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Abstract—This paper describes a study where a low-cost pro-
grammable battery discharger was built from basic electronic 
components, the popular MATLAB programming environment, 
and an low-cost Arduino microcontroller board.  After its com-
ponents and their function are explained in detail, a case study is 
performed to evaluate the discharger’s performance.  The setup 
is principally suitable for any type of battery cell or small packs.  
Here a 7.2 V NiMH battery pack including six cells is used.  Con-
secutive discharge current pulses are applied and the terminal 
voltage is measured as the output.  With the measured data, bat-
tery model identification is performed using a simple equivalent 
circuit model containing the open circuit voltage and the internal 
resistance.  The identification results are then tested by repeating 
similar tests.  Consistent results demonstrate accuracy of the 
identified battery parameters, which also confirms the quality of 
the measurement.  Furthermore, it is demonstrated that the iden-
tification method is fast enough to be used in real-time applica-
tions.   

Keywords—NiMH battery; model identification; Arduino; 
current sink. 

I.  INTRODUCTION 
For the development of advanced electric vehicles, energy 

storage technology plays a critical role.  To improve the battery 
performance, researches not only focus on the cell chemistry 
and new battery technologies, but also on ways of optimal bat-
tery use.  To get optimal performance and lifetime of a battery 
pack, it is very useful to know its internal states precisely.  For 
this purpose a wide range of battery models have been devel-
oped, simulating different physical phenomena with varying 
demands in precision and insight into the internal processes [1]. 

Since the computational power of a typical electronic con-
trol unit (ECU) or battery management system (BMS) is lim-
ited, simple low-complexity battery models are often needed.  
Examples of such simplified models are equivalent electrical 
circuits, which reproduce the transient behaviour of a battery 
with electrical components like resistors, capacitors and a volt-
age source [2].  Though these models are not able to give in-
sight into the batteries internal chemical processes, they can 
help to estimate its internal states, such as state of charge (SoC) 
and state of health (SoH), with relatively low computational 
effort and simple measurements of current and terminal volt-
age.  Usually these models use current as an input, representing 
the different torque requirements in a drive cycle, and the ter-
minal battery voltage as an output.  Estimation of the internal 

state is possible due to the varying battery output voltage be-
haviour over the charge/discharge range and age, determinable 
through changing values for resistances, capacities and voltage 
source. 

To compare the models with real batteries, but also to pa-
rameterize them and test estimation algorithms, discharge and 
charge tests are performed.  As with the models, common in-
puts and outputs for these tests are load current and battery 
terminal voltage respectively.  Typically, experimental layouts 
contain a physical charge/discharge facility, a data acquisition 
system and a host computer setting current demands and log-
ging the measurements of voltages, currents, Ampere hours and 
Watt hours.  In principle, this layout is independent of the cell 
chemistry or battery pack size.  Examples for lead-acid [3], 
LiFePo4 [4] LiMnO2 [5], and LiPB [6][7] and otherwise 
unspecified Li-Ion batteries [8][9] exist in the literature.  The 
proposed experimental layouts have one more similarity: The 
layout focusses on accuracy and depends on complex and ex-
pensive components.  This makes good sense for a large-scale 
commercial operation, but it is less well suited to quick turn-
around bench-top experimentation, and the costs may restrict 
access. 

In this study, a programmable battery discharger is built and 
tested that focusses on simplicity and low cost.  The proposed 
hardware gives an opportunity to supplement established labo-
ratory equipment with an easy-to-build battery discharger.  The 
proposed setup is suitable for scaled-down battery tests such as 
single cell or small battery pack tests.  The main components 
are the widely-available MATLAB programming environment, 
an Arduino Uno low-cost processor board, and a simple current 
sink constructed from readily-available electronics compo-
nents; these will be explained in detail.  The equipment is dem-
onstrated in use on a 7.2 V NiMH battery pack including six 
cells.   

To further demonstrate the equipment’s usefulness, an ex-
ample of algorithmic work is presented.  Battery model identi-
fication is performed to parameterize an equivalent circuit net-
work (ECN) model for a NiMH battery pack.  Equivalent cir-
cuit network modelling is one of the most common battery 
modelling approaches especially for real-time application.  
Having manageable complexity – much less than a full-blown 
electrochemical model – ECN mode models have been used in 
a wide range of applications and various types of batteries 
[10][11].  The simplest form of an ECN battery model is a 
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source-resistance model [12] which is used here because of its 
simplicity and speed for real-time applications.  After that, the 
identification results are analysed and a simple look-up table 
model is presented for the NiMH battery pack.   

II. TEST BENCH HARDWARE 
Our chosen layout includes a current sink for physical dis-

charge and a microcontroller used as data acquisition device to 
communicate with MATLAB.  The demanded currents and the 
voltage measurements are processed by a MATLAB function 
sending, receiving data and storing them in the form of col-
umn vectors for time, current and voltages. 

A. Current Sink 
The current sink controls the discharge current of the bat-

tery independently of its terminal voltage by automatically 
adjusting the effective resistive load [13].  The circuit consists 
of a power resistor (as a shunt) and a MOSFET transistor  
(IRF630) acting as variable resistor, connected in series be-
tween the battery poles.  The current is controlled through the 
output voltage Vout of the operational amplifier, changing the 
resistance of the MOSFET in that way that V1 is equal to V2.  
Therefore, the control voltage V1 also is equal to the current in 
the circuit due to the used resistor of one ohm (Fig.1).  In other 
words, a control voltage of 0-5V will generate equivalent cur-
rents of 0-5A (see [14] for more details).  As supply for the 
operational amplifier, a computer power supply is used because 
of its stable +/-12V output voltages.  Two standard (LT1001) 
operational amplifiers are used in parallel, to reduce noise ef-
fects with higher currents.   

B. Arduino Uno 
Communication between host computer and current sink is 

realized via an Arduino Uno microcontroller [15].  The 
Arduino is an open source board for microcontrollers with a 
wide range of appliations and easy-to-use MATLAB/Simulink 
connectivity.  Voltages up to 5 V can be measured and created 
through the A/D converter inputs and the PWM outputs.  For 
the proposed current sink, the PWM signal (8 bit) generates 
the control voltage V1, which sets the current, and the A/D 
converter (10 bit) measures the battery terminal voltage and 
the voltage across the one ohm resistor.  As mentioned before, 
the potential drop over the resistor represents the current.  
(This means we can use the actual current rather than its 
theoretical value.) The voltages generated and measured by 
the Arduino itself are limited to 5 V which therfore limit the 
current to the same value when no more components are used. 

 

 
Fig. 1: Circuit of the physical current sink 

 
Fig. 2: Communication between host computer, Arduino and the current sink 

 

C. MATLAB/Simulink 
To connect the microcontroller board to MATLAB the Ar-

duino-IO Package is used [16], generating a server on the mi-
crocontroller.  When MATLAB sends commands to the Ardu-
ino via the serial USB connection, signals and measurements 
can be generated or read and directly used in the MATLAB 
workspace.  A practical example for the communication with 
Simulink is given here [17]. 

III. TEST BENCH SOFTWARE 
The software manages the interaction of the three compo-

nents.  The information flow, shown in Fig. 2, contains the 
current demand, which is transferred to the control voltage V1, 
and the measurements VM1, VM2, which are converted to appro-
priately-scaled integers and send to MATLAB.   

A. MATLAB Software 
In the programming environment, a current demand is 

generated as a row vector of integers from 0 to 255 (0 to 5 A), 
each element representing a single time step.  A simple and 
flexible way to create this vector is to use a Simulink model, 
shown in Fig. 3.  Since the signal needs to be smoothed for the 
current sink, a low pass filter is used between the PWM output 
and control voltage input. 

The Arduino-IO Package allows the interaction with the 
microcontroller directly with MATLAB code.  During meas-
urement, a MATLAB function sends the current demand, re-
ceives the voltage measurements and stores the values in a col-
umn vector once per second.  This loop will continue until a 
time limit has been reached or other conditions like minimal 
battery terminal voltages are fulfilled.  The main procedure of 
the loop is given by: 

 
Fig. 3: Simulink model for current demand vector.  Sample time signal = 1s  



• Read the ith value from the Simulink current demand 
vector and send the corresponding integer to the Ardu-
ino microcontroller board via USB. 

• Ask for the measurement of the voltage over the power 
resistor, calculate the current and store the value. 

• Ask for the measurement of the battery terminal volt-
age, calculate the voltage and store the value. 

• If the battery terminal voltage is too low: STOP 

It is simple to add more conditions or calculations to the loop.  
Here however, only the very basic principle is shown.   

B. Arduino Microcontroller Board 
The program on the microcontroller is provided by the 
MATLAB Arduino-IO Package and automatically connects to 
the host computer.  It can be executed, and when it does a loop 
constantly checks the USB port for commands from 
MATLAB [18].  When the mentioned loop on the host com-
puter is running, the following tasks will be executed: 

• Get an integer from USB port and create the appropri-
ate PWM signal for the control voltage. 

• Read the voltage from A/D port one, converts it into 
an integer, and send this integer (which represents the 
voltage over the power resistor) to MATLAB. 

• Reads the voltage from A/D port two, convert it into 
an integer, and send this integer (which represents bat-
tery terminal voltage) to MATLAB. 

C. Current Sink 
Since there is no software added in the current sink, only the 
main principle of the current sink is described here.  The op-
erational amplifier receives the smoothed control voltage V1 
and sets the current to the same value. 
Summarised, the processes are: 

• Receiving the control voltage from Arduino board 

• Equalizing V1 and V2 to set the right current. 

IV. EXPERIMENTS 
As a case study, a six-cell pack of NiMH batteries was 

tested using the proposed test bench.  The battery pack was 
selected due to its simple and save handling as well as its con-
venient output voltage.  Specifications of the battery pack are 
listed in Table I.  The experiment was conducted by applying 
consecutive discharge current pulses to the battery and measur-
ing the terminal voltage as the output.  Since the maximal ter-
minal voltage is outside the measurement range of 5 V, a volt-
age divider is applied.  The whole test bench is shown in Fig. 4.  

 
TABLE I: NiMH battery pack specifications 

Parameter Value 
Rated capacity per cell 2400 mAh 

No. of cells 6 
Rated voltage 7.2 V 

Full-Charged voltage 8.5 V 
Cut-off voltage 6 V 

 

 
Fig. 4: Battery discharge test bench + NiMH battery pack 

 

The measurement vector includes voltage, current and time 
values so that other parameters of interest, such as ampere-
hours, can be calculated out of the data quickly.  Furthermore, 
modifications like more precise sensors or added temperature 
sensors are possible as well.   

As an example, Fig. 5 shows a 1000-second segment of an 
experiment.  By looking closely, the data is a bit noisy for high 
precision goals.  However, our results demonstrate that it is 
good enough for battery model identification.  In addition, the 
lower accuracy of the proposed test bench is compensated by 
its low costs, its safe performance due to low voltages and easy 
handling without the need for additional software. 

V. BATTERY MODEL IDENTIFICATION 
A very simple ‘source plus internal resistance’ battery 

model [12] is used for system identification.  The model in-
cludes an ideal voltage source VOC and a resistance R0 as de-
picted in Fig. 6 where Vt is battery terminal voltage and IL is 
load current.  The reason this model was chosen is its simplic-
ity and speed which mean it can be used in real-time applica-
tions.  Using an efficient and fast model, battery model identi-
fication and SoC estimation can be performed in real-time.  

  

Fig. 5: 1000 s extract of discharge test 

 



 
Fig. 6: Cell model for internal resistance identification 

The Prediction-Error Minimization (PEM) algorithm [19] is 
utilized as the identification algorithm.  PEM algorithm is fast 
enough to be used in real-time battery management system 
(BMS) for battery model identification.  In the identification 
procedure, the model parameter vector θ is determined so that 
the prediction error ε is minimized.  The error is defined as 
follows:  

1ˆ( , ) ( ) ( ; )k k k kt y t y t tε θ θ−= −                        (1) 

Where y(tk) is the real output at time k and ŷ(tk|tk-1;θ) is pre-
dicted value of the output at time k using the parameters θ.  
The prediction error depends on the parameter vector, so an 
iterative minimization procedure has to be applied.  Conse-
quently a scalar fitness function is minimized as follows: 
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In this study, the parameters vector contains cell’s internal 
resistance and OCV.  The parameters are optimized so that the 
least difference between measured terminal voltage Vt and 
model’s output is achieved. 

[ , ]O OCR Vθ =                                    (3) 

1
ˆ( , ) ( ) ( ; )k t k t k kt V t V t tε θ θ−= −                     (4) 

The battery’s parameters vary with the state-of-charge 
(which is constantly changing as current is drawn), so the 
model’s parameters need to be updated in regular time intervals 
or SoC intervals.  Consequently, a short history of battery 
charge/discharge inside the identification window is used in the 
calculations.  Because of the application of this study in EV 
energy storage system, SoC identification interval is preferred.  
Here an identification window of 3% SoC is used which means 
that the battery model’s parameters are obtained every 3 % 
change in charge level.  Considering the rated capacity of 
2.4Ah for the whole pack, the identification is repeated every 
72 mAh capacity use during the test.   

The identified values of parameters VOC and R0 during three 
separate experiments are presented in Fig. 7 and Fig. 8 respec-
tively.  The experiment is repeated in order to investigate the 
consistency of the results. 

 Table II contains the model parameters at different SoC 
which can be used as a look-up table battery model.   

In addition, the proposed measurement and identification 
techniques are usable for real-time battery SoC estimation due 
to their simplicity and speed.  Fig. 9 demonstrates the identifi-
cation time during the experiments.  Using a CPU at 2.10 GHz, 
the average identification time is around half a second and the 
maximum time is not more than 0.8 seconds.   

VI. DISCUSSION  
As shown above, the measurements follow a stable pattern.  

In addition to the general agreement of the measurements with 
previous studies on NiMH battery parameterisation [20], the 
results do appear useful, providing a consistent way to estimate 
model parameters.    

The measurements do appear slightly noisy.  However, even if 
the accuracy of the taken measurements is not directly compa-
rable with professional laboratory equipment and the meas-
urement noise is more pronounced, the test bench that has been 
presented has the potential to supplement existing equipment 
due to its low cost, safe handling and flexible structure.  Fur-
thermore, noisy measurements are a common issue in the field 
of battery state estimation and can be handled well through 
statistical algorithms like the Kalman Filter.  Any practical 
application is likely to suffer from noise, so it is pragmatic to 
develop algorithms that can cope with it.  The specific layout 
of the current sink, directly interacting with the MATLAB en-
vironment, can also help to simplify the implementation of 
these algorithms. 

 

 
Fig. 7: NiMH battery OCV curve vs. SoC 

 
Fig. 8: NiMH battery internal resistance curve vs. SoC 



 
Fig. 9: Battery model identification time during the experiments  

 

 

As a part of the REVB project our research focusses on the 
development of state estimation algorithms for lithium sulphur 
batteries, capable of managing the harsh automotive environ-
ment.  After adding a charge functionality to simulate vehicle 
drive cycles and optimizing the measurement accuracy, the test 
bench should be used to test algorithms for online parameter 
estimation, state of charge or state of health estimation under 
the influence of noise, before the validation with professional 
hardware. 

 

 
TABLE II: NiMH battery model parameters at different SoC 

SoC (%) OCV (V) Ro  
(milliohm) 

98 8.31 77.95 
95 8.13 80.31 
92 7.99 75.16 
89 7.90 72.65 
86 7.83 71.11 
83 7.80 72.80 
80 7.78 71.84 
77 7.77 71.06 
74 7.76 71.16 
71 7.75 71.48 
68 7.74 71.69 
65 7.74 72.07 
62 7.73 72.61 
59 7.71 71.95 
56 7.70 72.75 
53 7.70 73.03 
50 7.69 73.16 
47 7.67 72.03 
44 7.66 73.66 
41 7.64 72.94 
38 7.63 75.13 
35 7.61 76.24 
32 7.58 76.86 
29 7.56 76.73 
26 7.52 77.28 
23 7.49 80.20 
20 7.45 84.02 
17 7.40 85.87 
14 7.33 88.69 
11 7.25 91.67 
8 7.17 103.51 
5 7.06 121.05 
2 7.00 198.13 

 

VII. CONCLUSIONS 
This paper has described a novel battery test bench based 

on low cost hardware and basic electronic components.  The 
test bench uses the MATLAB programming environment and 
an Arduino Uno microcontroller to set the current demand and 
receive actual voltage and current measurements; the current 
demand is converted into a physical current using a simple 
custom-built current sink. 

The usefulness of this approach has been shown with a pa-
rameter estimation study carried out on a six cell NiMH battery 
pack.  Due to the stable measurements and comparable results 
in the literature, the test bench has enough potential to be used 
for estimation techniques for other cell chemistries.   
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