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Power system stability is challenged by low inertia and Low-Frequency 
Oscillations (LFOs) within 0.1–2 Hz. Short-circuit faults occurring 
within milliseconds can cause generator desynchronization. Reducing 
LFOs under stress improves stability and power transfer control, which 
is vital for inter-regional power exchange. Based on third-generation 
devices from the Flexible AC Transmission System (FACTS), this study 
introduces a Smart Grid (SG) control strategy that emphasizes the 
Generalized Unified Power Flow Controller (GUPFC) combined with an 
adaptive auxiliary control scheme. A centralized, real-time 
supplementary controller is developed to mitigate low-frequency 
oscillations (LFOs), enhance effective system inertia, and optimize 
power flow. A quantitative evaluation of the proposed approach 
performance in per unit (p.u.), demonstrates measurable reductions in 
oscillations and noticeable improvements in system inertia.  The 
proposed Adaptive Fuzzy Logic Neural Network Controller (AFLNNC) 
mitigates oscillations up to 15-25%, enhances dynamic performance, 
reduces DC capacitor voltage fluctuations by 20%, and stabilizes bus 
voltage magnitude within 5% of the nominal values. Synchronous and 
asynchronous generators, grid-to-vehicle systems, renewable energy 
sources (wind, photovoltaic), and residential loads are all included in 
the two-area test system.  The sever 3𝜑𝜑 − 𝑔𝑔 faults in the Smart Grid are 
modeled and validated using MATLAB/Simulink simulations. The 
AFLNNC proves to be a powerful and intelligent strategy for boosting 
the secure and stable system for future renewable-dominated power 
systems. 
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1. Introduction 
The integration of renewables with the grid has become a top priority, thanks to their abundance and 
environmental benefits. However, their inherently variable output challenges introduce stochastic dynamic 
characteristics, reduction in system inertia [1], and low-frequency oscillations (LFOs) in the 0.1–2 Hz range [2] 
[3]. Essential to control these power fluctuations while demand is continuously fluctuating to maintain constant 
voltage and frequency and guarantee a steady, dependable, and uninterrupted supply of electricity. Diverse 
solutions, such as solar, wind, and electric vehicles (EVs), are being adopted to meet growing energy demands [4]. 
In the meantime, centralized, distributed, or decentralized Smart Grid (SG) architectures provide more secure 
power transfer, improved reliability, and flexible designs. 

However, grid integration of renewables exacerbates problems such as power swings, harmonic distortion, 
voltage excursions, and stability degradation, all of which need to be considered when modelling the nonlinear 
dynamics of the SG [5]. Protection, monitoring, and security are made more difficult when synchronous and 
asynchronous machines are combined [6]. Frequency deviations brought on by abrupt changes in load, converter 
switching, or fault events are amplified by the reduced inertia from photovoltaics, wind farms, and electric vehicles 
[7]. Despite having an acceptable frequency range of 0.1–2 Hz, inter-area LFOs between large generating areas 
have the potential to disrupt stable energy transfers unless they are actively damped [8]. 
A versatile solution to these problems is offered by power electronic converter-based controller such as Flexible 
AC Transmission System (FACTS). To improve load loading, the Unified Power Flow Controller (UPFC) provides 
combined series-and-shunt converter control [9] . The two different Voltage Source Converters (VSCs) installed 
in series on two different lines with a common VSC connected in shunt via a DC-link capacitor, the third generation 
advanced Generalized Unified Power Flow Controller (GUPFC) expands this idea [10]. Five degrees of freedom are 
provided by the GUPFC to control power flows, phase angles, reactance, and line voltages across several 
transmission lines [11]. Compared to the UPFC, this extra flexibility allows for more efficient torque mitigation, 
power control, speed regulation, and transient stabilization. 
Many control strategies have been examined to make use of FACTS devices during disturbances. For instance, ant-
lion optimization adjusted a UPFC equipped power system stabilizer for quick stabilization [12]. An interline 
power-flow controller with LMI-based damping used the PONY algorithm to reduce oscillation [13]. A wide area 
damping controller (WADC), although complicated, improved inertia response through modified particle swarm 
optimization [14]. Time-delay feedback control has dealt with uncertainties from large-scale renewables [15]. 
Additionally, adaptive neuro-fuzzy schemes have actively countered oscillations and nonlinearities. 

Despite these advances, the highly nonlinear behaviour of Renewable Energy Sources (RES) integrated grids 
demands more robust, adaptable damping mechanisms. In response, proposed an Adaptive Fuzzy Logic Neural 
Network Controller (AFLNNC). An AFLNNC is an adaptive control that combines human-like fuzzy reasoning with 
neural network adaptation and the learning algorithm. The tuning of parameters is based on system feedback. The 
layered structure allows the controller to adapt to changing system dynamics without requiring a precise 
mathematical model. The FLC’s linguistic rules approximate complex mappings, while the ANN updates its weights 
in real time to reflect evolving grid conditions. An adaptive design reduces computational complexity, accelerates 
simulation runtimes, and offers resilient, model-free damping of LFOs. The application of a third-generation 
GUPFC to multi-line scenarios in RES-rich grids, and the development of an online AFLNNC supplementary 
controller for improved oscillation damping and stability. 

Although there are different control strategies for FACTS devices, more robust and flexible damping methods 
would be necessary, given the variables and nonlinear characteristics of high renewable energy penetration grids. 
Most of the current approaches, like ant-lion optimization, LMI-based damping, and particle swarm approach only 
address uncertainties or are required to have complex design. There is, however, still a demand for model-free 
and adaptive control approaches that can learn directly from system feedback in real-time to accommodate 
changing grid conditions. AFLNNCs using advanced multi–terminal FACTS devices for oscillation damping and 
stability improvement in renewable-integrated smart grids have not been extensively explored. That suggests 
there is a need for intelligent and adaptive control strategies that can contribute toward ensuring reliable grid 
performance in systems having a significant amount of renewable energy integrated into them using rule-based 
reasoning combined with learning capability. 

The primary objective of this research is to enhance the stability of smart grid systems and mitigate 
oscillations through the effective integration of renewable energy sources. To achieve this objective, AFLNNC in 
coordination with a GUPFC has been designed and implemented. The proposed control framework is intended to 
improve the dynamic performance of the system by addressing the challenges introduced by high renewable 
energy penetration, thereby contributing to a more stable and reliable smart grid operation. In various operational 
scenarios, including fault events, load fluctuations, and nonlinear characteristics related to renewable generating 
units, the integrated controller will help maintain stable power transfer, enhance transient responses, and 
effectively dampen oscillations. This study places a strong emphasis on modeling systems as well as designing 
controllers and evaluating performance for a renewable-rich smart grid network. There will also be emphasis 
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placed on damping inter-area oscillations and providing transient stability and regulation of power flows. 
Research is done through simulation on a MATLAB/Simulink platform and will extend up to 24 hours to evaluate 
steady state and dynamic response to different operating conditions. 

Here are the sections of this paper: Section two presented the methods for integrating the GUPFC with the 
smart grid model. In Section three provide the mathematical model of the Adaptive Fuzzy Logic Neural Network 
Controller. In Section four discusses the simulation results of a 3𝜑𝜑 − 𝑔𝑔 fault. Lastly, conclusion is discussed in 
Section five. 

2. Integration of GUPFC on SG model 
A diagram depicting a single line of an SG system, where Area 1 produces 10600MW and Area 2 generates 
10000MW of power, is presented in  Fig  1.  

 

Fig. 1 Single-line diagram of the proposed smart grid system 

The 25 MW renewable energy system is made up of an electric vehicle (EV) plant, a wind farm, and a 
photovoltaic (PV) power plant. There are four generators in Area 1 and two in Area 2, respectively.  Seven 
generators linked to a 735 kV transmission network with a transmission line voltage of 13.8 kV make up the entire 
energy system. With a generator output voltage of 13.8 kV in kilovolt units, the total energy production is 
measured in megawatts. 

 

Fig. 2 GUPFC block diagram 

One shunt converter (VSC 1) and two series converters (VSC 2 and VSC 3) make up the GUPFC [16]. A gate 
signal activates the three-phase voltage source converter (VSC). To enable the bidirectional flow of power 
between the VSC converters, a DC link capacitor called  Cdc  is positioned between them [17]. The modulation 
indices (m) and gate-triggered phase angles (δ) of the series and shunt-connected VSC converters, which are 
defined as (m1, m2, m3), and (δ1, δ2, δ3) respectively, are the six input control signals that the GUPFC uses to 
function [18]. The operation of GUPFC on the transmission line is described Fig 2. Equations (1)– (3) represent 
the three-phase dynamic differential equations.  equations for the three-phase dynamics after transients and 
transformer resistance are ignored. 
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The transmission line's resistance is denoted by r, its inductance by l, and its phase angle with respect to 

phases a, b, and c by. Whereas the phase angle of the gearbox line compensates for the series, the voltage applied 
in series with the gearbox line compensates for the shunt. The voltage in relation to the line's angle modifies the 
active energy (P) transmitted through the line, whereas the magnitude of the voltage m modifies the reactive 
energy (Q) [19].   Reactive energy is stored in a capacitor known as 𝐶𝐶𝑑𝑑𝑑𝑑, which is connected to the shunts and 
series converters. 

With converters, the DC coupling capacitor regulates the active energy while preserving the reactive energy 
throughout the capacitor [11]. The purpose of the AC voltage control loop and other DC voltage control 
mechanisms is to stabilize the DC coupling voltage at a predetermined level and regulate the voltage range [16]. 
Reactive energy affects the AC transmission line's voltage range when it is in shunting mode. The real power (P) 
transferred through the DC link depends on the phase angle difference between the sending-end voltage (𝑉𝑉1) and 
the receiving-end voltage (𝑉𝑉2). To lower the errors at steady state, the series converter senses, regulates, and 
modifies the P and Q values. 

The mathematical model of the generator is represented from equation (4)- (7). The dynamic machine 
equation is expressed as in dq − axis [20]: 
              

[ ]1 ,m ew P P D w
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Here, D represents the damping coefficient, and H denotes the inertia constant. The synchronous speed of the 

generator is indicated by 𝜔𝜔₀, while ω and δ correspond to the rotor speed and rotor angle, respectively. The 
mechanical input power and electrical output power of the generator are represented by 𝑃𝑃ₘ and 𝑃𝑃ₑ. The internal 
generated voltage, excitation voltage, and terminal voltage are denoted by 𝐸̇𝐸𝑞𝑞,𝐸𝐸𝑓𝑓𝑓𝑓  𝑎𝑎𝑎𝑎𝑎𝑎 𝑉𝑉𝑡𝑡 respectively. 
Additionally, 𝑇𝑇𝐴𝐴 represents the exciter time constant, 𝐾𝐾𝐴𝐴 is the exciter gain, and 𝑇́𝑇𝑑𝑑0 denotes the open-circuit field 
time constant. The operation of the GUPFC controller is explained in Fig 3. 
 

 
 

Fig  3 Working of supplementary control with series compensator 

The behaviour of DC link voltage for GUPFC is determined using Kirchhoff’s current law (KCL) method as 
shown in [21], represented by the equation (1), (2). and (3). The currents 𝐼𝐼1 , 𝐼𝐼2 , and 𝐼𝐼3represent the dq-axis 
currents of the VSC shunt and series converters. In developing the dynamic three-phase model of the GUPFC, the 
transformer resistance is neglected to simplify the analysis.  
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Where 𝑋𝑋1  is the reactance of the shunting transformer, 𝑋𝑋2  and 𝑋𝑋3  are respectively the reactance’s of the 

series transformer. 𝑉𝑉𝑑𝑑𝑑𝑑  is the voltage through the DC capacitor according to the following formula [21]. 𝑽𝑽𝟏𝟏  
represents the output voltage of the shunt converter (VSC1), while 𝑉𝑉2 and 𝑉𝑉3 correspond to the output voltages of 
the series converters (VSC2 and VSC3). These voltages are used to formulate the standard linear model and its 
corresponding state-space representation as  

 
∆𝑥̇𝑥 = 𝐴𝐴∆𝑥𝑥 + 𝐵𝐵∆𝑢𝑢, (13) 

 
where A is the plant model input state matrix and B is the GUPFC state input system matrix that help to find the 
eigenvalues to test open loop stability and controllability of the system as in reference [22]. The x input states 
vector and u  is the output control vector. 
 

𝑥𝑥 = �∆𝛿𝛿 ∆𝑤𝑤 ∆𝐸̇𝐸𝑞𝑞′  ∆𝐸𝐸𝑓𝑓𝑓𝑓 ∆𝑉𝑉𝑑𝑑𝑑𝑑�, (14) 
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𝑢𝑢 = [∆𝑚𝑚1 ∆𝛿𝛿1 ∆𝑚𝑚2 ∆𝛿𝛿2 ∆𝑚𝑚3 ∆𝛿𝛿3 ], (15) 

 

Table 1 represents the variation in modulation indices (𝐦𝐦) and gate-triggered phase angles (δ) of the Voltage 
Source Converter (VSC) system under different operating conditions, i.e., pre-fault, during fault, and post-fault. 
Shunt Converter (VSC 1) under pre-fault conditions, the modulation index of 0.8 with a phase angle =0, ensuring 
normal system operation. During fault, the modulation index significantly drops to 0.001, while the phase angle 
shifts negatively to -1.21 indicating the converter’s response to suppress fault currents. Post-fault, the modulation 
index recovers close to the pre-fault value (0.78), while the phase angle stabilizes near zero restoring normal 
operation. VSC 2 converter initially, the modulation index was 0.77 with a phase angle of −1.96. 

Table 1 VSC gate trigger indices 
VSC converters Gate trigger pulses Pre Fault During Fault Post Fault 

Shunt Converter m1 0.8 0.001 0.78 
δ1 0 -1.21 -0.007 

Series Converter 1 m2 0.77 0.79 0.5 

δ2 -1.96 2.653 2.66 

Series Converter 2 m3 0.5 0.426 0.48 

δ3 2.47 3.13 2.25 

 
The modulation index slightly increases during fault to 0.79, while the phase angle undergoes a significant 

positive shift to 2.653, showing active compensation to support voltage stability. The modulation index decreases 
to 0.5, while the phase angle remains almost constant around 2.66, ensuring steady-state recovery. In case of 
series converter 2 (VSC 3) the modulation index starts at 0.5 with a phase angle of 2.47.  During fault, the 
modulation index decreases to 0.426, while the phase angle increases to 3.13, reflecting dynamic control during 
disturbance. Post-fault, both values move toward stability with m3=0.48 δ3=2.25.  

3. An Adaptive Fuzzy Logic Neural Network Controller 
An adaptive fuzzy logic neural network control is an advanced system that merges the learning abilities of neural 
networks with the reasoning skills of fuzzy logic [23]. It effectively incorporates fuzzy systems into the neural 
network's structure to process imprecise, ambiguous, or uncertain information [24]. The design of an AFLNNC 
generally consists of multiple layers, namely the input layer, hidden layer, and output layer. The input layer 
contains crisp values that are transformed into fuzzy sets using Gaussian membership functions. The network 
acquires knowledge by modifying the parameters of the fuzzy membership functions and rule weights based on 
training data, utilizing techniques such as gradient descent [25]. Fuzzy rules, which emulate human-like reasoning, 
can either be established prior to training or learned directly from data, enabling adaptability in the system. By 
managing system uncertainty according to input data, the FLC can reason similarly to humans while benefiting 
from the learning and adaptability of neural networks, making the proposed system intelligent and capable of 
effectively tackling complex challenges within power systems.  

3.1 Input layer 
The input variables 𝜏𝜏 𝑎𝑎𝑎𝑎𝑎𝑎 𝜔𝜔 is given to proposed controller. The aggregate function 𝑔𝑔𝑘𝑘(. ) links the nodes for 
inputting data [25].  
 

𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 = 𝑔𝑔𝑘𝑘(𝑥𝑥𝑘𝑘;𝑊𝑊𝑘𝑘), (16) 
 
𝑥𝑥𝑘𝑘  is the input,  𝑊𝑊𝑘𝑘  is the connection weights and 𝑔𝑔𝑘𝑘 provides the input node. 
 

𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜 = 𝑂𝑂𝑖𝑖𝑘𝑘 = 𝑓𝑓𝑘𝑘(𝑔𝑔𝑘𝑘), (17) 
 
where 𝑓𝑓𝑘𝑘  is the activation function of its input and 𝑂𝑂𝑖𝑖𝑘𝑘  is the output layer. K represents the number of layers and 
“i" means the iteration term. 
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3.2 Layer 1 
Input layer 1 directly transmit numerical inputs to the nest layer, here weights are considering unity by default, no 
weights are adjusted. 
 

𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 = 𝑔𝑔𝑗𝑗1�𝑥𝑥1;𝑊𝑊𝑖𝑖𝑖𝑖
1� = 𝑊𝑊𝑖𝑖𝑖𝑖

1 . 𝑥𝑥𝑖𝑖1, 
 

(18) 

𝑂𝑂𝑖𝑖𝑖𝑖1 = 𝑔𝑔𝑗𝑗1�𝑥𝑥𝑖𝑖1;𝑊𝑊𝑖𝑖𝑖𝑖
1�, (19) 

3.3 Layer 2 Fuzzification 
Here gaussian membership function is used as fuzzy linguistic terms. The mean m and variance σ of fuzzy MF 
varies to adjust weights [26]. 
 

𝑔𝑔𝑖𝑖𝑖𝑖2 �𝑥𝑥𝑖𝑖2;𝑊𝑊𝑖𝑖𝑖𝑖
2� = 𝑔𝑔𝑖𝑖𝑖𝑖2 �𝑥𝑥𝑖𝑖2;  𝑚𝑚𝑖𝑖𝑖𝑖 ,𝑊𝑊𝑖𝑖𝑖𝑖

2� = −
�𝑥𝑥𝑖𝑖𝑖𝑖2 − 𝑚𝑚𝑖𝑖𝑖𝑖�

2

𝜎𝜎𝑖𝑖𝑖𝑖2
 (20) 

𝑂𝑂𝑖𝑖𝑖𝑖2 = 𝑒𝑒𝑒𝑒𝑒𝑒 �−
�𝑥𝑥𝑖𝑖𝑖𝑖

2 −𝑚𝑚𝑖𝑖𝑖𝑖�
2

𝜎𝜎𝑖𝑖𝑖𝑖
2 �, (21) 

 
𝑚𝑚𝑖𝑖𝑖𝑖 is the mean and 𝜎𝜎𝑖𝑖𝑖𝑖2  is the variance, and the 2 represents the number of layers. Update layer 2 weights after 
initialization of m and σ. Adjust mean its Mean and Sigma of Gaussian membership function automatically once 
initialized by  
 

−
𝜕𝜕𝜕𝜕
𝜕𝜕𝑚𝑚𝑖𝑖𝑖𝑖

= −
𝜕𝜕𝜕𝜕
𝜕𝜕𝑔𝑔𝑗𝑗3

.
𝜕𝜕𝑔𝑔𝑗𝑗3

𝜕𝜕𝑂𝑂𝑖𝑖𝑖𝑖2
𝜕𝜕𝑂𝑂𝑖𝑖𝑖𝑖2

𝜕𝜕𝑚𝑚𝑖𝑖𝑖𝑖
, 

 
(22) 

−
𝜕𝜕𝜕𝜕
𝜕𝜕𝑚𝑚𝑖𝑖𝑖𝑖

= −
𝜕𝜕𝜕𝜕
𝜕𝜕𝑔𝑔𝑗𝑗3

.
𝜕𝜕𝑔𝑔𝑗𝑗3

𝜕𝜕𝑂𝑂𝑖𝑖𝑖𝑖2
𝜕𝜕𝑂𝑂𝑖𝑖𝑖𝑖2

𝜕𝜕𝑚𝑚𝑖𝑖𝑖𝑖
, (23) 

 
Then, update rules for 𝑚𝑚𝑖𝑖𝑖𝑖 and 𝜎𝜎𝑖𝑖𝑖𝑖  

𝑚𝑚𝑖𝑖𝑖𝑖(𝐾𝐾 + 1) = 𝑚𝑚𝑖𝑖𝑖𝑖(𝑘𝑘) + 𝜂𝜂𝑚𝑚 .𝑂𝑂𝑖𝑖𝑖𝑖2 .
2(𝑥𝑥𝑖𝑖𝑖𝑖2 − 𝑚𝑚𝑖𝑖𝑖𝑖)

𝑂𝑂𝑖𝑖𝑖𝑖2
+ 𝛼𝛼𝑚𝑚.𝛥𝛥𝑚𝑚𝑖𝑖𝑖𝑖(𝑘𝑘), 

 
(24) 

𝜎𝜎𝑖𝑖𝑖𝑖(𝐾𝐾 + 1) = 𝜎𝜎𝜎𝜎𝑖𝑖𝑖𝑖(𝑘𝑘) + 𝜂𝜂𝜎𝜎 .𝑂𝑂𝑖𝑖𝑖𝑖2 .
2(𝑥𝑥𝑖𝑖𝑖𝑖2 − 𝜎𝜎𝑖𝑖𝑖𝑖)2

𝑂𝑂𝑖𝑖𝑖𝑖2
+ 𝛼𝛼𝜎𝜎 .𝛥𝛥𝜎𝜎𝑖𝑖𝑖𝑖(𝑘𝑘), (25) 

 
where 𝜂𝜂𝑚𝑚 and 𝜂𝜂𝜎𝜎 are the learning rates and the momentum parameter for adjusting mean and sigma respectively. 

3.4 Layer 3 Rule Layer 
The antecedent matching and product operation is performed in layer 3.  
 

𝑔𝑔𝑖𝑖𝑖𝑖3 �𝑥𝑥𝑖𝑖3;𝑊𝑊𝑖𝑖𝑖𝑖
3� = Π𝑖𝑖=1𝑛𝑛 �𝑥𝑥𝑖𝑖3;𝑊𝑊𝑖𝑖𝑖𝑖

3�, 
 

(26) 

𝑂𝑂𝑖𝑖𝑖𝑖3 = 𝑔𝑔𝑗𝑗3�𝑥𝑥𝑖𝑖3;𝑊𝑊𝑖𝑖𝑖𝑖
3�, (27) 

 
for no  weights adjusted here. The weights of layer 2 are adjusted, in layer 3 rules are de�ined after initiation of 
AFLNNC [27]. Rules are updated according to equation (21). 

𝛿𝛿𝑗𝑗3 = − 𝜕𝜕𝜕𝜕
𝜕𝜕𝑔𝑔𝑖𝑖

3 = 𝛴𝛴𝑗𝑗=1
𝑝𝑝 (𝛿𝛿𝑗𝑗4.𝑊𝑊𝑖𝑖𝑖𝑖

4), (28) 

 
𝛿𝛿𝑗𝑗3 is the error signal and P is the number of output nodes. 
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3.5 Layer 4 Defuzzification 
Layer 4 performs the defuzzification to get the numerical output.  The 𝑊𝑊𝑖𝑖𝑖𝑖

4 is the connection weights between the 
ith rule node and the jth output node. The Center of Addition technique defuzzification technique is used to get 
the output node. 
 

𝑔𝑔𝑖𝑖𝑖𝑖4 �𝑥𝑥𝑖𝑖4;𝑊𝑊𝑖𝑖𝑖𝑖
34� = 𝛴𝛴𝑖𝑖=1𝑛𝑛 �𝑥𝑥𝑖𝑖4;𝑊𝑊𝑖𝑖𝑖𝑖

4�, 
 

(29) 

𝑂𝑂𝑗𝑗4 =
𝑔𝑔𝑗𝑗4(𝑥𝑥𝑖𝑖4;𝑊𝑊𝑖𝑖𝑖𝑖

4)
𝛴𝛴𝑖𝑖=1𝑛𝑛 𝑥𝑥𝑖𝑖4

, (30) 

 
The  𝑊𝑊𝑖𝑖𝑖𝑖

4 weights are adjusted using back propagation, 
 

𝛿𝛿𝑗𝑗4 = �𝑑𝑑𝑗𝑗4 − 𝑂𝑂𝑗𝑗4�, 
 

(31) 

𝑊𝑊𝑖𝑖𝑖𝑖
4(𝑘𝑘 + 1) = 𝑊𝑊𝑖𝑖𝑖𝑖

4 + 𝜂𝜂𝜂𝜂. 𝛿𝛿𝑗𝑗4(𝑘𝑘).𝑥𝑥𝑖𝑖4(𝑘𝑘) + 𝛼𝛼𝛼𝛼.𝛥𝛥𝑊𝑊𝑖𝑖𝑖𝑖
4(𝑘𝑘), (32) 

 
where 𝛿𝛿𝑗𝑗4  is the error signal, d is the desired output, and the o is the plant output. Where 𝜂𝜂𝑚𝑚  and 𝛼𝛼𝛼𝛼  are the 
learning rates and the momentum parameter for adjusting 𝑊𝑊𝑖𝑖𝑖𝑖

4 respectively. 

4. Simulation Results 
Investigating stability, security and smooth transfer of energy between connected regions. The 
stability analysis uses control strategies such as PI and AFLN controls. The results of the simulation shall 
be evaluated by the PI controller and the AFLNN controller as complementary controllers. The proposed 
controller addresses the non-linearity of synchronous generators under 3ϕ − g fault conditions by 
running simulations for 24 hours. At t=16 hours, a fault occurs for 36 seconds on bus 27. At night, 
the household load decreases because of lower electricity consumption, while at t=6 hours, 
the household load increases by 10.75 MW compared to the previous value. This increase in 
load induces small oscillations in the system which gradually increases over time. 

  

Fig. 4  Generator speed and the speed deviation 

The  Fig 4 explains the simulation of PI controller as a supplementary controller to maintain the generator 
speed at 1p.u. Although the generator speed is maintained at unity, when the fault occurs at 16 hours the generator 
speed deviation is increased, and these oscillations do not damp for 24 hours simulation. The proposed controller 
effectively maintain the generator speed during fault and the generator speed deviation damps effectively after 
fault.  
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Fig. 5 Active power tracking at GUPFC bus 

At the beginning, the power level is maintained at a steady 10.75 MW. At t=6 hours, an increase in load leads 
to a rise in demand for active power. The GUPFC adjusts the line voltage magnitude and angle (v∠δ) as well as the 
line reactance to enhance active power flow in the system. With the rise in load, the power demand grew from 
10.75 MW to 13 MW, as shown in Fig 5. The PI controller demonstrates an oscillatory response while following 
the active power demand. In contrast, AFLNNC experiences fewer oscillations, and the proposed controller 
significantly reduces power fluctuations, enabling more stable system performance. Excessive power flow during 
a fault can threaten system stability; however, the proposed controller effectively mitigates the fault in accordance 
with grid code standards. 

 

 

Fig. 6  DC-link voltage across the GUPFC capacitor under PI and AFLNNC control schemes 

In the modeling section, it was explained that VSC2 and VSC 3 converters are connected via DC link capacitor 
through VSC 1 converter to facilitate smooth power transfer. During three-phase fault conditions, when the PI is 
used as a supplementary controller. The performance of the PI controller in damping the DC voltage fluctuations 
is not satisfactory, whereas the proposed controller effectively minimizes the oscillations in DC voltage and 
prevents them from escalating within the system, as illustrated in Fig 6. 
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Fig. 7  Three phase bus voltage at MTL load bus 

The  Fig. 7 shows the 𝟑𝟑𝟑𝟑 − 𝒈𝒈 fault MTL bus voltage and current. Before fault the bus voltage is maintained at 
1 and -1 during fault the voltage magnitude is reduced to 0.5, as soon as the fault is cleared, voltage is restored 
back to 1 p.u. The current MTL bus is maintained at 1.5 p. u but during fault, excessive current passes through the 
bus load. The proposed controller effectively damps the current fluctuations and monitor the current and does 
not let them grow again. 

Table 2  Summary of conventional and proposed controlle performance Indices 
Performance 
Metric 

PI Controller AFNNC Controller Observation 

Speed Response Smooth rise 
Small oscillations 
deviation higher near 
fault t=16H 

Faster rise, 
better damping, lower 
oscillations 

AFNNC shows improved 
damping and reduced 
oscillations compared to PI 

Speed Deviation 
(Δω ×10⁻³) 

±2 peak oscillations, more 
�luctuation’s post-fault 
(16 h) 

Lower oscillations, faster 
stabilization 

AFNNC minimizes deviation 
and enhances dynamic 
stability 

Active Power 
Tracking (MW 

Does not exactly track 
10.75 MW, 
slower adjustment, larger 
dip during fault (16 h) 

Faster adjustment to 13 
MW, 
quicker recovery from dip 

AFNNC provides better 
tracking accuracy and faster 
recovery 

Disturbance 
Rejection 

Slower recovery; 
oscillatory during fault 

Quicker recovery; stable 
with reduced oscillations 

AFNNC superior in fault 
handling 

Overall 
Performance 

Acceptable but with 
higher oscillations and 
slower fault recovery 

Robust, fast, and stable 
under both normal and 
faulty conditions 

AFNNC outperforms PI 

 
The performance of proposed controller and conventional controller is compared in Table 2. The system’s 

dynamic response was assessed using key performance indicators, including generator speed.  speed deviation, 
voltage stability, active power tracking and DC voltage across GUPFC capacitor under 3𝜑𝜑 − 𝑔𝑔  fault case. The 
proposed model shows strong agreement with previously reported findings, supporting the accuracy and 
reliability of the model in [28], [29], [30]. The proposed simulations were conducted in MATLAB/Simulink over 
an extended duration of 2400 hours and were compared with those reported in earlier studies. The proposed 
model is highly nonlinear and in earlier studies only ran simulations for a few seconds or for few minutes, that’s 
all they managed. Our comparison indicates that the proposed method suppresses low-frequency oscillations 
more rapidly and maintains higher stability margins, even under three-phase fault conditions. These outcomes 
are consistent with the performance characteristics observed in existing control strategies. Small differences in 
the numbers usually come from changes in system setup, parameter choices, or how we model the system. 
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5. Conclusion 
In conclusion, this study highlights the effectiveness of combining an Adaptive Fuzzy Logic Neural Network 
Controller (AFLNNC) with a Generalized Unified Power Flow Controller (GUPFC) for mitigating low-frequency 
oscillations in smart grids with high renewable energy penetration. By integrating the rule-based reasoning of 
fuzzy logic with the adaptive learning capabilities of neural networks, the proposed controller provides a flexible 
and intelligent control solution. A key advantage of this approach is its ability to handle operating point variations, 
parameter uncertainties, and nonlinear system dynamics without relying on an exact mathematical model of the 
power system. This feature makes the controller particularly well-suited for modern smart grids, where the 
variability and complexity introduced by renewable energy sources pose significant challenges to system stability. 

Analysis of time-domain simulations shows that the AFLNNC-based GUPFC performs better dynamically in 
both faulted and steady-state scenarios. When compared to a traditional proportional-integral (PI) controller, 
improvements are seen in the accuracy of active power tracking, speed deviation (Δω), and generator speed 
response. The suggested controller has a less noticeable transient dip, faster post-fault recovery, and less 
overshoot and undershoot during a three-phase fault (3φ-gfault). Better tracking and disturbance rejection 
performance are indicated by active power being kept closer to its reference value. Additionally, the suggested 
control scheme greatly improves DC-link voltage regulation, which boosts converter stability. 

In general, the proposed smart grid system results indicate that, relative to the traditional PI control method, 
the proposed AFLNNC-based control approach has stronger damping, robustness, and dynamic resilience. In the 
case of low inertia and high penetration of renewable energy sources and converter-based generation, the 
dynamic and structural flexibility of the proposed control approach ensures reliable performance. Moreover, the 
coordinated active and reactive power control of the GUPFC enhances the fault ride-through capability, voltage 
profile, and stability of inter-area power transfer. Based on the above findings, the proposed intelligent control 
approach can be considered an effective means to enhance operational reliability and stability in modern 
renewable energy-integrated power systems, thus accelerating the transition towards sustainable low-inertia 
smart grid infrastructure. 
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