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ABSTRACT– Estimating the states of a manipulator is a 

challenging task as it consists of sinusoidal functions that 

cannot be represented by a simple, linear model. In such 

cases, the well-known extended Kalman filter (EKF) may 

not yield reliable estimates. The calculation of the Jacobian 

matrix, as part of the EKF, may not be straightforward and 

introduces errors in the nonlinear approximations. A 

relatively new estimation strategy called the sliding 

innovation filter (SIF) offers an alternative solution to the 

EKF. The SIF forces the estimates to be within a region of 

the measurements, with some differences due to system 

modeling. In this paper, the SIF is used to estimate the 

states of a robotic arm of type prismatic-revolute (PR). The 

results are compared with the well-known EKF. A faulty 

scenario is considered when the robot parameters are 

poorly defined. The results demonstrate the effectiveness 

and robustness of the SIF, and offers an alternative 

estimation strategy for estimating different robot types. 

 

 KEYWORDS– Sliding innovation filter, extended Kalman 

filter, prismatic-revolute, uncertainties, robot system. 

1. INTRODUCTION 

Sliding innovation filter (SIF) was presented in 2020 as a 

model based filter that uses the true measurements as 

hyperplanes and forces the estimates to stay within its zone 

[1-10]. The filter uses a model that approximate the actual 

system, and then simulates it using the input [11-20]. SIF 

belongs to the predictor-corrector filter where the filter 

refines its prediction by a corrector gain that is derived 

from Lyapunov theorem. Similar to smooth variable 

structure filter (SVSF) [21-30] and sliding mode observer 

(SMO) [31-40], the filter is considered robust and stable 

against any uncertainty.  

SIF is different than the Kalman Filter (KF) and its 

variances like the Extended KF (EKF), the Unscented KF 

(UKF), and the Lattice KF (LKF). These filters are known 

to be optimized filters, that seek to minimize a cost 

function like least squared error and maximum likehood 

function [41-50].  

In this brief work, the SIF is used to estimate the states 

of a robotic arm (manipulator). The system consists of two 

joints: prismatic (P) and revolute (R). The PR system, 

which will be discussed in the following section, looks 

similar to the cart-pendulum system. The rest of the paper 

is organized as follows: Section 2 introduces the robotic 

arm PR, while Section 3 describes SIF and EKF. The 

results are illustrated and discussed in Section 4 and 

concluded in Section 5.  

2. PR MODEL 

A manipulator robotic arm with two joints; one prismatic 
and one revolute, is illustrated by the schematic of figure 1. 
The system moves on x-axis, then the second link rotates 
around the z-axis. The mechanism is similar to a pendulum 
on a cart. 

 

Figure 1. PR robotic arm 

To derive the mathematical model for the system, we 

start with the position of the masses and their velocities. 

𝑃𝑚1
= [𝑑 0 0]𝑇 → 𝑣1 = [𝑑̇ 0 0]

𝑇
   (1) 

𝑃𝑚2
= [𝑑 + 𝑙𝑠  − 𝑙𝑐  0]𝑇 → 𝑣2 = [𝑑̇ + 𝑙𝑐𝜃̇  𝑙𝑠𝜃̇  0]

𝑇
 (2) 

where 𝑃𝑚1
, 𝑣1, 𝑃𝑚2

 and 𝑣2 are the position and velocity of 

the first mass (𝑚1), and the position and velocity of the 
second mass ( 𝑚2) , respectively. 𝑐  and 𝑠  represent the 
cosine and sine of the angle 𝜃.The angular velocities of the 
first (𝜔1) and second (𝜔2) masses are given as: 

𝜔1 = [0 0 0]𝑇 and 𝜔2 = [0 0 𝜃̇]
𝑇
   (3) 

Knowing that 𝑔 = [0 − 𝑔𝑦  0]
𝑇

,  then the Lagrange 

function (L) can be formulated as: 

𝐿 =
1

2
𝑚1𝑑̇2 +

1

2
𝑚2(𝑑̇2 + 2𝑑̇2𝑙𝑐𝜃̇ + 𝑙2𝜃̇2) +

1

2
𝐼2𝜃̇2 +

𝑚2𝑙𝑐𝑔𝑦      (4) 
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Using the Euler-Lagrange method, the system is: 

𝑢 = 𝑀Φ̈ + 𝑉(Φ, Φ̇) + 𝐺(Φ)   (5) 

Where 𝑢  is the input and 𝑀 =

[
(𝑚1 + 𝑚2) 𝑚2𝑙𝑐

𝑚2𝑙𝑐 (𝑚2𝑙2 + 𝐼2)
] , 𝑉(Φ, Φ̇) = [−𝑚2𝑙𝑠𝜃̇2

0
]  and 

𝐺(Φ) = [0 𝑚2𝑙𝑠𝑔𝑦]
𝑇

. Φ is the system variables and it is 

equal to [𝑑 𝜃]𝑇 .  

The discrete representative of the is defined for the states: 

𝐱 = [𝑥1 𝑥2 𝑥3 𝑥4]𝑇 = [𝑑 𝜃 𝑑̇ 𝜃̇]
𝑇
   (6) 

As follows: 

𝐱𝑘+1 = 𝐱𝑘 + 𝑇𝑠 [

𝑥3

𝑥4

𝑀−1 (𝑢 − 𝑉(Φ, Φ̇) − 𝐺(Φ))
]

𝑘

 (7) 

For simplicity, the system is rewritten as: 

𝐱𝑘 = 𝑓(𝐱𝑘−1, 𝐮𝑘−1) + 𝐰𝑘−1, 𝐳𝑘 = 𝐇𝑘𝐱𝑘 + 𝐯𝑘 (8) 

where 𝑇𝑠 is the sampling time and it has a value of 1𝑚𝑠𝑒𝑐, 
and the system noise and measurement noise vectors are 
𝐰𝑘−1 and 𝐯𝑘, respectively. 

3. METHODOLOGY 

3.1 SIF algorithm 

The SIF has a prediction and a correction stages. In the first 
stage, an unrefined estimates called the a priori estimate 
(𝐱̂𝑘|𝑘−1) is obtained using the system model. Later, in the 

second stage, the filter corrects the estimate to a refined 
version called the a posteriori estimate (𝐱̂𝑘|𝑘). These steps 

are as follows: 

1- Prediction Stage,  

𝐱̂𝑘|𝑘−1 = 𝑓(𝐱̂𝑘−1|𝑘−1, 𝐮𝑘−1), 𝐳̂𝑘|𝑘−1 = 𝐇𝑘𝐱̂𝑘|𝑘−1 (9) 

2- Update Stage,  

𝐱̂𝑘|𝑘 = 𝐱̂𝑘|𝑘−1 + [𝑆𝑘(𝐳𝑘 − 𝐳̂𝑘|𝑘−1)], 𝐳̂𝑘|𝑘 = 𝐇𝑘𝐱̂𝑘|𝑘 (10) 

where 𝑆𝑎𝑡𝑘  is a square diagonal matrix with elements 
defined as:  

𝑆𝑖,𝑘 = 𝐇𝑘
+ {

|𝐳𝑖,𝑘−𝐳̂𝑖,𝑘|𝑘−1|

𝜓𝑖,𝑘
|𝐳𝑖,𝑘 − 𝐳̂𝑖,𝑘|𝑘−1| < 𝜓𝑖,𝑘

1 |𝐳𝑖,𝑘 − 𝐳̂𝑖,𝑘|𝑘−1| ≥ 𝜓𝑖,𝑘

 (12) 

where 𝜓𝑖,𝑘  is the boundary layer for the 𝑖𝑡ℎ  measurement 

and 𝐇𝑘
+ is the pseudoinverse of the measurement matrix.  

3.2 EKF algorithm 

The EKF is similar to the SIF as it is a predictor-corrector 
filter. However, it needs to calculate the error covariance 
matrix (𝐏) using the Jacobian matrix of the system model 
(𝐀) and the system and measurement covariance matrices, 
𝐐  and 𝐑 , respectively. The algorithm is summarized as 
follows:  

1- Prediction Stage,  

𝐱̂𝑘|𝑘−1 = 𝑓(𝐱̂𝑘−1|𝑘−1, 𝐮𝑘−1), 𝐳̂𝑘|𝑘−1 = 𝐇𝑘𝐱̂𝑘|𝑘−1 (13) 

2- Update Stage,  

𝐱̂𝑘|𝑘 = 𝐱̂𝑘|𝑘−1 + 𝐾𝑘(𝐳𝑘 − 𝐳̂𝑘|𝑘−1), 𝐳̂𝑘|𝑘 = 𝐇𝑘𝐱̂𝑘|𝑘 (14) 

Where  

𝐊𝑘 = 𝐏𝑘|𝑘−1𝐇𝑘
𝑇(𝐇𝑘𝐏𝑘|𝑘−1𝐇𝑘

𝑇 + 𝐑𝑘)
−1

  (16) 

and 

𝐏𝑘|𝑘−1 = 𝐀𝑘−1𝐏𝑘−1|𝑘−1𝐀𝑘−1
𝑇 + 𝐐𝑘−1  (17) 

4. SIMULATION RESULTS 

The EKF and SIF are applied to the nonlinear system PR 
robotic arm derived in Section 2. The algorithms are 
simulated 1000 times as Monte Carlo simulation for each  
case of the two cases, without (case 1) and with (case 2)

Table 1. Simulation parameters for system and filters 

Parameter Actual System Filter with no uncertainties Filter with uncertainties 

𝑚1 1 𝑘𝑔 1 𝑘𝑔 0.01 𝑘𝑔 

𝑚2 0.1 𝑘𝑔 0.1 𝑘𝑔 0.01 𝑘𝑔 

𝐼2 0.0037 𝑘𝑔. 𝑚2 0.0037 𝑘𝑔. 𝑚2 0.0 𝑘𝑔. 𝑚2 

𝑙 0.3 𝑚 0.3 𝑚 0.1 𝑚 

𝜓𝑘 for SIF  [0.1 0.1 0.3 0.5]𝑇 

𝑄 = 𝑅 for 
EKF 

 𝑑𝑖𝑎𝑔([3.33 × 10−5  3.33 × 10−5  3.33 × 10−3  3.33 × 10−3]) 

𝑃0 for 
EKF 

 𝑑𝑖𝑎𝑔([3.33 × 10−4  3.33 × 10−4  3.33 × 10−2  3.33 × 10−2]) 
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modeling uncertainties. The parameters of the two cases are 
summarized in table 1. Each simulation has different noise 
amplitudes. For each run, the root mean squared error 
(RMSE) and the maximum absolute error (MAE) are 
calculated as follows: 

 

𝑅𝑀𝑆𝐸 = √∑ (𝑥𝐴𝑐𝑡𝑢𝑎𝑙,𝑖−𝑥𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛,𝑖)
2𝑛𝑠

𝑖=1

𝑛𝑠
  (18) 

 

𝑀𝐴𝐸 = max(|𝑥𝐴𝑐𝑡𝑢𝑎𝑙 − 𝑥𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑖𝑜𝑛|)  (19) 

 

Figure 2 shows the Monte Carlo Simulation results for case 
1 and case 2, while Figures 3 and 4 show the error of the 
states for case 1 and case 2, respectively. The results are 
grouped for RMSE in (a) and (c), and MAE in (b) and (d). 
The results are found for the best solution for both filter in 
both cases and they are tabulated in Table 2 for case 1 and 
Table 3 for case 2. The results show similar behavior during 
Monte Carlo simulation. Moreover, they show a superior 
performance of SIF compared to EKF for both cases. 
Moreover, they show that the SIF’s RMSE and MAE are 
reduced up to 25% compared to the EKF performance for 
case 1, and up to 50% for RMSE and 90% for MAE for case 
2.

 

  
(a) (b) 

  
(c) (d) 

 
Figure 2. The Monte Carlo Simulation results for (a) RMSE and (b) MAE for case 1, and for (c) RMSE and (d) MAE for 

case 2. 
 

  
(a) (b) 
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(c) (d) 

 

Figure 3. The performance of the filters for (a) first, (b) second, (c) third and (d) fourth states for case 1. 

 

  
(a) (b) 

  
(c) (d) 

 

Figure 4. The performance of the filters for (a) first, (b) second, (c) third and (d) fourth states for case 1. 
 

Table 2. RMSE and MAE for case 1 

 𝑅𝑀𝑆𝐸 in 𝑀𝐴𝐸 in 

 SIF EKF SIF EKF 

𝑥1 (𝑚) 1.1 × 10−03 3.8 × 10−03 3.9 × 10−03 9.4 × 10−03 

𝑥2(𝑟𝑎𝑑) 1.0 × 10−03 3.8 × 10−03 3.4 × 10−03 9.3 × 10−03 

𝑥3(𝑚/𝑠) 2.2 × 10−02 3.3 × 10−02 5.8 × 10−02 8.6 × 10−02 

𝑥4(𝑟𝑎𝑑/𝑠) 1.5 × 10−02 3.3 × 10−02 4.7 × 10−02 8.9 × 10−02 
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Table 3. RMSE and MAE for case 2 

 𝑅𝑀𝑆𝐸 in 𝑀𝐴𝐸 in 

 SIF EKF SIF EKF 

𝑥1 (𝑚) 1.1 × 10−03 3.9 × 10−03 3.9 × 10−03 9.3 × 10−03 

𝑥2(𝑟𝑎𝑑) 1.0 × 10−03 4.0 × 10−03 3.4 × 10−03 1.1 × 10−02 

𝑥3(𝑚/𝑠) 4.8 × 10−02 2.0 × 10−01 1.0 × 10−01 5.4 × 10−01 

𝑥4(𝑟𝑎𝑑/𝑠) 5.0 × 10−02 2.0 × 1000 1.1 × 10−01 4.8 × 1000 

 

5. CONCLUSION 

In this short paper, the relatively new SIF was applied to a 
highly nonlinear robotic system of type PR. The SIF was 
applied under two cases, without and with uncertainties. 
The performance was compared to the EKF. The results 
demonstrated a strong performance for the SIF as compared 
to the EKF, with the largest RMSE of 0.05 and MAE of 
0.11. In the future, additional investigations will be 
conducted for higher-order systems with fewer number of 
measurements than states. 
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