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Abstract—Battery degradation is a complex physicochemical
phenomenon intricately influenced by operational parameters
and environmental factors. This paper delves into the degrada-
tion of lithium-ion batteries within microgrid systems, utilizing
historical aging data from the University of Wisconsin-Madison
to train a degradation model employing neural networks. The
dataset is transformed to align with the battery pack rating
pertinent to this investigation. The study identifies and examines
several contributing factors to battery degradation, with a specific
focus on temperature, charging current, discharging current,
and depth of discharge. Emphasizing the significance of these
parameters, particularly the latter three, the research endeavors
to predict battery degradation in diverse operational conditions
within a Microgrid system. This study modeled a Microgrid
configuration capable of operating in islanded and grid-connected
mode featuring solar PV, wind, a diesel generator, and a battery.
Real-time simulations of different operational scenarios are
conducted using the digital real-time simulator. Additionally, the
battery’s operational status is sent to a controller to predict its
degradation and state of health. The controller used here is a
Raspberry Pi, and communication is facilitated through UDP
protocol.

Index Terms—microgrid, lithium-ion battery, degradation,
forecasting

I. INTRODUCTION

N recent years, batteries have emerged as indispensable

components within Microgrid systems. Battery energy stor-
age systems play a pivotal role in enhancing the integration
of intermittent renewable energy sources such as solar PV and
wind into the grid. Their adaptability in storing surplus energy
during periods of high generation and releasing it during peak
demand hours has significantly contributed to smoothing out
the variability inherent in renewable energy output, thereby
enhancing its reliability and predictability [1], [2].

Batteries serve as a reliable backup power source for critical
loads during grid outages, ensuring uninterrupted operation of
essential services. Additionally, they contribute to grid stability
by effectively managing supply and demand fluctuations. Their
rapid response capability enables them to adjust to changes in
load or generation, thereby maintaining a stable frequency and
voltage within the grid. Also, batteries play a significant role
in mitigating peak demand by supplying stored energy during
periods of heightened electricity consumption. This alleviates

strain on the main grid infrastructure, leading to potential
reductions in electricity costs and improvements in overall grid
reliability [3].

Therefore, batteries have been used in a Microgrid system to
minimize the instability arising from the intermittent nature of
renewable energy sources. This integration enhances control,
predictability, and stability of power output [4], [5]. Study [6],
[7] considers incorporating batteries at various renewable en-
ergy penetration levels, reducing unsatisfied demand, halving
the number of sources, and lowering C'O, emission intensity.
The characteristics of lithium-ion batteries, including fast
response, low self-discharge, and long cycle life, contribute
to primary frequency and voltage regulation and peak load
reduction [8].

As the demand for integrating distributed renewable energy
sources and the pressure from electric vehicle (EV) fast
charging on the utility grid continues to rise, the DC microgrid
is recognized as a viable solution and a crucial technology
for enhancing photovoltaics (PV) penetration, facilitating EV
adoption, and improving energy transmission efficiency [8].
However, a significant challenge in promoting DC microgrids
stems from the substantial economic costs associated with their
construction and operation. Among various expenses, the cost
of the battery within the microgrid system holds significance,
and furthermore, its operational lifespan is shorter compared to
other components in the microgrid. Additionally, the battery’s
lifecycle is substantially influenced by the operating conditions
[9]. Therefore, precise monitoring of the battery condition is
essential, and appropriate actions can be taken based on its
degradation rate. This can involve employing various strate-
gies, such as adjusting energy management [10].

The Microgrid system illustrated in Fig. 1 is used as the
experimental platform in this study. This system is constructed
in a Typhoon schematic editor and is simulated in real-time
using the Typhoon HIL 606 simulator. While the Microgrid has
the capability to connect to the main grid via a grid-forming
converter and a transformer, this study concentrates on its
operation in islanded mode only, with particular emphasis on
observing the behavior of the battery under various conditions
and its aging process.

The power generation sources in this system comprise Solar
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Fig. 1: Schematic diagram of the Microgrid system considered in this study.

PV, a Wind power plant, a diesel generator, and a lithium-ion
battery pack. Additionally, both DC and AC loads with con-
stant and variable loads are incorporated into the system. These
power sources are controlled and operated independently at
different time intervals, allowing for the examination of diverse
operational scenarios to predict battery degradation.

A. Statement of Contribution

The cost associated with the battery in a microgrid con-
stitutes a significant portion of the overall expenditure. If
the battery degradation rate is high, it could render the
system economically unviable over time, especially if frequent
replacements are necessary due to accelerated degradation.
Consequently, continuous monitoring of battery degradation is
imperative, and proactive control measures through microgrid
energy management (EM) must be implemented to extend the
battery’s operational lifespan.

Addressing the challenge of accurately predicting battery
aging, this paper proposes a novel modeling technique tailored
to forecast the degradation of batteries deployed within micro-
grid systems. Moreover, to validate the proposed approach, the
study integrates a microgrid system into a real-time simulator,
specifically Typhoon HIL 606, and employs a data-driven tech-
nique to achieve battery degradation modeling. This modeling
is then implemented in a Raspberry Pi, serving as a controller
within the microgrid setup.

The real-time prediction of battery aging facilitated by
this approach holds promise for future research endeavors,
particularly in utilizing it as a control metric within microgrid
energy management systems. By leveraging this predictive

capability, future studies can aim to devise strategies aimed
at mitigating battery aging, thereby prolonging the operational
lifespan of batteries deployed in microgrid systems.

The remaining paper is segmented as follows: Section II
explains the Microgrid system considered in this study. Section
IIT explains in detail the modeling of the battery degradation
prediction in detail. The different operating scenario for the
Microgrid system and the results is explained in detail in
Section IV. Finally, Section V provides the paper’s conclusion
and suggests future research directions.

II. MICROGRID SYSTEM

The structure of a generic Microgrid, as depicted in Fig.
1 and considered in this study, encompasses key renewable
energy sources such as wind and solar. These sources are
seamlessly integrated into the system through power convert-
ers. In addition to these primary energy sources, the MG
incorporates essential components such as a Battery Energy
Storage System (BESS), a diesel generator (DG), and various
loads. All these sources and loads are interconnected to a 480V
AC bus, and the microgrid has the capability to connect to the
main grid, as illustrated in the figure. While AC loads are
directly supplied, DC loads receive power through a power
electronic converter (rectifier).

In addition to the generators, storage elements, and other
necessary equipment for operation, the MG features a central-
ized control system. In this study, the microgrid operates ex-
clusively in islanded mode, with the central controller making
decisions regarding resource handling. To maintain simplicity
in the central control system, the microgrid operates based on
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power supply and demand constraints. The power demanded
by the loads is met and supplied by the available sources.
Detailed explanations regarding the activation and deactivation
of different sources for battery degradation analysis will be
provided in Section IV.

The microgrid system comprises various components, each
with specific ratings tailored to meet operational requirements.
The battery operates at a nominal terminal voltage of 1000V
and has a storage capacity of 500Ah. A converter is utilized to
adjust the terminal output voltage to 480V AC for connection
to the AC bus. The maximum power generating capacity of
the solar PV panels is 250 kW, with a PV inverter load ratio
of 1.2.

Similarly, the wind power plant has a capacity of 500 kW,
operating at a nominal wind speed of 13 m/s. The diesel
generator is capable of supplying a nominal active power
of 800 kW, with a nominal speed of 1800 rpm, providing
backup power during low renewable energy generation or
emergencies.

Moreover, the microgrid accommodates three types of loads:
interruptible, variable, and constant. The variable load is rated
at 450 kW with a power factor of 0.85, while the constant
impedance load and interruptible load are rated at 700 kVA
and 480 VA, respectively, both with a power factor of 0.95.

For the battery, as explained earlier, the nominal voltage
is 1000V with a 500Ah capacity. To simulate battery aging,
a battery cell tested at the laboratory of the University of
Wisconsin is utilized. To achieve a battery pack with a capacity
of 1000V and 500Ah, derived from 2.9Ah cells with a nominal
voltage of 3.7V, a combination of series and parallel connec-
tions is essential. Initially, the calculation entails determining
the number of cells required in series to achieve the desired
voltage:

Desired voltage

~ 271

Number of cells in series = - ~
Nominal voltage per cell

Subsequently, to meet the targeted capacity of S00Ah, cells
must be connected in parallel. Given each cell’s capacity of
2.9Ah:

Desired capacity

~ 173
Capacity per cell

Number of cells in parallel =

Consequently, approximately 271 cells are connected in se-
ries, and 173 sets of these series-connected cells are connected
in parallel, which is necessary to realize a battery pack with
a capacity of 1000V and 500Ah.

III. BATTERY DEGRADATION MODELING AND
PREDICTION

Several investigations have employed analytical and data-
driven methodologies to forecast future events, such as the
aging of batteries. Studies by [11] and [12] utilized the
Markov chain method for predicting battery aging. However,
this approach may become computationally burdensome with
large datasets, and capturing the non-linear relationships using

Markov chains can be challenging. Additionally, the com-
putation of an additional variable, the ’transition matrix,” is
required in this process. Consequently, data-driven methods
like neural networks can offer advantages over the Markov
chain method for such purposes, as they are not subject to
these issues.

Studies [13] and [14] have used data-driven methods to
predict battery degradation patterns. In study [13], a convolu-
tional neural network was employed to predict battery degra-
dation paths. Sufficient historical aging data is essential for
effectively training these neural networks. Following this, this
paper also employs data-driven techniques, specifically neural
networks, to forecast the aging patterns of batteries within a
microgrid system. The study utilizes a dataset acquired from
the University of Wisconsin-Madison, which pertains to testing
a newly acquired 2.9Ah Panasonic 18650PF cell. The testing
was conducted within an 8 cubic-foot thermal chamber using
a 25 amp, 18-volt digatron firing circuits universal battery
tester channel. This dataset includes a variety of aging tests
conducted at five different temperatures: 25°C, 10°C, 0°C,
—10°C, and —20°C [15]. Each temperature setting consists
of ten distinct aging datasets, all of which are utilized in
the training, testing, and validation procedures of the neural
networks.

Input Layer Hidden Layers Output Layer

Fig. 2: Architecture of the neural network considered.

Similar to study [13], the predictive model in this study
adopts a three-layer neural network architecture consisting of
an input layer, a hidden layer, and an output layer, specifically
designed to forecast battery capacity loss, as shown in Fig.
2. Prior to model input, the data undergo pre-processing, and
essential features—voltage, current, temperature, and capac-
ity—are extracted. The neural network’s input layer accom-
modates three inputs: current, voltage, and temperature, while
the output layer predicts battery capacity.

Three neural networks are modeled to predict capacity loss:
feedforward neural network (FNN), recurrent neural network
(RNN) using LSTM cells, and deep neural network (DNN).
For all the networks, there are three layers comprising three
neurons in the input layer, one neuron in the output layer,
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Fig. 3: Real-time implementation of the proposed system.

and one hidden layer with 32 neurons for FNN and RNN. In
contrast, for DNN, there are two hidden layers with 32 and 16
neurons on these layers. The dataset is segregated into distinct
subsets for training, testing, and validation purposes.

To assess the models more comprehensively, metrics such
as mean absolute error (MAE), mean square error (MSE), and
R-squared (R2) are used. Table I presents a comparison of
the fitting of these three techniques. It is evident from the
table that the RNN (LSTM) network outperforms the other
two networks, exhibiting lower MSE, MAE values and higher
R2 values for the training/testing dataset. Additionally, the
DNN model demonstrates the second-best fitting performance,
while the FNN lags behind the other two models in terms of
accuracy.

TABLE I: Comparison of Fitting of Different Neural Networks

Parameters FNN RNN-LSTM DNN

MAE 0.0789 0.0687 0.0697
MSE 0.0129 0.0091 0.0096
R-Square 0.9743 0.984 0.9808

Therefore, the LSTM neural network is employed to con-
struct the degradation model. Fig. 4 illustrates the comparison
of the predicted degradation path generated by this model for
an unused dataset with the actual degradation path, which
was not part of the training, testing, or validation processes.
The corresponding metrics for this prediction are an MAE of
0.0728, an MSE of 0.0088, and an R-square value of 0.9860.

The capacity loss in watt-hours is calculated through this
neural network. Subsequently, to ascertain the battery’s re-
maining useful life, it can be subtracted from the initial ca-
pacity using the formula provided in (1), yielding the battery’s
remaining life or state of health (SOH).

Capacity Loss

Initial Capacity

Initial Capacity — Capacity Loss
Initial Capacity

Capacity Loss (%) = x 100%  (la)

SOH = x 100%  (1b)

3 T T T T T T T

Predicted
Actual |

2.5F

Capacity (Ah)

0.5 L L L 1 1 1 1

Time (Sec) x10*

Fig. 4: Comparison of prediction of neural network output
with the actual pattern.

IV. REAL TIME IMPLEMENTATION AND RESULTS

As previously elucidated, the simulation operates in real-
time utilizing a Microgrid system, illustrated in Fig. 1, de-
ployed within a Typhoon HIL 606 digital real-time simulator.
This deployment on a real-time simulator serves further to
affirm the efficacy and resilience of the developed system. As
expounded upon in Section III, the LSTM neural network ex-
hibits superior performance compared to alternative networks;
thus, it is employed for predicting battery degradation. To
facilitate degradation pattern prediction, the Raspberry Pi 4
Model B is utilized as shown in Fig. 3. The requisite code
for degradation prediction, along with the LSTM model, is
deployed within the Pi.

As delineated, the input data encompasses three features:
voltage, current, and temperature. To facilitate comparison
across networks, all three networks employ 32 hidden layers
(with the first hidden layer of the DNN network), utilizing
the Rectified Linear Unit (ReLU) function as the activation
function. ReLU is chosen for its ability to capture intricate
non-linear relationships, thereby enhancing predictive perfor-
mance. The output layer comprises a single neuron tasked with
predicting battery capacity loss, devoid of any specified acti-
vation function to ensure raw output values directly represent
the predicted continuous output.

Authorized licensed use limited to: CLEMSON UNIVERSITY. Downloaded on July 23,2026 at 17:17:44 UTC from IEEE Xplore. Restrictions apply.



800 T T T

600

Y

(=]

o
T

N

o

o
T

Power (kW)
o

i Battery Power i

200 Wind Power
Solar PV Power
-400]F DG Power ]
-600 -
-800 | | | | | | | |
0 500 1000 1500 2000 2500 3000 3500 4000
Time (sec)

Fig. 5: Power supplied by different sources in the Microgrid.

The models are compiled utilizing the mean squared error
(MSE) as the loss function and the Adam optimizer. The
forward function executes the forward pass of the model,
taking input data, passing it through the hidden layer to obtain
the hidden state, and then applying the fully connected layer
to generate the output. PyTorch library is utilized for training
and development, leveraging training data and corresponding
target values and training is conducted over 100 epochs.

Now, the neural network requires inputs to be transmitted
from the Typhoon to the Raspberry Pi. The UDP protocol is
utilized to facilitate this communication. The data forwarded
from the Typhoon encompass the battery pack’s voltage, the
current either supplied to or drawn from the battery, and the
temperature of the battery pack. Utilizing these inputs, the
Raspberry Pi computes the battery’s capacity loss. Subse-
quently, the computed capacity loss, along with the battery’s
remaining capacity, is transmitted back to the Typhoon for
visualization purposes.

Since this study is primarily concerned with predicting bat-
tery aging, the simulation focuses on the Microgrid’s operation
involving the battery. To this end, the Microgrid is analyzed
in islanded mode. The total simulation duration for this inves-
tigation is set at 70 minutes and divided into seven distinct
operational phases, each with 10 minutes, as highlighted in
Table II. Prior to commencing the simulation, the battery’s
state of charge (SoC) is initialized to 50%. The power supplied
by each source during these different operational phases is
shown in Fig. 5. Furthermore, for the sake of simplicity in the
simulation, a constant impedance load rated at 700 kVA with
power factor of 0.95 is continuously active. In this study, the
variable load remains inactive. Consequently, with a lagging
power factor of 0.95, the load demands 665 kW of power.

Throughout various operational scenarios, the battery un-
dergoes charging when the available power exceeds the load

demand. Emphasizing cost efficiency, preference is accorded
to renewable sources over DG. Conversely, when load demand
surpasses available power, the battery provides supplementary
power. Consequently, during the charging phases, the battery
exhibits a negative current, while during the power supply
phases, the battery’s current is positive, as depicted in Fig. 6.
Furthermore, the terminal voltage of the battery fluctuates in
response to its charging and discharging cycles, a phenomenon
elucidated in Fig. 7.
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Fig. 6: Current supplied by the battery.

In the initial scenario, all power-generating sources, com-
prising wind, solar PV, DG, and the battery, are simultaneously
activated for a duration of 10 minutes. Since the load demand
is lower than the total power generation, surplus power is
utilized to charge the battery, as evidenced by the negative
power for the battery in Fig. 5. This observation is further
corroborated by Fig. 6, illustrating negative current, and Fig.
7, depicting a rise in the terminal voltage of the battery.
Moreover, Fig. 8 showcases an increase in the SoC of the
battery.
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TABLE II: Different Operating Scenarios of the Microgrid System

Time 10 mins 10 mins 10 mins 10 mins 10 mins 10 mins 10 mins
Sources Off None Battery Off DG Off DG and Wind | DG and PV Off | Wind and PV | DG, Wind, and
Off Off PV Off
Sources On All sources On DG, Wind, and | Battery, Wind, | Battery and PV | Battery and | Battery and DG | Battery On
PV On and PV On On Wind On On
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Fig. 8: SoC of the battery.

Transitioning to the second scenario, the battery is deac-
tivated, with only wind, solar PV, and DG serving as the
available power sources. Consequently, with the battery out
of operation, the current supplied by it is zero, as evidenced
in Fig. 6. Additionally, both the voltage of the battery pack
and the SoC remain constant, as depicted in Figs. 7 and 8,
respectively.

Moving to the third scenario, DG is disabled, leaving the
battery, wind, and solar PV as the primary power sources.
However, the combined power generated by the wind and solar
PV is insufficient to meet the load demand. Consequently, the
battery supplements the power supply by providing approxi-
mately 35 kW of power. This augmentation is evident from
the positive values of power and current illustrated in Figs. 5
and 6, respectively. Furthermore, there is a discernible decline
in both the voltage and SoC of the battery, as observed in Figs.
7 and 8, respectively.

In the fourth operational scenario, wind and DG are de-
activated, with the battery and PV serving the load. As the

Fig. 9: Battery (a) Capacity loss and (b) Degradation pattern

load demand exceeds the power generated by solar alone,
the battery supplements the power supply, as evidenced by
the positive power of the battery in Fig. 5. Additionally, Fig.
6 depicts positive current, and Fig. 7 indicates a decline in
the terminal voltage, confirming the battery’s power supply.
Consequently, the SoC of the battery decreases, as depicted in
Fig. 8.

In the fifth scenario, wind and PV sources are disabled,
leaving the battery and DG to fulfill the load requirements.
Similarly, in the sixth scenario, both DG and PV sources are
deactivated, and the load is sustained by the battery and wind
turbine. As the load demand exceeds the power generated by
the sources in both scenarios, the battery contributes to the
power supply. This contribution is evident from the positive
power of the battery in Fig. 5, the positive current in Fig. 6,
and the declining terminal voltage in Fig. 7. Consequently,
there is a corresponding decrease in the SoC of the battery, as
demonstrated in Fig. 8.

Finally, in the seventh scenario, all power sources, including
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wind, DG, and PV, are deactivated, leaving only the battery to
meet the load demand. In this case, the battery bears the entire
load, resulting in the highest amount of discharging current,
as depicted in Fig. 6. Additionally, the terminal voltage and
the SoC of the battery decrease rapidly, as illustrated in Figs.
7 and 8, respectively.

The essential inputs required by the neural network to fore-
cast the battery’s degradation trajectory are depicted in Fig. 6
and Fig. 7, respectively. Additionally, the battery temperature,
presumed to operate at ambient conditions, is transmitted from
the Typhoon to the Raspberry Pi via UDP communication.
Leveraging these data, the controller calculates the battery’s
capacity loss, measured in watt-hours. Subsequently, to de-
termine the battery’s remaining useful life, the calculated
capacity loss is subtracted from the initial capacity using the
formula provided in (1). This computation yields the battery’s
remaining life or SOH. Finally, upon computing these two
metrics—capacity loss and remaining battery capacity—they
are relayed back to the Typhoon for visualization via UDP
communication. The results for the capacity loss and the
remaining battery capacity are displayed in Fig. 9a and Fig.
9b, respectively.

V. CONCLUSION AND FUTURE WORKS

The complex nature of battery degradation necessitates
precise estimation to ensure the system’s dependable operation
and timely maintenance, thereby enhancing overall reliability.
This study proposed a real-time approach tailored for predict-
ing battery degradation and determining its remaining capacity,
often referred to as the SOH, within the dynamic setting
of a Microgrid. Leveraging the capabilities of a Recurrent
Neural Network (RNN), this study constructed a degradation
model specifically designed to capture the complex interplay
of factors influencing battery health over time.

To enable real-time monitoring and analysis, the degradation
model is implemented on a Raspberry Pi, establishing seamless
communication via UDP protocol with the Microgrid system
simulated on Typhoon, a digital real-time simulator. This
integration facilitates continuous data exchange and enables
rapid assessment of battery performance under varying opera-
tional conditions. The evaluation of battery aging is conducted
under seven distinct scenarios, each representing different
operating scenarios of the Microgrid where various power
sources are selectively activated or deactivated. Subjecting
the battery to these diverse operating conditions, the impact
on the degradation of the battery and, subsequently, SOH is
calculated.

Determining the battery’s degradation rate serves as a key
control metric for energy management, enabling proactive ad-
justments to optimize overall system performance and extend
its operational lifespan. This aspect represents a prospective
avenue for future exploration within the scope of this study.
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