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Abstract. The nature of the “Portable Intelligent Micro Device for 
Hemodialysis” system requires a mobile electrical energy source capable of 
providing the essential power for efficient system operation. A battery with 
a management system can ensure this operation, the first target is to model 
the battery with a simple model capable of combining the various internal 
and external parameters that can affect battery behavior, then we develop 
the equations required to compose the two filters “Extended Kalman Filter” 
and “Invariant Extended Kalman Filter” in order to guarantee the estimation 
of the state of charge, which is a key element for the desired operation, and 
finally a MATLAB/Simulink simulation to compare the two filters, which 
reveals the IEKF filter's performance in terms of stability and precision. 

1 Introduction 
A battery is needed to power the “Portable Intelligent Micro Device for Hemodialysis” 
system, to ensure its electrical independence. A battery model that describes its dynamic 
operation is essential for its use in many applications, to ensure normal functioning of the 
system. Several references feature different battery models, according to reference [1] and to 
better model battery dynamics, five methods have been developed and experimentally proven 
to deduce the best one, with the aim of sorting the battery cells and finding a relationship 
between the battery's dynamic parameters, the first method is based on battery capacity and 
internal resistance in AC “ACIR”, where the cell capacity is found with different values of 
charging and discharging constant current, and the internal resistance is measured at a low 
alternating current with a constant frequency of 1 kHz in various states of charge, the second 
method is the best method for modelling battery dynamics by applying an alternating voltage 
with several frequencies to the battery terminals, then deducing the second-order circuit 
parameters using the Hough transform algorithm or impedance processing software, the third 
method is based on the voltage curve at the battery terminals during a charge cycle (Constant 
Current - Constant Voltage)/discharge cycle (Constant Current), and then deduces the 
parameters needed to characterize the battery's dynamics, the fourth method is presented with 
the PNGV model, deducing its parameters with Hybrid Pulse Power Characterization HPPC, 
the last method is based on the thermal behaviour of the battery, by calculating the surface 
temperature of the cells during multiple charge/discharge cycles with different current values. 
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 Reference [2] presents a comparison between five models; “the Combined Model” is 
composed of an internal resistor, a polarization resistor and various constants to adjust the 
terminal voltage to the true voltage, “the Simple Model” is made up of a voltage that depends 
on the battery's state of charge and two different resistors, one for charging and the other for 
discharging, “the Zero-State Hysteresis Model” is presented by a voltage that depends on the 
state of charge, an internal resistance and a term that describe the hysteresis cycle, “the One-
State Hysteresis” model is an improvement on the “the Zero-State Hysteresis Model”, where 
a hysteresis state variable is added to the state model, and finally “the Enhanced Self-
Correcting” model, where by adding the capacitive effect seen in batteries during a 
charge/discharge current pulse, the cell voltage is delayed until it reaches its final value. 
 In order to estimate the battery's state of charge with a developed, easy-to-implement and 
efficient method, we need to choose a suitable model. The Enhanced Self-Correcting model 
presents remarkable results and minimizes error in state of charge estimation [3]. Many 
articles discuss various methods of estimating the state of charge, citing methods based on 
Coulomb counting [4-6] have the major disadvantage of accumulating error due to the initial 
state of charge, giving a divergent result. Other methods based on observers and Kalman 
Filters [7-11], the comparison in this study between EKF and IEKF shows that we can have 
a method for estimating the state of charge that is efficient and simple to implement compared 
with other methods, and finally methods that focuses on artificial intelligence [12-14] that 
require a large amount of data with good quality. 

2 System modelling   
The circuit used to model the battery is one of the best models describing battery operation, 
the Enhanced Self-Correcting model, shown in the following figure: 

  

Fig. 1. Equivalent circuit of ESC model. 

The voltage measured in discrete time at instant k∈ Z is expressed by the following 
relationship: 

 
vk=OCV(SOCk)+R0ik+R1i1k+Hysteresisk  (1) 

With ik is the line current, i1k the current in resistor R1, C1 is the condenser capacitance, 
OCV(SOCk) is the open-circuit voltage at the battery terminals, Hysteresisk presents the 
hysteresis cycle in the battery. R0, R1 and OCV(SOCk) are internal parameters and can be 
expressed as a function of the state of charge, external cell temperature, battery life and 
many other parameters that affect battery operation more or less, the hysteresis cycle is 
expressed by the following equation [2]: 

 

�
Hysteresisk=c0hk+c1mk

hk= � sign(ik),|ik|>0
hk-1,  otherwise  

    (2) 

Where c0 and c1 are constants, hk represents battery charge/discharge and mk denotes slow 
cycle variation. 

 Later on, we'll need the state representation of the system, the state vector is composed 
by xk=[SOCk,i1k,mk]T∈R3, the input vector is ek=[ik,sign(ik)]

T∈R2 and the output sk=vk∈R. 
The discrete state representation of the system is presented by the following equation [3]: 
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sk=f(xk,ek)=OCV(SOCk)+R1i1k+c1mk+R0ik+c0sign(ik)

  (3) 

 Where δ and ε are parameters characterizing the battery and C represents the battery 
capacity. 

3 State of charge estimation  
The major presence of batteries in recent years has meant that battery management systems 
have become increasingly important, precisely in terms of estimating the state of charge, this 
study compares two methods for estimating the state of charge with Kalman filters; Extended 
Kalman Filter and Invariant Extended Kalman Filter. To apply these two methods, we need 
to reformulate the system state representation and the filter gains to find the estimated values, 
the state representation becomes: 

 

�xk=g(xk-1,ek,ωk)=Fk-1xk-1+Gk-1ek+ωk
sk=f(xk,ek,νk)=Hkxk+Nkuk+νk

  (4) 

 
 With Qk=Cov�ωk∈R3�=E[ωkωk

T]∈R3×3and Rk=Cov(νk∈R)=E[νkνk
T]∈R1×1 are the 

covariance matrices, 𝜔𝜔� and 𝜈𝜈� are the unknown random Gaussian noises, in order to make 
the prediction and correction of the estimated state, the state representation becomes : 
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ek +ωk  (5) 

 
The main advantage of the Kalman Filter is the correction of the estimated or predicted 

value of the state vector, the first step is the propagation and is done by calculating the 
estimated vector and the covariance of the estimation error with the following equations in 
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the case of the two filter types EKF and IEKF, where E�k-1 is the corrected covariance at time 
‘k-1’: 

 
x�k=Fk-1x�k-1+Gk-1ek-1   (6) 
E�k=Fk-1E�k-1Fk-1

T +Gk-1Qk-1Gk-1
T  (7) 

 
And for correction of the estimated state vector and covariance, we use the following 

equations for EKF: 
 

Mk=E�kHk
T�HkE�kHk

T+NkRkNk
T�-1

 (8) 
x�k=x�k+Mk[sk-h(x�k)]   (9) 
 E�k=(In-MkHk)E�k    (10) 

 
The only difference between EKF and IEKF in the correction is the equation of the 

corrected state vector: 
 

x�k= exp�diag[sign(x�k)]diag{Gk[sk-h(x�k)]}� x�k   (11) 

4 The simulation and results: 
By using MATLAB/Simulink/Simscape, we choose a battery based on a lookup table to 
implement the simulation, using the previous equations we make a model with Simulink 
blocks to create the two types of Kalman filter, the following figure shows the block diagram 
of the filters: 
 

 
Fig. 2. The block diagram of EKF and IEKF under MATLAB/Simulink. 

The state of charge is estimated using the two filters EKF and IEKF, with constant charge 
and random discharge, and depth of charge/discharge equal to 60%, where we start 
charging the battery when the state of charge reaches 20% and begin the discharge cycle 
when 80% is reached. The following figure shows the state of charge estimated by EKF and 
the error found: 

 
Fig. 3. The state of charge estimated by EKF and the error. 

Even with an incorrect initial value, the estimated state of charge tends towards the true 
value, and after several charges/discharges of the battery the error varies between 5.492% 
and -3.039%. The following figure shows the estimated state of charge and the error found 
by IEKF: 

 
Fig. 4. The state of charge estimated by IEKF and the error. 

The state of charge estimated by IEKF tends towards the real value, and after a few 
charges/discharges of the battery the error found varies between 1.39% and -1.84%. We can 
see that IEKF performs better than EKF, and is more stable but more or less slow, which is 
beneficial in terms of results, IEKF is more stable even to random changes in discharge 
current, and has a limited error that is due to the model chosen as well as the charge 
estimation method. 

5 Conclusion: 
In conclusion, the proposed model gives good results for both the EKF and IEKF Kalman 
filters, as both are efficient in non-linear systems which is the case here, a simple and efficient 
model. The comparison between these two principles of state of charge estimation proves 
that IEKF is more accurate and stable, and with a simple change in the calculation algorithm 
we can get much better results, which is advantageous, in terms of either calculation 
complexity or the results obtained. 
 The performance of the chosen model and filters needs to be approved by experience, 
since the MATLAB/Simulink/Simscape model chosen does not take into account many 
phenomena, such as the variation of battery parameters (OCV, battery resistances, 
hysteresis cycle, etc.) as a function of temperature and state of charge, it may generate more 
ideas to improve the efficiency of the proposed algorithms for estimating the state of charge 
and achieving the main objective which is the high performance function of the 
hemodialysis system. 
Estimating the state of charge accurately and specifically for this device ensures efficient 
system operation, since the micro device's main power supply is the battery, thus increasing 
battery life while avoiding abnormal battery operation (overcharging/undercharging). 
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