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Abstract

Kalman filters are a common tool to estimate the state of a system if only noisy sensor data are available. The performance of these filters depends on the accuracy of the sensors and the quality of the model included in the filter. In case of a mismodeling, the performance can be suboptimal or even disastrous. This presentation focuses on parametric mismodeling, i.e. the model describes the real dynamics of the system state, but the parameters of this model do not fit. A filter design which is more stable against such mismodeling is presented. In addition, the application of this filter design for long-term underwater navigation of the autonomous underwater vehicle DeepC is presented.
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1. Introduction

Kalman filters are a common tool to calculate best estimates of a system state if only noisy sensor data are available. It is used in a variety of inertial navigation systems [1-3] and also in tracking devices [4-6]. Such filters consist of a predictor and a corrector. The latter uses sensor information, while the former – generally speaking – uses a model of the underlying dynamics. Problems arise if the model does not describe the dynamics properly.

Different strategies have been developed to avoid mismodeling effects. A common strategy is to make a low-dynamic assumption. In this case, at least one of the state variables, for instance the acceleration, is assumed to be static or damped. Another strategy is to use a filter bank consisting of different Kalman filters [7, 8]. 

Most inertial navigation systems use an error model of the measurement process [1-3]. This error model is independent of the vehicle and generic. It can be derived from knowledge of the measurement process. However, this filter includes models of the measurement process which can also be a source for mismodeling.

In this paper a stabilized model-based Kalman filter is presented. It is assumed that the model describes the system dynamics properly, except for some parameters. This presentation starts with a description of the filter design. Then, two different applications are presented. The first shows the stabilisation of a harmonic oscillator. The second shows the results of using this filter for underwater navigation. This filter will use a vehicle model to increase the accuracy of the navigation system. The presentation ends with concluding remarks.

2. The filter design

2.1. Standard model-based Extended Kalman filter

Consider a nonlinear system: 
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f models the dynamics of the state vector x(t). Since f is used to estimate the state of the system, it is referred to as the predictor. h is the model of measurements z. It is used to correct the prediction and referred to as the corrector. w and u are the zero-mean Gaussian white system and measurement noise. The Extended Kalman filter calculates the best estimation of the state 
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with the local linearizations
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The standard application is to integrate the dynamic model into f. This implementation is shown in Figure 1. If the model depends on additional control parameters, these parameters are also entered in the predictor.
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Figure 1:  Illustration of the standard model-based Extended Kalman filter design. The dynamic model is used to calculate the prediction of the next state
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. The measurements z(x) are used to correct this prediction.

If the model of the filter corresponds to the real dynamics, this filter design is optimal in the L2-sense. It reduces the average least-square error between the real state x and the estimated state 
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[9]. If the dynamic model differs from the real dynamics, this is no longer true. If 
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 represents the deviation of the model from the real dynamics eq. (2) now reads as follows: 
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The evolution equation (3) of 
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and P includes additional terms which have been underlined. These terms are perturbations of the real filter dynamics. Obviously, there is no compensation mechanism which is able to reduce this perturbation.

2.2. Stabilized Filter

In order to stabilize the Kalman filter, the perturbations in equation (3) have to be compensated. This is done by introducing another Kalman filter which estimates the errors of the state filter. The complete design is shown in Figure 2. The state filter is boxed. The measurements z are split between these two filters into 
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 to avoid statistically dependent measurements. 
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is used to measure the difference of the estimate 
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 and the real state. This difference corrects the prediction of the error 
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. The whole process can be described by:
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 The filter equations for this second filter are:
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This filter is able to correct the effect of the perturbations in eq. (3) since measurements of 
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 include these effects. In case of a mismodeled system, the dynamics of the mismodeled error estimation reads as follows:
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Equation (6) also contains perturbations but, in this case, they can be easily handled since 
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 is a measure of the quality of the error model. By increasing the weight of the measurements, one can reduce the influence of the perturbation. 
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Figure 2:  Illustration of the stabilized model-based Kalman filter design. This filter consists of two Kalman filters: The  boxed filter estimates the state. It corresponds to the standard application of an Extended Kalman filter (Figure 1). The second filter estimates the error of the boxed filter. The available measurements are split between these two filters to guarantee statistically independent measurements.
3. Applications

In this section two applications of these filters are shown. The section starts with a discussion of the harmonic oscillator. In this case the frequency is mismodelled. The second example is an application for the autonomous underwater vehicle DeepC, where this filter is used for underwater navigation. 

3.1. Harmonic oscillator

Consider a harmonic oscillator. The equation of motion read as follows
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which is a linear differential equation. Every solution of this equation is a motion on an ellipse with axis length of 
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, respectively. The performance of both filters is shown in Figure 3. In these two simulations, x(t) and 
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 have been measured with an accuracy of 
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 and the Gaussian measurement noise was of the same order. The real frequency was (=0.1, while the modeled frequency equals (=0.5. 

The dynamics of the standard Kalman filter is a rotated ellipse with an amplitude of about 1.5. The filter performance is less accurate than the unfiltered sensor information, which clusters around the green ellipse. The reason for this misbehavior is the fact that the corrector weights the predicted state against the measured state, but both lie on different ellipses. Since the period of both signals also differs, the result is not necessarily a ellipse between these two ellipses.

The result is better in case of the stabilized Kalman filter (Figure 3, right panel). The filtered values still cluster around the real ellipse, there is no obvious deviation. 
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Figure 3: Performance of the standard (left panel) and the stabilized model-based Kalman filter (right panel). Both filters are used to estimate the system state of a harmonic oscillator with a frequency (=0.1 and a modeled frequency of (=0.5. The green line shows the real dynamics, the blue line the predicted dynamics and the blue circles the values given by the Kalman filter.
[image: image30.png]



· Length: 5.8 m

· Width: 2.25 m

· Height: 1.6 m

· Speed: max.6 kts

· Maximum depth: 4000 m

· Operation time: 60 h (4kts)



Figure 4: Sketch of DeepC. The AUV consists of three bodies. The upper bodies contain the propulsion, energy and control systems. The one below contains the payload.

3.2. Underwater navigation

In this section a more complex system is investigated. In the former case, all state variables have been measured. For underwater navigation this is not always the case. The standard sensor ensemble consists of velocity measuring devices, such as Doppler velocity logs or electromagnetic logs, depths sensors, pressure sensors or sonic depth finders, inclinometers and inertial measurement devices. Positioning devices like long base line (LBL) or ultra short baseline (USBL) devices are not always available. Therefore submarines and unmanned underwater vehicles use inertial navigation units supported by some of the above sensors. The average accuracy of these systems ranges from 2 to 50 m/h. 

A vehicle model-based filter can improve the performance of these systems. Therefore, we developed a vehicle model-based navigation system for the autonomous underwater vehicle DeepC. This vehicle will have a maximum mission time of 60 h and the capability to dive down to 4000 m. A sketch of the vehicle is shown in Figure 4. 

DeepC is equipped with GPS, Doppler velocity log, inclinometer, compass, pressure sensors and an inertial navigation system, the main sensor. The Kalman filter contains the vehicle model. The state of the systems is a 13-dimensional vector ((,() with 
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l, (, h describe the position in latitude, longitude and height. The orientation is determined by the quaternions 
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 corresponding to the Euler-angles  
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.( describes the changes of these quantities in the body frame of the vehicle. The equation of motion of this vehicle is as follows [10]:
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where

· M 
= inertia matrix (including added mass)

· C(() 
= matrix of Coriolis and centripetal terms (including added mass)

· D(()
= damping matrix

· g(() 
= vector of gravitational forces and moments

· (
= vector of control inputs

This equation of motions is mainly derived from first principles [10]. However, the matrix elements of M, C, D have to be measured very accurately. These elements consist of terms derived from the mechanics of rigid bodies  and terms describing the hydrodynamic interactions between the body and the fluid. The former can be measured accurately, but the hydrodynamic interactions are very complex. Typical values for the relative accuracy of these coefficients are 1%-20%.

Not all matrix elements are important during the whole mission. The elements being important for the most frequent vehicle maneuvers are measured very accurately. Hence, the navigation filter should benefit from the well-known maneuvers. If the vehicle performs maneuvers where the model is less accurate, the stabilization should reduce the influence of the mismodeling. Thus, one is able to increase the overall performance of the navigation filter.

Relative accuracy of the hydrodynamic coefficients
Stabilized

Kalman filter

(x[m]
navigation without vehicle model

(x [m]

0%
0.5
2

1%
0.7
2

10%
1.8
2

20%
3
2

Table 1: Positioning error for the stabilized model-based Kalman filter used for underwater navigation for different accurate vehicle models. The third column shows the positioning error of a standard inertial navigation filter without a vehicle model.

Table 1 shows the maximum measured positioning error for a typical mission. In this simulation the vehicle spirals down and starts to perform a line survey. The whole mission lasts one hour. The table shows the error of the stabilized filter and a standard inertial navigation filter without a vehicle model. Different relative accuracies from 0% up to 20% have been investigated. Up to an accuracy of about 10%, the performance of the stabilized Kalman filter is better than the performance of the navigation filter without the vehicle model.

4. Conclusions

A stabilized model-based Kalman filter is presented. It consists of two Kalman filters: The first filter – the state filter – estimates the state of the system. The second filter estimates the error of this state. This error estimation is used to correct the output of the state filter. This design allows a better control of the filter performance in case of mismodeling. The error filter estimates the deviation from the real state. An error model derived from the dynamic model of the first filter, the state filter, is used to calculate the prediction of the error. Measurements in connection with the estimated state of the state filter are used to correct this prediction. This two-filter concept allows a better control of the overall filter performance. This filter design can be used to improve the performance of underwater navigation systems. It benefits from the knowledge of the vehicle motions and allows a more accurate navigation.

However, there are still some open issues concerning this filter design, and further investigations have to be performed. For instance, this presentation focuses on mismodeling of the model parameters, i.e. the dynamics of the different models is equivalent in a topological sense. What happens if this topological equivalence does not exists, for example, if the real dynamic is a periodic motion and the modeled dynamics is chaotic or aperiodic?  

Another important aspect, especially for practical considerations, is the coupling between the two Kalman filters. In this presentation, open coupling is used. Only the output data of the state filter are corrected by the error state filter. Different methods are feasible, and deeper investigations have to be performed on this topic.
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