Simulation of EKF-Localization in a 2D
Environment

|. PROBLEM AND ITS IMPORTANCE the Robot Operating System (ROS) and Stage architectures.

N order for an autonomous system to make informd@0S is a publish-and-subscribe communication architectur
I decisions, it must have knowledge of its environment arffat allows for software nodes to transfer data. A typical
its state within the environment. For example, if a robot {botic platform might have a node to control actuators, @eno
instructed to carry an item to a specific room in a building® Process video data, and a node for higher level planning
the robot must have knowledge of its current location in prdé/nctions. A great aspect of ROS is that the code developed ca
to plan an efficient route. Likewise, a robot cannot inforrR€ directly applied to the target robotic platform withootle
safety crews of the location of hazardous materials if theto Modification. ROS also provides a node that wraps the Stage
itself does not know its current location. However, in orddiPbotic simulation environment so that code can be vetted in
for the robot to localize itself, it also needs previouslyneo Simulation before being executed on the target platform. In
structed maps to correlate observed landmarks to landmalfki§ research, an EKF node was written that correlates color
described in the maps. It was determined that the probleRI§P data to landmarks in the environment and then uses the
of localization and mapping within the robotic domain wer&KF algorithm to estimate its location. The simulation was
actually coupled and thus, the problem of Simultaneous koc#itialized with five landmarks, each of a different colordan
ization and Mapping (SLAM) was properly defined [1]. The&ach Iandm_ark location was known to the rol_aot. The robot
development of SLAM also made it possible for a robotig/SO knew its own state at the start of the simulation. The
system, without any prior knowledge of its environment, tf°P0t's motion was modeled after a differential drive, sash
explore the state-space and construct a map using landmatgioneer or Seekur. Thus, its motion equations relied upon
and its estimated position. This result has obvious imfibes  translational velocity,v;, rotational velocity,w;, and pose,
for the use of robots to explore dangerous areas suchfagWith the equations of motion defined by the following
enemy encampments, other planets in the solar system, &34ation.
underwater environments. The purpose of this research is t
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Il. RELATED WORK The state variablesy’, v/, and ¢’ denote the predicted state
The SLAM problem was first conceived at the 1986 IEER&fter time stepAt. At each time stepAt = 0.01seconds, the

Robotics and Automation Conference held in San Francis@KF algorithm predicts its current state variables based on
California [1]. A number of researchers were using staig internal motion model and estimated system noise. h the
estimation processes to try to separately solve the lat&iz predicts the state of the covariance matrix using the fahgw
and mapping problems until the robotic community realizeglquation
that the two problems were coupled [2]. The Extended Kalman
Filter (EKF) variant of SLAM was implemented and discussed

in several papers [3], [4], [5]. Of paramount impoOrtance, yhe nrevious equatior; is a linearization of the motion

in the previously mentioned papers was discussion on thﬁ)del,% captures the system velocity/; represents system

convergence of EKF-SLAM. SLAM with the use of sonar haﬁncertainty,it is the predicted covariance matrix, ahy is

recently been of interest to the autonomous underwatecleehlthe previous iteration’s covariance matrix. Error accuates

community due to the lack of GPS data underwater [6], [7}, e prediction of the state variables and the covariance
One of the major issues with the mentioned papers and in the iy ynil a known landmark is detected, at which point
field of EKF-SLAM in general is that errors in estimation argne gr algorithm can perform an update and resolve state
introduced during EKF linearization. inconsistencies. In this simulation, a color blob finder was
utilized to detect landmarks based on their color. Each-land
lIl. A PPROACH mark was assigned a specific color and the robot associated
In this research, the Extended Kalman Filter (EKF) waandmark colors with landmark positions. Upon detectiom of
implemented in order to localize an autonomous robot withlandmark, the EKF algorithm creates a predicted measuremen
an environment. The algorithm made use of known correspdrased on the robot's predicted position and the map of
dences in the environment, thus, saving the problem of dandmarks. The predicted measurement is compared against
tracting features from unknown landmarks for future reglear the actual measurement to update the robot’s estimatesl stat
The EKF algorithm was implemented and simulated withifihe difference between the predicted and actual measutemen
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is multiplied by the Kalman gaink(;, to update the estimatedof the robot and the actual position of the robot. The percent

state in the following equations. error formula is given by the following formula.
NG %E 100 prediction — actual
okrror = *
2z = | atan2(my — i, Mg — fiy) — fit,0 actual
M Both the dead-reckoning odometry and the EKF localization

estimated coordinates were compared against the actuat rob

- coordinates generated by the simulation in figures 2, 3,d, an

Sy = H X Hp +Qy 5. In each figure, the x-axis is the simulation time and the
y-axis is the percent error.
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In the definition ofz;, the first element is the distance betwee
the robot and the detected landmark, the second elem
is the angle to the landmark from the robot, and the thii °
element is the landmark’s signature, which is irrelevant i —s .
EKF. Furthermore(), models measurement error aif} is _
the Jacobian of the measurement model. More informati
about the calculation ok, can be found in Sebastian Thrun's®® [ ]
textbook [8]. The process of predicting and propagating t L . L L
state variables and covariance matrix is recursive andavallo
for the robot to localize itself. Figure 2. Dead-reckoning odometry error in x-direction.

The robot in the simulation used a simple motor schema
to navigate through the environment while avoiding obstsicl
The robot merely moved in a straight line until its laser segs
detected an obstacle within 3 meters, at which point, thetrok **
turned away from the vector pointing from the robot to th ;|
obstacle. Also, the robot decreased its velocity propoétily
to the distance to the obstacle. This simple motion allow¢ 5[ T
the robot to navigate the environment and detect landmarks
shown in Figure 1.
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N Figure 3. EKF error in x-direction.
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Figure 1. Differential robot navigating the Stage enviremn

In Figure 1, the landmarks are denoted by the yellow, gree_lo i
red, blue, and black boxes. The robot is denoted by the sma
blue box with a tail showing the recent locations of the robc™?

IV. EVALUATION OF RESULTS = m 20 o rm

The performance of the EKF localization algorithm wasigure 4. Dead-reckoning odometry error in y-direction.
compared against localization only using dead-reckonihg.
metric that was used to compare the two localization tech-When the percent errors displayed in the figures are com-
nigues was the percent error between the estimated positpared it is clear that the EKF localization technique presdic



EKF algorithm. However, it should be noted that the Stage
simulator communication node provided by the standard ROS
distribution was not sufficient for simulating a robot with a
color blob finder. A ROS node that was developed by one
of the ROS community members had to be installed in order
to access all of the Stage simulator messages and commands.
Also, the Eigen C++ library proved to be a great help in the
implementation of the EKF algorithm. Eigen is a C++ library
50 L 1 that facilitates the use of linear algebra in C++. Eigen futles
a simple syntax for initializing matrices and it even prasd
functions for multiplying, transposing, and taking theéanses
100 200 e 00 of matrices.

There are definitely improvements that could be made to
the EKF algorithm as well as the overall architecture of the
system. An inherent problem in EKF is the fact that lineariza

state variables that deviated less from the actual statabrag tion results in rounding errors in the internal motion model
than the state variables predicted by dead-reckoning. wHether Kal_man filters should b_e explored such as the Unscented
comparing the figures it is important to note that the deatf@/man filter. Also, the motion planner for the robot could
reckoning percent error increased to over -29% while tfR¢ improved in or(EIer to maximize landmark observations.
maximum percent error in EKF was only around -12%. Alsgzurrently, the robot's motion planner is only concernechwit
the EKF algorithm usually maintained a percent error near t0Ving in a straight line and avoiding obstacles when they
0% mark. However, the dead-reckoning technique predict8ff Within a certain range. The robot's motion planner is not
state variables that oscillated and drifted wildly. A finaiter 2ffected t?y the presence or absence of landmarks. However,
about the plots is that the EKF plots show evidence of the robot’s state prediction could be improved if the robot
periodic waveform. In the EKF plots, both the x and ctively sought out landmarks as it navigated the envirorime
predicted states begin to deviate from the actual robotipasi When goals are eventually added to the robot's planner, the
rapidly at the same time. The error in the x and y predictég@pot could allocate time to seeking out landmarks to improv
values then decreased at the same time. This occurred i§t@f€ estimation while on its way to its objective. Finally,
periodic fashion. Even though the plots of the dead-reaig)nithe use of multiple agents in the simulator is an mteres_tlng
states oscillated, the oscillations in the x and y errorgoiegre réSearch problem. The multiple agents would communicate
not time-correlated. with each other and observe each other in order to improve
individual localization. In multi-agent systems, it woule
interesting to determine if the improved localization isrtho
the increased use of communication bandwidth.

Given that the dead-reckoning technique produced a larger
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Figure 5. EKF error in y-direction.

V. DISCUSSION



