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Abstract: This paper examines the data association issues in Simultaneous Localization and Mapping Problem on
two different techniques. Data association determines the system efficiency and there are limited numbers of
papers attempts to analyze the conditions. Two filters namely the Extended Kalman Filter (EKF) and H., Filters are
considered in this paper to improved the estimation results of both mobile robot and the environment locations.
The updated state covariance is modified to obtain better performance compared to its original state. The
simulation results have shown consistency and lower percentage of errors for the proposed technique. However,
there are certain cases that showing the updated state covariance becomes unstable and yields erroneous results
especially for EKF. Hence, further works are expected to be carried for this matter.
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1. Introduction

Mobile robotics has gain a lot of attentions nowadays. Its applications have been extensively used for various areas
such as military, manufacturing, medical institutions, explorations and even in the household applications. Lawn
mower and the vacuum cleaner robot are among those types of mobile robot which commercially available to substitute
human in performing works. These mobile robot are mostly designed to be autonomous and can perform their tasks
effectively.

In bringing or realizing an autonomous mobile robot, navigation is one of the essential research fields for
researcher. Since a number of decades, the research has been focusing on the design of mobile robot which can works
in a designated area by considering the uncertainties, and dynamic environment. One of the problem is known as the
Simultaneous Localization and Mapping(SLAM)[1-3] which defines a state where a mobile robot must identify its
location and its surroundings conditions concurrently. Based on the mobile robot observations, then a map is created to
provide information of what the mobile robot believe to be available. There are three methods normally applied to solve
the problem either by using mathematical modeling, behavioral based inference or the probabilistics approach. Among
those three techniques, probabilitics is the mostly recognized methods as it has fewer computational cost compared to
the mathematical model as well as requires fewer information to be available than the behavioral based technique.
Extended Kalman Filter(EKF)[4-6], H. Filters[7-9], and FAST-SLAM[10-12] are among the celebrated techniques in
the probabilistics and has successfully implemented in several types of applications purposes.

In this paper, EKF and H. Filters are analyzed regarding its capability in estimating the mobile robot and
environment conditions. Even though Particle Filter or FAST-SLAM provide better estimation results, those two filters
has been successfully applied in real-time processing which FAST-SLAM are still incapable of at current state. The
analysis mainly focusing on the data association issue, particularly on the state covariance behavior during mobile robot
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estimation. State covariance mainly describes the system uncertainties that mobile robot posses during observations. If
the mobile robot has a big value of state covariance, this encompasses that the system has lower accuracy and
efficiency. Looking on this perspective, fortunately EKF has been proven to converge to its initial state covariance
conditions[13-14], hence it is expected that the results cannot perform better. Differs to EKF, H., Filters has very low
uncertainties which near to zero[15]. However, the system suffers from finite escape time problem. This situation
probably makes the estimation has zero uncertainties in mathematical analysis as the state covariance value can
instantaneously increased to infinity from zero and then goes to negative definite value during estimation processes.
Such conditions has make H.. Filters sometimes incompetence when compared to its family, the EKF. Thus, some
papers attempts to overcome the problem by presenting a modified version of H., Filter. One way of doing that is by
modifying the y or the state covariance[16]. The state covariance indirectly determines the effectiveness of data
association that demonstrates how good and consistent the estimation performance.

Data association determines the efficiency of mobile robot navigation especially in Simultaneous Localization and
Mapping problem. It defines how the measurement data is correlated to the actual information in a specific
environment. The problem exist in any kind of approach which includes the Extended Kalman Filter, Unscented
Kalman Filterand FastSLAMtechniques. Theoretically false data association due to existence of multiple targets,
uncertainties or system ambiguities will leads to erroneous estimation[11]. This data association is strongly related to
the state covariance in those technique and requires heavy analysis about its behavior during mobile robot estimation.
EKF for example is very optimistics and sometimes can yields erroneous results.

It is the objective of this paper to analyze the EKF and Heo Filter performance considering its data association issue
from the state covariance behavior(16-20). Both techniques are modified about its updated state covariance to
understand how the estimations behaves. A number of papers have been recognized this issue but none of them relates
the analysis to the state covariance behavior. Two distinctive noise types; gaussian and non-gaussian noises are taken
into account for analysis purposes.

This paper is organized as follow. Section 2 describes the methodology of the proposed system for both EKF and
Hoo Filter with reference to the original techniques. Next followed by section 3 which demonstrates the results and
discussion by having the modified version of those two techniques. Finally section 4 concludes the paper.

2.0 Methodology

In SLAM, there are two main references to be executed for estimation purposes. The first process to be carried out is
the process model. It is a stage where the mobile robot kinematics are modeled to recognized the mobile robot
movements based on its velocity and angular accelerations. The model is best described by the following equation.

Rp=20%, | —HU ;+, (1)

where # contains the augmented state at time k which defines the mobile robot heading angle and its associated X,y
positions with specific landmarks X,y locations. F and B described the transition matrix and control matrix respectively.
U is the control input of mobile robot velocity and angular velocity, while ™' - is the process noise of the mobile robot
at previous moving time. The measurement process on the other hand explains the measured relative distance between
mobile robot and any available landmarks or features. The equation is shown as

¥ =Hy, |+ (2)

£y s the measurement matrix providing information about relative distance and relative angle between mobile robot to
any landmarks. H is the measurement matrix and v is the measurement noise exist on the measurement caused by
sensors or anything which can affects the mobile robot. Table 1 present the EKF algorithm which consists of the
prediction and updated states. These equations will be computed in sequence and iterates every time as long as the
mobile robot observes the environment.

Table 1 EKF algorithm

Stage Parameters Capability Values
Prediction  State model T =AX_ +0V_

State covariance Foo =al A7+ 2,
Update State model Ep=ARD +NE - N

State covariance Fo. =0 =¥ine,

Kalman Gain E=FL ir e W+ R0
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Table 2 EKF and Hoo Filter algorithms

Type Gain Updated state covariance

EKF U =0(0+000-100)-1 U=FO(U+000-10 0)-1f0 + O

Heo Filter U =0(0-0-2000-100)-1 O =F O (U-0-20 +000-10 O )-1f0
e

Based on the above Table 1, ¥ is the estimated augmented state and !* is the state covariance. The superscript contains
the sign of “+”, “-* defines the priori and posteriori estimation at time k. In EKF, Kalman Gain plays important role to
improve the estimation by using the innovation covariance which are included in the updated state covariance step.
Remarks that, F, B, H are the linearized state matrices. The process noise and measurement noise covariances are
presented by Q and R which are uncorrelated at all time during mobile robot observations.

Table 2 differentiate between EKF and H., Filter algorithm mainly on the updated state covariance and its gain. These
two techniques are selected and will be analyzed to investigate any significant improvements about estimation by
modifying the updated state covariances. Besides, it is expected that by doing this comparison, the effect of y can be
viewed indirectly to evaluate the H.. Filter performance about the state covariance.

Our main interest is on the state covariance. The state covariance is a positive semidefinite matrix which encompasses
the information that the mobile robot has during its movements. Bigger value of state covariance describes that the
system has large uncertainties and this is not desired as the estimation will eventually leads to erroneous results. As
mentioned in previous section, EKF can finally yields confidence bounded by its initial conditions[13-14]. Though this
has been proven to be sufficient and effective for estimation, a slight modification is made on the EKF updated state
covariance which its equation was shown in Table 1. The updated state covariance is first calculated as presented on
the equation and then being inversed to check the estimation consistency.

The Heo Filter state covariance is also modified to assess its ability for estimation purposes compared to the original
equations. A switching strategy[21][22] is selected to ensure that no finite escape time issue observed during estimation
process. The difference of this approach to the available switching strategy is they are more on applying other
technique[21] and switched information from other mobile robot[22] when finite escape time occurred. This paper
attempts to switch and modify the updated state covariance to produce a positive semidefinite matrix at all time. At the
updated state covariance, regardless of the value of ¥, the state covariance is guarantee to produce a positive
semidefinite matrix.

Based on above two modifications, simulation is carried to perceive and evaluate the performance of the modified
version of EKF and the adaptive type of Ho Filter.

3.0 Results And Discussion

This section presents the simulation results based on the above proposed condition for both methods; EKF and the Hoo
Filter. The simulation is done in MATLAB2014 Simulink with references to the parameters being used in our previous
experimental works. Table 4 shows the simulation parameters that will be applied to identify and analyze both filter
performance in two different noises conditions which are gaussian and non-gaussian noises. The simulation also
currently considers indoor environment with specific number of landmarks or features available.

For the first result, the analysis are organized considering a mobile robot in an environment with gaussian noise. The
first techniques that will be observed is the EKF estimations. Remark that the first modification is by making the state
covariance becomes smaller than its original states. The results for estimation are shown in Figs.1-2 for both estimation
and state covariance update.

As presented in Fig.1, as expected the modified EKF has better results than the normal EKF. The comparison of
movements and measurements are based on the green color for the ground truth movements.

Table 4 Simulaiton parameters

Variables Parameters

Landmarks =TI

:.-":lr.-- ]":n) C.‘ 13 ]é'F 1_,:
eI 1 B
-0 2% [
-1z 6| | 13‘_
-0 16l

Mobile robot [0,0,0]

initial pose
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Fig.1 EKF estimation performance comparison. Fig. 2 Modified EKF(blue) has erroneous information
Modified EKF(blue) shows slightly better results than compared to the normal EKF(red)

normal EKF(red).

The performance can be viewed especially on the mobile robot movements which moves in circular motions.
Examining the associated state covariance characteristics, suprisingly the state covariance is now producing finite
escape time. This symptom is similar to Hoo Filter and should not be happen in EKF. Even though the estimation results
are better, the updated state covariance becomes inconsistence. EKF is also known as optimistics to its inference.
Therefore, modification on its covariance accidentally results in erroneous information. This is probably happening due
to randomly changed state covariance without considering the amount of information calculated from estimation. The
updated state covariance must be calculated by taking into account the system information as suggested by a number of
researchers. Hence, modification without understanding this information leads to erroneous results.
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Fig. 3 Modified EKF(blue) has better estimation
results compared to the normal EKF(red)

Fig. 4 Modified EKF(blue) has erroneous information
compared to the normal EKF(red)

Now, the analysis moves to the condition of non-gaussian noise. The estimation results are presented in Figs.3-4 for
both estimation and state covariance respectively. The results are consistence and agreed to the first case of non-
gaussian noise where modified EKF performs better in terms of estimation but poor in state covariance analysis.

Next, the H. Filter performance will be evaluated. The performance of H. Filter in non-gaussian noise is more
interesting to be viewed as the filter is said to be robust than EKF. Based on Figs.5-6, for the mobile robot and
landmarks estimation, modified H.. Filter surpassed the normal H.. Filter performance. The state covariance is also
better than normal Hoo Filter which do not possess any finite escape time problem. This switching strategy is one of the
alternative solution for estimation but seldomly used for applications.

For further analysis, both modified EKF and H. Filter is compared about its estimations. Figs.7-8 demonstrates the
results. From these figures, it can be concluded that Hoo Filter is more robust and can be a good solution for non-
gaussian noise conditions. To be fair, modified H.. Filter is also being compared to normal EKF in Fig.9. The results
are still consistent and proving that modified H., Filter can be a better alternatives for SLAM solutions.
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Fig. 8 Modified H., Filter (blue) has better estimation results compared to the normal EKF (red)
4.0 Conclusion

This paper has presented an analysis of data association issues in SLAM problem focusing on two techniques, EKF and
H.. Filter. For EKF, the state covariance is reduced by randomly makes the values smaller than its original algorithm.
This action has consequently makes the state covariance becomes erroneous even though good estimation results can be
obtained. For H. Filter, the modified version by using switching strategy has better results than the normal H.. Filter.
Both estimation and state covariance preserves good results and positive semidefinite matrix without any occurrence of
finite escape time. From these two cases, it is understood that the state covariance cannot be modified easily without
refering to the information obtained during mobile robot observations in the environment.
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