.
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Figure 1: Estimation of the random constant using the KF with various noise strengths in the process model

In the following cases, the KF using a linear measurement model vs. the EKF using two types of nonlinear measurement models are investigated. First, the state estimation for a random constant with the following measurement models is involved:

1.    The linear measurement z=x+v, referred to as the KF approach.

2.    Nonlinear measurement z=x1/3+v, referred to as the EKF1 approach.

3.    Nonlinear measurement z=x3+v, referred to as the EKF2 approach.

Which is summarized in Table 5.
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For the EKF1 approach, the Jacobian related to the measurement is given by

H=∂h∂x=13x−2/3(19)

and for the EKF2 approach, it is given by

H=∂h∂x=3x2(20)

for the two types of nonlinear measurement models. The process noise is set as q=0 for all cases, and the same measurement noise strength has been applied for all three types of measurement models. Fig. 2 shows the estimation results of a random constant using the KF compared to the EKF utilizing the other two types of nonlinear measurements. The subplot on the right provides a closer look at their behaviors near the truth value. For EKF1 involving z=x1/3+v, the noise is relatively more substantial as compared to the state x in magnitude, leading to worse precision in state estimation; on the contrary, for EKF2 involving z=x3+v, the noise is relatively weaker as compared to the magnitude of x, leading to better/improved results.
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Figure 2: Estimation of the random constant using the KF and EKF utilizing two types of nonlinear measurements. The plot on the right provides a closer look at their behaviors near the truth value

4.1.2 Estimation of a Random Walk

The following demonstration considers a process that is actually a random walk process but is incorrectly modeled as a random constant, namely,

- Correct Kalman filter model: x˙=u, u∼N(0,q);

- Incorrect Kalman filter model: x=0.

This process was first processed using an incorrect model (i.e., q=0), and then using the correct model (i.e., q>0). The estimates by the filter with a correctly modeled process follow the random walk quite well. On the other hand, an incorrect process model leads to degraded results. It occurs simply because the designer “told” the Kalman filter that the process behaved differently, whereas it behaves another way. In this case, the filter is told that the process is a random constant with zero slopes. Still, the process has a nonzero slope, and the filter tries to fit the wrong curve to the measurement data. As a result, the filter with an incorrectly modeled process does very poorly due to the filter’s gain becoming less and less with each subsequent step. The Kalman gain and the covariance matrix P are correct if the models used in computing them are correct. However, the P matrix can be erroneous and of little use in detecting non-convergence in the case of mismodeling. P can even converge to zero while the state estimation error is actually diverging. Fig. 3 shows estimates of the state and the corresponding errors due to unmodeled system driving noise.
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Figure 3: (a) The states and (b) the corresponding errors due to unmodeled system driving noise

4.2 Example 2: Scalar Nonlinear Dynamic System

In the second example, consider the scalar nonlinear dynamic system


x˙=−(x+1)(x+3)=−(x2+4x+3),x(0)=−2

where the actual solution is given by x(t)=−3+2(1+e−2t)−1.

The process model will be ideally modeled as its actual nonlinear dynamic and then incorrectly modeled as a linear model, including the random walk and the random constant:

1.    Nonlinear process model: x˙=−(x+1)(x+3)+u, u∼N(0,q).

2.    Random walk model: x˙=u, u∼N(0,q).

3.    Random constant model: x˙=0.

Summarized in Table 6. The estimation performance with linear measurement (z=x+v) using the process models mentioned above will be evaluated.
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State estimation results for this nonlinear dynamic system with the process model using the (ideal) nonlinear model (q≈0, meaning that the model is perfectly described except for the numerical error due to discretization, which can be cured by adding a small amount of noise) in comparison with the linear process model of random walk (q=0.01). The Jacobian related to the nonlinear dynamic process model is given by

F=∂f∂x=−2x−4(21)

Φk=eFΔt≈1+FΔt=1+(−2x−4)Δt(22)

Fig. 4 presents the estimation errors of this scalar nonlinear dynamic system using the KF with q=0.01 compared to the EKF with q=0. The truth model in this example is nonlinear but is incorrectly modeled in the process model of KF. As a result, non-convergence appears due to mismodeling. However, “lying” to the filter by adding fictitious process noise to the KF model can appropriately cure this problem. Fig. 5 provides the estimation performance using the KF and EKF. In Fig. 5, the estimation errors based on the process models using the linear ones (with q=0, 0.0001, and 0.01, respectively) and the (ideal) nonlinear model (with q=0, 0.001, and 0.01, respectively) are presented. When the additional fictitious q introduced is not sufficient to compensate for the system mismodeling, non-convergence will occur, as shown in the subplot (a) of Fig. 5. On the other hand, the case that q is more than necessary (and thus presents the phenomenon of overfitting) will lead to noisy results, as shown in the subplot (b) of Fig. 5.
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Figure 4: Estimation for the nonlinear dynamic system using KF with q=0.01 and EKF with q=0

[image: images]

Figure 5: Estimation errors based on the (a) KF and (b) EKF with various q values

4.3 Example 3: The Van der Pol Oscillator with Parameter Identification

The nonlinear dynamic system of the Van der Pol oscillator is considered in the third example. It is a non-conservative oscillator with non-linear damping, evolving in time according to a second-order differential equation, and can be written in the two-dimensional form:


x˙1=x2


x˙2=μ(1−x12)x2−x1

where x1 is the position coordinate, a function of the time t, and μ is a scalar parameter, indicating the strength of the damping. The analytical solution of the VPO is, in general, not available or difficult to obtain. In this work, the fourth-order Runge-Kutta integrator with a sampling interval of Δt=0.001 s and x0=[0−0.5]T is used to numerically calculate the states, which is a perfect approximation of the true states. Fig. 6 provides the simulation results for the x1, x2, and the phase portraits of the VPO model. The fourth-order Runge-Kutta integrator with a sampling interval of Δt=0.001 s (in blue) and the Euler integrator with a sampling interval of Δt=0.1 s (in green), respectively, are utilized.

[image: images]

Figure 6: Simulation for the Van der Pol oscillator (VPO): (a) x1; (b) x2 and (c) the phase portrait

Even though a continuous-time model can precisely describe the system, the discretization of the continuous-time model may encounter non-convergence issues. It can be seen that the sampling interval for the discrete-time model derived from the continuous-time model remarkably influences the accuracy, especially for a system with relatively high nonlinearity, like this example. The error caused by numerical approximation directly reflects the estimation accuracy, which can be seen by comparing the two sets of curves. When the discrete-time version of the filter is employed, applying appropriate fictitious noise by adding Qk to cure the non-convergence is helpful.

∂f∂x=[∂f1∂x1∂f1∂x2∂f2∂x1∂f2∂x2]=[01−2μx1x2−1μ(1−x12)](23)

If the estimation is performed using the ideal nonlinear process model, namely,


x˙1=x2


x˙2=μ(1−x12)x2−x1+u

In the case that the nonlinearity parameter is unknown and is to be identified, the state variables for this problem are designated as

x1=x,x2=x˙,x3=μ(24)

we then have x=[x1x2x3]T=[xx˙μ]T. A parameter problem is then converted to a nonlinear state estimation problem. The equation of motion involving three states for the plant then becomes

ddt[x1(t)x2(t)x3(t)]=[x2x3(1−x12)x2−x10]+[010]u(t)(25)

With the process model mentioned above, the corresponding Jacobian matrix is given by

∂f∂x=[∂f1∂x1∂f1∂x2∂f1∂x3∂f2∂x1∂f2∂x2∂f2∂x3∂f3∂x1∂f3∂x2∂f3∂x3]=[010−2x1x2x3−1x3(1−x12)(1−x12)x2000](26)

The observation equation is assumed to be available in either of the linear forms:

1.    z(t)=x1(t)+v1(t), v1(t)∼N(0,r1);

2.    z=[1001][x1x2]+[v1v2], vi∼N(0,ri), i=1,2

The estimation accuracy of the states highly relies on the measurement quality and is essential to the identification performance of the unknown parameter. Figs. 7 and 8 show the state estimates and the corresponding errors of x1 and x2, respectively, for the VPO model, where the results are compared based on one and two measurements. In addition, the triangles in Fig. 7 denote the measurements. Identification of the nonlinearity parameter μ is shown in Fig. 9. The performance based on two measurements outperforms that of one.
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Figure 7: Estimation of (a) the state x1 and (b) the corresponding errors based on one and two measurements, respectively
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Figure 8: Estimation of (a) the state x2 and (b) the corresponding errors based on one and two measurements, respectively
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Figure 9: Identification results for the nonlinearity parameter μ are based on one and two measurements, respectively

4.4 Example 4: Scalar Gauss-Markov Process Involving Adaptation of Noise Covariance

The scalar Gauss-Markov process, as described by the differential equation


x˙=−βx+u,u∼N(0,q)

can be represented by the transfer function


xu=1s+β

The continuous-time equation can be discretized as

xk+1=e−βΔtxk+uk,uk∼N(0,Qk)(27)

where the covariance

Qk=e[xk2]=q2β(1−e−2βΔt)(28)

Initially linear, the process model becomes nonlinear when performing the state estimation for the scalar Gauss-Markov process with an unknown parameter β. Notice that in this case, there are now two state variables involved:

x=[x1x2]T=[xβ]T(29)

Since the state dynamic for this problem is given by

x˙1=−x2x1+u,x˙2=0,u∼N(0,q)(30)

the process model can be represented as

[x˙1x˙2]=[−x2x10]+[10]u(31)

The problem now becomes a state estimation problem using the vector EKF. Since the two states are closely coupled, the state’s estimation accuracy will influence the parameter identification performance. In this case, the noise strength is related to the parameter to be identified, so better modeling involving Qk adaptation results in improved estimation accuracy.

In this example, the linear measurement is again assumed to be available in continuous form


z(t)=x1(t)+v(t),v(t)∼N(0,r)

The process noise covariance matrix in the discrete-time model can be written as

Qk=[q2x2(1−e−2x2Δt)000](32)

Fig. 10 shows the results of identifying parameter β for the scalar Gauss-Markov process. In the numerical experiment, three values of β (0.5, 1.0, and 1.5, respectively) were tested, and perfect results were obtained for all the cases. The EKF can identify the parameter β very well if the adaptation of noise statistics is included and updated in the estimation process. On the other hand, if the noise adaptation procedure is not included, the estimation error, as indicated by the curve in green, clearly shows performance degradation.

[image: images]

Figure 10: Identification of parameter β for the scalar Gauss-Markov process

5  Conclusion

This paper presents an introductory critical exposition of the state estimation based on the Kalman filter and the extended Kalman filter algorithms, both qualitatively and quantitatively. The article conveys an excellent conceptual explanation of the topic with illustrative examples so that the readers can grasp the proper interpretation and realization of the KF and EKF algorithms before conducting more complex systems using advanced filtering methodologies. The material covered in this work delineates the theory behind linear and nonlinear estimation with supporting examples for the discussion of important issues with emphasis on convergence and modeling. The article can help better interpret and apply the topic and make a proper connection to probability, stochastic processes, and system theory.

System stability and convergence are the basic requirements for the system design, while the performance of filtering optimality requires subtle examination for verification. One non-convergence problem may arise due to inaccurate modeling of the estimated process. Although the best cure for non-convergence caused by unmodeled states is to correct the model, this is not always easy. Some critical issues related to the modeling and convergence of implementing the Kalman filter and extended Kalman filters are emphasized with supporting examples. Adding fictitious process noise to the system model assumed by the Kalman filter for convergence assurance is discussed. Details of dynamic modeling have been discussed, accompanied by selected examples for a clear illustration. Some issues related to linear and nonlinear measurements are involved. Parameter identification by state vector augmentation is also demonstrated. A detailed description with examples of problems is offered to gives readers a better understanding of this topic. This work provides a step-by-step illustration, explanation and verification. The lesson learned in this paper enables the readers to appropriately interpret the theory and algorithms, and precisely implement the computer codes that nicely match the estimation algorithms related to the mathematical equations. This is especially helpful for those readers with less experience or background in optimal estimation theory, as it provides a solid foundation for further study on the theory and applications of the topic.

This article elaborates on several important issues and highlights the checkpoints to ensure the algorithms are appropriately implemented. Future work may be extended to the design of position tracking and control for robots, the navigation processing for inertial navigation and the Global Positioning System, etc. Once the KF and EKF algorithms can be accurately and precisely implemented, further advanced designs dealing with highly nonlinear and sophisticated systems using advanced estimators such as the UKF and CKF, as well as robust filters become possible and reliable.
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Table 1: Implementation algorithm for the discrete Kalman filter (KF) equations

- Initialization: Initialize state vector X, and state covariance matrix P,

- Time update

(1) State propagation
X = PiX,
(2) Error covariance propagation

P, =oP.® +Q,

- Measurement update

(3) Evaluation of Kalman gain matrix
K, = P, H/[H,P_H] + R,]"

(4) State estimate update

X =X, + K, [z, — HiX(]

(5) Error covariance update

P, =[1-KH,]P,
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Table 3: Objectives and meaningful insights from the illustrative examples

Examples Insights to be delivered

Example 1 e A comparison of the estimation errors for the random constant and random walk
models due to mismodeling is investigated.

e Estimation accuracies based on both linear and nonlinear measurements are

discussed.

Example 2 e Estimation performance due to incorrect modeling of a scalar nonlinear system
based on various process models is presented.

Example 3 e State estimation using the vector EKF for the Van der Pol oscillator with system
parameter identification is illustrated.

Example 4 e The scalar Gauss-Markov process with parameter identification and adaptation of

noise covariance is shown.
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Table 6: Estimation of the scalar nonlinear dynamic system with various process models

Real world

Process models utilized in the filter

Scalar nonlinear dynamic system
X=—x+Dx+3)

Nonlinear process model: X = —(x+ 1) (x+3) 4+ u

Random walk: x = u, u ~ N(0, q)
Random constant: x =0
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Table 4: Estimation of the random constant due to model mismatch

Dynamic in real world Process model in Kalman filter Measurement model

Random constant x =0 Random walk X = u, u ~ N(0, g) Linearinthe KF: z=x+v






OEBPS/Images/CMC_34308-fig-6.png
25
2
1.5
1
0.5
0
-0.5
-1
-1.5
2
2.5
0 2 4 6
Time (sec)
(a)
3
2
1
0
-1
-2
-3
2.5

2
1

<0
-1
-2
-3

8 10 12 0 2 4 6
Time (sec)
(b)

-2 -1.5 -1 -0.5 0 0.5 1

10





OEBPS/Images/CMC_34308-fig-1.png
x estimate

6.7 S E—— E—
——q=0.01

6.68 q=0.001
—q=0

6.66

———
—

6.64

6.62 | I | | I AN ITH .

6.58 '1 ! l '

6.56 i [ '

6.54

6.52
0 100 200 300 400 500 600 700 800 900 1000

Time (sec)





OEBPS/Images/logo.png





OEBPS/Images/CMC_34308-fig-3.png
25

Truth value 4 A Measurement
Correct model

A Measurement
Correct model
Incorrect model

Incorrect model

20

X error

0 10 20 30 40 50 60 70 80 90 100
Steps Steps

(a) (b)





OEBPS/Images/table-2.png
Table 2: Implementation algorithm for the discrete extended Kalman filter (EKF) equations

- Initialization: Initialize state vector X, and state covariance matrix P,

- Time update

(1) State propagation
ﬁ_ = f (ﬁk, k)

k+1

(2) Error covariance propagation

P, =oP.® +Q,

- Measurement update

(3) Evaluation of Kalman gain matrix
K, = P, H/[H,P_H + R,]"

(4) State estimate update

ﬁk = ﬁk_ + Kk [Zk - h (ﬁ;,k)]
(5) Error covariance update
Pk = [I - Kka] P;

where the linear approximation equations for system and measurement matrices are obtained

through the relations
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Table 5: Estimation of random constant based on various measurement models

Dynamic in real world Process model Measurement models
Random Random constant KF:z=x+4v
constant x = 0 x=0 EKFl:z=x"+v

(same as the dynamic in real world) EKF2: 7 = v + v
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