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Abstract—An adaptive neuro-fuzzy inference system (ANFIS)
controller is developed and presented in this study to control
hybrid energy storage system (HESS) which combines the battery
and super-capacitor (SC). The battery compensates the energy
requirement for a longer duration while the SC limits the stress
on battery caused by the power fluctuations during transient
period which alternately gives longer life span for the battery
while regulate the DC link voltage constant. The proposed ANFIS
controller is being compared for performance with various other
controllers including the reinforcement controller based on Q-
learning proportional and integral (PI) controller, fuzzy controller
and conventional PI controller. Further, the state of charge (SOC)
of the battery and SC are monitored in order to decide the
required optimal amount of power or energy for the HESS in
deficit/excess modes. The results of the simulation, in different
loading conditions, indicate that the ANFIS’s controller perfor-
mance for the DC microgrid is superior compared to others.

Index Terms—Adaptive Neuro-Fuzzy Inference, Q-Learning,
Energy Storage Systems.

I. INTRODUCTION

In past few decades, the demand for renewable energy
sources (RES) has grown rapidly due to various environmen-
tal, economical and social reasons [1]–[3]. Among several
renewable energy sources, photovoltaic (PV) has become one
of the major renewable sources due to various reasons such
as sustainability, reliability, economic factors, availability and
has been used heavily in microgrid implementations. Further,
energy storage systems (ESS) for PV are also very important
to microgrid operation and stability.

However, instability and operation can be affected due to
many reasons which include humidity, temperature and irradi-
ance [4], [5]. Although different types of ESS such as flywheel,
batteries, pumped hydro and compressed air are prevalent,
the HESS has attracted more attention in the power system
community due to many advantages such as faster dynamic
response in the system when overall system performances are
considered [6]. One of the most popular HESS is configured by
combining the battery with the supercapacitor (SC) [7]. In this
configuration a battery with high energy capacity compensates
the average power demand of the microgrid, while the SC
regulates the transient power fluctuations [6]. For effective
operation of these storage systems, different control strategies
can be used.

In [8] PI controllers are designed for HESS of hybrid AC/DC
microgrid where the SoC is not used. The authors in [9], [10]
use a new algorithm to share the power/energy between the
BESS and the main grid where the lifespan of the batteries
is increased by reducing sharp currents. Also, methods such
as droop method which has been widely used in power share

control [11], is being used in islanded microgrid control [12],
[13]. Many researchers have focused on techniques to control
multiple grid-connected RESs [14]. Further, various methods
such as synchronous reference frame control [15], [16], neural
network-based control [17], [18] and MPC [19] have been used
in controlling micro-grids. However, design of controllers using
ANFIS framework has received comparatively less attention.

Neural network controllers have been a success in controlling
many systems in a wide area of engineering and science [20].
Among those neural networks based controllers, the ANFIS
controllers are mostly used in nonlinear classification based
applications due to its mapping ability of nonlinear ”input-
output” by a set of ”qualitative/quantitative” if-then rules [21],
[22]. In the present study, the ANFIS controller is designed to
control the HESS of a PV microgrid. The performance of the
ANFIS controller is compared with other existing controllers
such as Q-leaning PI controller [23], [24], Fuzzy controller [20],
[25] and conventional PI controller [10], [26], [27].

The organisation of the paper proceeds as follows. Section-II
describes the PV microgrid system. Section-III briefly describes
the design principles of neuro-fuzzy inference system, Q-
learning and fuzzy controllers. The performance of the ANFIS,
Q-learning, Fuzzy and PI controllers is compared considering
a HESS of a PV microgrid in section-IV with conclusions in
section-V.

II. THE ARCHITECTURE OF DC MICROGRID

The schematic of a DC microgrid investigated in the present
study is shown in fig. 1. This consists of an islanded PV with the

Fig. 1: Overall DC microgrid with HESS.

MPPT source and a HESS which are connected to the DC bus
via a bidirectional DC-DC converter. Three separate controllers978-0-7881-3267-9/21/$31.00 ©2021 IEEE



have been implemented to achieve the desired outputs. The
controllers 1 & 2 are designed to control the inner-loop battery
current (Ibat) and SC current (ISC) respectively which generate
the appropriate duty cycles (dbat) & (dsc) to relevant switches
of DC/DC converters. The third controller i.e. the controller
3 is designed to regulate the DC bus output voltage (V0)
at constant (48V ) regardless of the the load demand and
generates the reference currents to the battery (Ibatref ) and
SC (Iscref ). However, in this research, during the time of load
demand change, the battery and SC’s SoC are maintained within
required threshold limits to prevent damages [28].

A. Proposed Energy Management

The proposed power management flowchart in this study,
is shown in fig. 2. Note that SOCL and SOCM represent
the low and maximum threshold values of both battery and
supercapacitor SOC levels.

Fig. 2: Proposed flowchart for energy management.

According to the fig. 1 & 2, the proposed power flow between
the HESS and DC link can be derived as [29]:

Phess =


Pload > Pres, if 0 ≤ Phess

Pload = Pres, if 0 = Phess

Pload < Pres, if 0 ≥ Phess

(1)

Thus, the main objective of this strategy is to develop
the ANFIS controller to control the power balance between
the HESS, RES and the load. This can be achieved while

monitoring the SOC of the HESS. The SoC of the HESS which
include battery and SC can be found by:

SOCbat = SOC0
bat −

1

3600.Cnbat

∗
∫
ibat ∗ dt (2)

SOCsc = SOC0
sc −

1

3600.Cnsc

∗
∫
isc ∗ dt, (3)

where SOC0
bat, SOC

0
sc, Cnbat and Cnsc are the initial SoC

of the battery, the Soc of the SC, the nominal capacity of the
battery and the nominal capacity of the SC, respectively [30].

The DC microgrid essentially operates in two different modes
such as deficit and excess modes which will be explained in
following sections.

B. Deficit Mode
In this mode, the RES is not sufficient to supply the required

demand power to the load and creates the power imbalance in
the DC link. Therefore, the HESS will supply the difference
power to regulate the DC link voltage until SOC of the battery
and SC reach to their lower limits SOCLbat

and SOCLsc
.

Thus, in deficit mode, the system balances the power accord-
ing to the following conditions: (Note that, it is assumed that
RES does not provide the sufficient energy/power during these
condition.)

• If SOCbat > SOCLbat
and SOCsc > SOCLsc , the HESS

(battery and SC) discharge.
• If SOCbat < SOCLbat

and SOCsc > SOCLsc
, then the

battery’s supply current to DC link drops to zero and the
SC spplies the transients.

• If SOCbat > SOCLbat
and SOCsc < SOCLsc , then the

battery discharges until SOCbat reaches SOCLbat
and SC

remains idle.
• If SOCbat < SOCLbat

and SOCsc < SOCLsc
, the HESS

(battery and SC) at idle their idle state.

C. Excess Mode
In this mode, the HESS (SC and the battery) will absorb

the surplus power/energy from the DC link until HESS reach
it’s desired SOC limits. Thus, the system maintain its power
balance until the SOC of the HESS reach its highest levels.

III. CONTROLLER DESIGN

In order to Power-sharing between the HESS and DC link,
two main control loops (voltage and current) are used [31].
ANFIS, Q-Learning and Fuzzy Controllers are designed for
Controller1, 2&3 in order to achieve desired outputs.

A. ANFIS Controller
The design of ANFIS controller closely follows the tech-

niques of system identification. The proposed control structure
is shown as block diagram in fig.3.

The architecture of the ANFIS controller is shown in fig. 4.
This consists of five layers, including three hidden layers, one

input and one output layers. The basic rules of Takagi-Sugeno
ANFIS is expressed as:

IF ∆e = x1 &
d

dt
∆e = y1, THEN f1 = a1∆e+ b1

d

dt
∆e+ k1

IF ∆e = x2 &
d

dt
∆e = y2, THEN f2 = a2∆e+ b2

d

dt
∆e+ k2



Fig. 3: Control structure of the system.

Fig. 4: ANFIS architecture.

where, x1, x2 and y1, y2 are fuzzy sets while a1, a2, b1 and
b2 are constant parameters.

In the following, each layer is described in detail.

Layer 1: The main input variables are fed into this layer and
the corresponding output fuzzy sets are computed from:

outi = µxi(∆e) (4a)

outi = µyi(
d

dt
∆e) (4b)

where, xi and yi are the linguistic level of ith node while outi
represents the output Gaussian membership function (MF) of
xi and yi. The Gaussian MF is defined as:

µxi(∆e) = e−0.5(
x− c
σ

)2 (5a)

µyi(
d

dt
∆e) = e−0.5(

x− c
σ

)2 (5b)

where σ and c respectively denote that width and the centre of
the membership function.

Layer 2: In this layer, the signals are multiplied by the
output signals coming from layer 1. The output of the layer
2 is expressed as:

out2,i = Wi = µxi(∆e)× µyi(
d

dt
∆e) (6)

where, Wi represents the firing node of each node.

Layer 3: Nodes in this layer are often circle nodes. Note
that, the number of fuzzy rules and number of layers are same
in this case. In this research, 25 fuzzy rules are generated for
the output of the ith node considering the ratio between the
weighted firing strength of the ith to the weighted sum of all

nodes firing strengths. The output of the Layer 3 is given by:

out3,i = W
′

i =
Wi∑

(W1 +W2)
(7)

Layer 4: In this layer, the output node functions can be
calculated by:

out4,i = f1 = W
′

1(a1∆e+ b1
d

dt
∆e+ k1) (8a)

out4,i = f2 = W
′

2(a2∆e+ b2
d

dt
∆e+ k2) (8b)

Layer 5: In this last layer, the final output of the ANFIS
is calculated by summing all incoming signals from previous
layers and is expressed as:

out5,i = out =
∑

(f1 + f2) (9)

B. Q-learning Controller

The Q-learning based controller is one type of reinforcement
learning controller based on temporal difference (TD).

Every time step, the current state st is observed by the agent
and an action at is selected to perform while storing the Q
value Qt(st, at). Then, the subsequent state st+1 is awarded an
immediate reward rt+1, and the max. Q value is corresponded
to st+1 i.e., max

ai

Qt+1(st+1, ai). Authors in [32] have found
out using the one step form of Q-learning rule is given by;

Qt+1(st, at) = Qt(st, at)

+ lt

[
rt+1 + γ max

ai

Qt+1(st+1, ai)−Qt(st, at)

]
(10)

where γ ∈ [0, 1] and lt ∈ [0, 1], denote the discount factor
and learning rate respectively and i index of action. These
parameters determine the present values of the rewards to be
received in the future as well as how far the currently estimated
Qt(st, at) is adjusted toward the newly estimated Q value
rt+1 + γ max

ai

Qt+1(st+1, ai).
Note that, the Q-value function converges to the optimal

value. This will update the all state–action pairs. Thus, the
trade-off between exploitation and exploration can be found
with all states actions by agent. Boltzmann exploration is
considered as one of the action policies to achieve this method.
The probability factor can be for action ai and state s can be
derived by:

p(s, ai) =
exp(Q(s, ai)/τ)∑
i exp(Q(s, ai)/τ)

(11)

where τ ∈ R+ is the temperature. This controls the randomness
of the exploration. However, large values of τ results in more
random action selection and low values increase the chance of
high value actions to be selected. These two actions are often
known as exploration and exploitation.

C. Fuzzy Logic Controller

Sugeno type fuzzy logic controllers are used in controller 1,
2 & 3. Similarly, the error(e) and change of error(∆e) used
as inputs to the fuzzy controllers 1,2 & 3. The outputs of the
controllers 1 & 2 give the duty cycles and the reference current



(ihess) for the HESS is obtained from the output of controller
3. The fuzzy rules for the battery and SC, used in this study,
is shown in table I.

TABLE I: Fuzzy rules for battery and SC current control.

∆e ↓, e→ NE2 NE1 ZE PO1 PO2
NE2 PB PB PB PS Z
NE1 PS PS PS Z PS
ZE PB PS Z NS NB

PO1 NS Z NS NS NS
PO2 Z NS NB NB NB

Here N represent the negative values while P and Z repre-
sent the positive values and zeros respectively. Triangular MFs
are used as the set of inputs and there are 25 fuzzy rules are
considered in terms of formulating the outputs as seen in table
I.

IV. SIMULATION RESULTS

The performance of the proposed controller is illustrated via
simulations in MATLAB/Simulink platform. The parameters of
the DC microgrid, considered in this investigation and which are
used in simulation, are given in Table II. During the simulation,
it is assumed that the SOCbat and SOCsc are above the
minimum SoC limits and the initial SOCbat and SOCsc are at
50%.

TABLE II: DC microgrid parameters.

Parameter Value
DC Link Voltage 48V
Voltage @ MPPT 24V

Current @ MPPT 3A
PV Max. Power 72W
Type of Battery Lithium-Ion
Bat. Capacity 6.5Ah

Bat. Ini. Voltage 24V
Bat. Ini. SOC 50%

Type of Supercapacitor Double Layer Electric
SC Capacitance 50F
SC. Ini. Voltage 24V

SC. Ini. SOC 50%

In the simulations, PI controllers are designed for the current
loop controllers i.e. controller 1 & 2 which give the duty cycles
for the switches (see fig. 1). The comparative investigation
is carried by designing four controllers (for controller 3) i.e.
PI, Q-learning, Fuzzy and ANFIS for the voltage loop. The
parameters of the PI controllers for the current loops remain
the same in all the cases.

The DC bus voltage can be regulated by traditional PI
controller as mentioned in [27]. Therefore, in the first stage of
the study, PI controllers are designed, both for the current loops
and the outer voltage loop. The voltage regulation performance
is shown in fig.5. From the results, it is observed that although
the PI controller could regulate the constant DC bus voltage,
the dynamic error (∆e) during the load change is relatively
large. Therefore, in the next stage of the study, we designed
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Fig. 5: DC bus voltage regulation by conventional PI controller.

other controllers for voltage loop to investigate if these can
give better performance.

The Q-learning controller for the voltage loop is designed
according to the procedure discussed in section-III-B. As men-
tioned before, the PI controllers for the current loop remain the
same. The performance of this controller is shown in fig. 6.
From the figure, we can observe that the dynamic error (∆e)
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Fig. 6: DC bus voltage regulation by Q-learning controller.

during the load change is comparatively less when we compared
it with the PI controller.

Next, we design fuzzy logic controller for the voltage loop
keeping the same PI controllers for the current loops. This
controller is designed using the procedure described in section-
III-C. The voltage regulation performance is shown in fig.7.
The results indicate that fuzzy logic controller shows better
performance compared to the traditional PI and Q-learning
controllers.

At the last stage of the study, ANFIS controller for the
voltage loop is designed following the procedure in section-
III-A. he voltage regulation performance is shown in fig.8.
From the results it is evident that, the performance of ANFIS
controller is superior compared to other controllers.
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Fig. 7: DC bus voltage regulation by fuzzy controller.
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Fig. 8: DC bus voltage regulation by ANFIS controller.

The summary of the comparative performances (settling time
and root mean square error) of the proposed ANFIS controller
with various other controllers such as Q-learning controller,
fuzzy controller and the conventional PI is shown in Table-III.

TABLE III: Performance comparison.

Controller RMSE Value Settling Time (s)
Conventional PI 1.373 0.255

Q-learning 0.964 0.291
FIS 0.357 0.076

ANFIS 0.137 0.055

To further establish the effectiveness of the proposed ap-
proach, the generic current responses, under two modes of
operation, for all the controllers are studied and the results are
are presented below.

A. Performance under Deficit Mode

The HESS performance in deficit mode of operation can be
shown in simulation fig.9. During the time interval [t1, t3], the
DC load is changed from R = 32 Ω to R = 16 Ω, which results

the power imbalance in the DC link. Therefore, the battery is
discharged to provide the deficit power required in the DC link
to regulate the voltage at a constant value. Further, as seen in
the fig. 9, the SC reacts to the transients to minimise the stress
on the battery.
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Fig. 9: Battery and SC current in Deficit mode.

B. Performance under Excess Mode

During this operation mode, the RES will increase its gen-
eration, then the excess energy in DC link will be absorbed
by the battery to maintain the constant voltage. As seen in the
fig.10, during the time interval [t1, t3], the DC load demand is
decreased from R = 32 Ω to R = 64 Ω, which results in voltage
fluctuations in the DC link. Therefore, the battery will charge
to its maximum SoC limit while the SC reacts to minimise the
transient fluctuations.
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Fig. 10: Battery and SC current in Excess mode.

V. CONCLUSIONS

The energy management system plays an important role in
the integration of photovoltaic energy sources. In the present
study, an ANFIS controller is designed for islanded PV mi-
crogrid HESS system, and its performance is compared with
Q-learning controller, fuzzy controller, and a PI controller.



The proposed power control algorithm reduces the stress of
the BESS which leads to increase of life span of the battery.
Further, it was observed that the state of charge level of the
hybrid energy storage is monitored within the safe region while
resulting higher efficiency. On the other hand, the constant DC
link voltage is maintained in the DC bus regardless the load
change. The simulation results in different load conditions,
confirm that the potential of the ANFIS controller can be a
suitable option for effective energy management system for
HESS.

REFERENCES

[1] A. Bidram and A. Davoudi, “Hierarchical structure of microgrids control
system,” IEEE Transactions on Smart Grid, vol. 3, no. 4, pp. 1963–1976,
2012.
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