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Abstract: Robot localization is a position estimation issue. Gaussian or non parametric executions ought to be 

considered  to estimate position of robot. In this paper we use nonlinear filter approach to tackle the robot position 

estimation issue. The aim of this paper is to acquaint with the kalman filter and the extended kalman filter algorithm for 

determining the position of a mobile robot. The performance of EKF and the quality of position estimation depends on 

the exact a priori information of process and measurement noise covariance matrices. Taking this problem into a 

account and to solve mistakes show in estimations the simulation results can be drawn with better accuracy of the filters 
in estimating the robot's localization. 
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1. INTRODUCTION 
 

The fundamental problem in mobile robotics is 
localization. In this paper we introduce extended kalman 

filter algorithm to solve the localization problem 

[2],[3],[5][1]. However, localizing a mobile robot using 

only odometry is inaccurate, since the error arising from 

the uncertainties of the odometric model and the 

measurement noise of the odometric sensor is 

accumulating [1] [6]. A robot can simultaneously build a 

global environment map and then use this map to localize 

itself in the environment, which is known as a SLAM [7] 

(simultaneous localization and mapping) algorithm. In the 

literature, many approaches and algorithms involved in 
solving the SLAM, localization and mapping problem 

have been proposed. Filtering is a very used method in 

engineering and embedded systems. A good filtering 

algorithm can reduce the noise from signals while 

retaining the useful information [1].  
 

This paper is organized as follows. In Section 2 the 

prediction step and the correction step of the KF are 

described. Section 3 EKF equations are described. In 

Section 4 are the simulation results of EKF localizing the 

robot in an indoor environment  In Section 5paper is 

concluded. 

 

2.KALMAN  FILTER 
 

Within the significant toolbox of mathematical tools that 

can be used for stochastic estimation from noisy sensor 

measurements, one of the most well-known and often-used 

tools is what is known as the Kalman filter. It is recursive 

so that new From a theoretical standpoint, the Kalman 

filter is an algorithm permitting exact inference in a linear 
dynamical system, which is a Bayesian model similar the 

state space of the latent variables is continuous and where 

all latent and observed variables have a Gaussian 

distribution. Equations of Kalman filter  

 

 
 

Model 
𝑔𝑘 = 𝑈𝑘𝑔𝑘−1 + 𝐴𝑘𝑛𝑘 +𝑊𝑘  

 

where 

 𝑈𝑘  is the state transition model which is applied to the 

previous state 𝑔𝑘−1 

 Ak is the control-input model which is applied to the 

control vector nk; 

 wk is the process noise with covariance Qk 
 

𝐷𝑘 = 𝐸𝑘𝑔𝑘 +𝑚𝑘  
 

𝐷𝑘   is at time k an observation  

 

Predict 

𝑔 𝑘|𝑘−1 = 𝑈𝑘𝑔 𝑘−1|𝑘−1
+ 𝐴𝑘𝑛𝑘

 

 

𝐶𝑘|𝑘−1 = 𝑈𝑘𝐶𝑘−1|𝑘−1𝑈𝑘
𝑇 + 𝑄𝐾 

 

Update 

𝑦 𝑘=𝐷𝑘−𝐸𝐾𝑔 𝑘 |𝑘−1
 

 

𝑆𝑘 = 𝐸𝑘𝐶𝑘|𝑘−1𝐸𝑘
𝑇 + 𝐽𝑘  

 

𝐾𝑘 = 𝐶𝑘|𝑘−1𝐸𝑘
𝑇𝑆𝑘

−1 

 

𝑔 𝑘|𝑘 = 𝑔 𝑘|𝑘−1 + 𝐾𝑘𝑦 𝑘 

 

𝐶𝑘|𝑘 = (𝐼 − 𝐾𝑘𝐸𝑘)𝐶𝑘|𝑘−1 

 

Extensions of Kalman Filter 

• Validation gates - rejecting outlier measurements  

• Serialization of independent measurement processing 
•Numerical rounding issues -avoiding asymmetric 

covariance matrices 

• Non-linear Problems - linearising for the Kalman filter 
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3.THE EXTENDED KALMAN FILTER (EKF) 

 

As described above  the Kalman filter addresses the 
general problem of trying to estimate the state of a 

discrete-time controlled process that is governed by a 

linear stochastic difference equation. But what happens if 

the process to be estimated and (or) the measurement 

relationship to the process is non-linear? Some of the most 

interesting and successful applications of Kalman filtering 

have been such situations. A Kalman filter that linearizes 

about the current mean and covariance is referred to as an 

extended Kalman filter or EKF. The Extended Kalman 

filter (EKF) is one of the nonlinear filter which has 

become a standard technique used in a number of 
nonlinear estimation and machine learning applications. 

Equations of extended kalman filter. 
 

Model 

𝑔𝑘 = 𝑓 𝑔𝑘−1 ,𝑛𝑘 +𝑤𝑘  
 

𝐷𝑘 =  𝑔𝑘 +𝑚𝑘 
  
wk and mk are the process and observation noises with 
covariance Qk and Jk. nk is the control vector. 
 

Predict    

𝑔 𝑘|𝑘−1 = 𝑓(𝑔 𝑘−1|𝑘−1 ,𝑛𝑘) 
State estimate predicted 

 

𝐶𝑘|𝑘−1 = 𝑈𝑘𝐶𝑘−1|𝑘−1𝑈𝑘
𝑇 + 𝑄𝑘  

Covariance estimate predicted 
 

Update 

𝒚 𝒌 = 𝒈𝒌 −𝒉 𝒈 𝒌|𝒌−𝟏  
 

𝑺𝒌 = 𝑬𝒌𝑪𝒌|𝒌−𝟏𝑬𝒌
𝑻 + 𝑱𝒌 

 

 Kalman gain𝑲𝒌 = 𝑪𝒌|𝑲−𝟏𝑬𝒌
𝑻𝑺𝒌

−𝟏 
 

𝑔 𝑘|𝑘 = 𝑔 𝑘|𝑘−1 + 𝐾𝑘𝑦 𝑘 

State estimate updated 
 

𝐶𝑘|𝑘 = (𝐼 − 𝐾𝐾𝐸𝐾)𝐶𝑘|𝑘−1 

Covariance estimate updated 

 

4. SIMULATION RESULTS 

 

 

5. CONCLUSION 

 

Keeping in mind the end goal to utilize mobile robot for 
any application, robot should have a precise data. The 

greater part of the restriction frameworks depend on the 

sensors or the guide of the earth. In this way, restriction is 

a noteworthy prerequisite for a mobile robot. The 

exploring operation in mobile robot more often than not 

utilizes the odometry sensors to find its position. These 

odometry sensors figuring the quantity of upsets that the 

wheels make while driving and turning. This perusing of 

the wheel is accustomed to assessing the uprooting over 

the ground to give a make of the area of the robot. Along 

these lines of limitation have numerous issues, for 
example, wheel slippage, surface unpleasantness, and 

mechanical resistances. This research work, proposes a 

robot limitation framework taking into account the 

extended kalman filter to beat the issues of restriction in 

mobile robot. The exploratory consequence of this paper 

delineates the strong and the precision of the proposed 

framework.  MATLAB simulation of mobile robot is 

performed using Extended Kalman Filter. 
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