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The rapid adoption of electric vehicles in the near future will require significant efforts in the field of battery 
technology. An integral part of this is to provide a reliable diagnosis for a variety of information required. 
Impedance spectroscopy is one suitable and efficient method to obtain the required information. It 
provides information on the condition of the battery that can be used in the energy management of the 
vehicle as well as for a state monitor during the whole life cycle of the battery. Determination of state of 
charge or battery capacity can be supported by impedance spectroscopy. The driving range of the vehicle 
depending on load conditions can be determined by time domain simulations. The use of the battery can 
be controlled while simultaneously minimizing aging. Various models for batteries can be used, for 
example, on the basis of ordinary, nonlinear differential equations, digital filters or equivalent circuits 
together with the corresponding methods for system identification in the time or frequency domain. Fast 
measurement methods of impedance spectra and stochastic methods for nonlinear parameter 
optimization are supporting an efficient and reliable information retrieval. Thereby a significant advantage 
over the prior art in terms of shorter measuring and computing time and higher reliability of the algorithms 
can be achieved. 

	� 
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Right now there is the consensus in politics and society to rapidly change the energy source of our daily 
mobility from a fossile to a regenerative based one. The use of regenerative power sources requires 
powerfull energy storage devices. Most of these devices will be electrochemical based like batteries and 
double layer capacitors (DLC). Due to the high costs of batteries for electric and hybride vehicles a 
powerful diagnosis is essential to protect the battery and to ensure long lifetime and high reliability. 
 
Various diagnostic methods exist which can be separated into invasive and non-invasive methods. For 
the diagnosis of vehicle batteries only non-invasive methods are applicable. These non-invasive methods 
involve static discharge tests, pulse pattern tests [1, 2], methods that perform an online estimation with 
Kalman filters [3], state estimation with neural networks [4], unsharp classification [5], electrochemical 
impedance spectroscopy (EIS) [6, 7] and others. Among these methods EIS can be used in all steps of 
the life cycle of a battery, ranging from product development, quality assurance and characterization tests 
to in-application diagnostics. EIS can give insight into electrochemical processes inside the battery thus 
helping to optimize its usage regarding aging and power handling capability. 
 
In the vehicle the information gained by EIS can be used to determine the state of charge and aging 
influences [7] or to simulate the battery response for a given load [8]. In a complex system like an electric 
vehicle this helps to estimate the possible range with the remaining charge and to optimize the power 
management strategy. With a more comprehensive view, the detailed information about the battery can 
be used for an optimized integration of vehicles into a smart grid and for a wear leveling of a certain 
number of batteries. 
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Battery models are essential for battery simulation and battery diagnosis. For battery diagnosis they 
provide the opportunity to compact information obtained from impedance measurements. For time 
domain simulations models are required as underlying simulation equations. For determining the 
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parameters of the models, measured data is required that can be obtained in the frequency and time 
domain. Both of them have different advantages. Time domain data is very easy to acquire but it is more 
complex, to determine model parameters directly from time domain data without any previous signal 
processing. Frequency domain data, for example spectra of measured currents and voltages or 
impedance spectra, in some cases allow a direct determination of model parameters such as series or 
charge transfer resistances. For determining frequency domain data, signal processing is always required 
for example a fast fourier transform. 
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Figure 1: Data and model representation 

 
Similar to measured data, battery models can be derived as time domain models, frequency domain 
models but also as mixed models. Equivalent circuits are the most popular battery models. Basic 
equivalent circuits can be considered as mixed models because they have equivalent representations in 
time and frequency domain that are linked by certain transforms without any loss of information between 
both domains. State space models and digital filters are very similar to basic equivalent circuits because 
they also have a transformation that links time and frequency domain representation without loss of any 
information. In the case of constant phase elements are present in the models, the model is be 
considered as frequency domain model because it cannot be transformed directly in the time domain [6]. 
The link between time and frequency domain for constant phase element models can be established by 
fractional-order control theory and will result in approximate models in the time domain [9]. In the case of 
considering nonlinearities, such as nonlinear charge transfer reactions, time domain models are more 
suitable because for example the butler volmer equation can directly be inserted in an ordinary differential 
equation system [10]. In this case the time domain model cannot be converted into a frequency domain 
model in general. A transform is only possible for a working point. 
 
For the determination of model parameters linear and nonlinear deterministic and stochastic optimization 
methods are applied. Linear optimization methods are only applicable to basic linear problems. In the field 
of battery diagnosis the optimization problems are nonlinear in most cases. Deterministic methods such 
as the Levenberg Marquardt method are a quasi standard for nonlinear parameter optimization. For an 
unattended, automated nonlinear parameter optimization, stochastic methods are preferable because 
residuals for large parameter search spaces are smaller compared to deterministic methods [11]. 

�� �������������
In the following sections some examples applying impedance spectroscopy that are relevant for eclectic 
mobility are discussed. The examples cover the field of impedance determination, analyzing the aging 
behavior of a battery and voltage prediction. These fields are important because they support a proper 
operation of the battery by detecting the actual battery health, minimize battery ageing and maintaining 
safe operation conditions. 
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For the parameterization of battery models in the frequency domain, frequency domain data is required. 
Data is obtained by impedance measurements. Especially in the field of batteries the frequencies of 
interest are very low and the time for measurement is long accordingly. To shorten time required for 
impedance measurement several signals for example rectangular, noise and multi sine impedance 
measurements can be used. Using multi sine signals is very advantageous because measurement time 
can be reduced about 50% and the signal to noise ratio is very good compared to other signals [12]. For 
calculating the impedance from a multi sine time domain signal, first the signal is multiplied by a window S E N S O R + T E S T C o n f e r e n c e s 2 0 1 1 � S E N S O R P r o c e e d i n g s 2 9



function to reduce the leakage effect. After that, zeros are appended to improve the frequency resolution. 
The result of the fast fourier transform show the spectral lines of the frequencies contained in the multi 
sine signal. From amplitude and phase of each spectral line the impedance can be calculated for each 
frequency [13]. 
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Figure 2: Extracting impedance from multi sine signals 

 
In technical applications related to electric mobility these techniques can be used to faster determine 
impedance lookup tables for battery behavior at different temperature and state of charge. 
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The aging behavior of a battery can be analyzed by fitting impedance models to measured impedance 
data. The Randles equivalent circuit, which has been derived for describing electrode kinetics, is a very 
basic and well understood impedance model [14]. The following equations show the impedance model 
equation, containing a charge transfer resistance RD, a double layer capacitance CD and a Warburg 

diffusion element σW.  

 

 
 
The Randles equivalent circuit is normalized in the given equation. Normalization allows a more robust 
parameter extraction and contributes to a more technical and less chemical interpretation of the fitting 
results. From measured parameters, threshold values can be determined, defining the end of life of a 
battery. In the example given in figure 3 the major contribution to aging comes from the charge transfer 
resistance RD. So its value can be used to define an end of life criteria additional to the often used value 
of RE, that contributes less significant to aging in the given example. 
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Simulation of the battery voltage is a challenging task related to electric mobility. It is required for 
predicting vehicle range under certain load conditions for example a certain speed or altitude profile. It is 
also required for predicting the short time behavior of the battery under certain load conditions for 
example during acceleration or the use of ancillary units. Predicting the battery voltage is based on 
simulation models and its parameters. For determining model parameters in the frequency and time 
domain examples will be discussed in the following sections. 

����	� �������������������������������������

Determining model parameters from the frequency domain is very similar to the methodology applicable 
to analyzing the aging behavior. For simulating the battery behavior in the time domain a simple model 
considering battery voltage, a series resistance and Warburg diffusion is considered. Figure 4 shows the 
corresponding equivalent circuit. For the constant phase element used, a suitable time domain 
representation is required. Therefore several methods for approximating fractional order systems by 
rational order system are available [15]. The method described in [16] is very convenient because it 
allows a straight forward digital filter realization [8]. 
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Figure 4: Determinging time domain model parameters from frequency domain data 

 
Figure 5 shows the voltage simulation results. After a simulation time of 1000s the voltage deviation is 
less than 1mV. At a time of 600s there is a small deviation of 20mV due to the changing state of charge.  
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The deviation is caused by the changing battery parameters that are not considered during time domain 
simulation. The model parameters are kept constant during the whole simulation. By also changing the 
model parameters during simulation the observed deviation can further be reduced. 
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Performing time domain simulations using parameters extracted from time domain data is the most 
challenging task. It can for example be used to extract battery parameters from regular voltage and 
current fluctuations that are cause by several electrical loads. Figure 6 shows a measured voltage and 
current profile of a battery cell that might occur by the operation of a windshield wiper. 
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Figure 6: Measured data for model parameterization 

 
From the shown signal, parameters of linear and nonlinear dynamic battery models can be derived and 
used for the simulation of other loads for example the starter or other ancillary units. Figure 7 shows an 
example for a starting pulse simulated with the parameters extracted from the windshield wiper data and 
the corresponding measured battery voltage. From time domain simulation results a decision is possible 
whether an ancillary unit can be operated or not by not exceeding certain voltage limits. 
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Figure 7: Comparison of measured and simulated voltage 
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Many methods based on impedance spectroscopy are applicable to electric mobility. Fast impedance 
measurements accelerate the data acquisition process. Analyzing the aging behavior using compact 
impedance models allows defining reliable battery health indicators and end of life criteria. Voltage 
predictions help to decide on driving profiles, estimate the vehicle range and operating ancillary units. 
These tasks can be solved by using proper categorizing battery models and measured data in time and 
frequency domain and clarifying their relations. A scheme of time and frequency domain models and data 
will also support the identification of solutions for other technical challenges in the field of electric mobility. 
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