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Abstract - This paper presents an intelligent ANN-Controlled Grid-Tied Solar Pv System that Supports Residential Loads, EV 

Charging, and Induction Motor-Based Water Pumping (Household or Agriculture) has been developed in this paper. The aim is 

achieved through the use of a three-phase totem pole converter with PFC to ensure a nearly unity power factor and reduce 

electrical loss as well as the overall strain on the grid. A boost converter is used to increase the output voltage of the solar PV 

array to match the DC link voltage while maximizing energy extraction from it using the Perturb and Observe (P&O) MPPT 

algorithm. In addition, a bidirectional buck-boost converter is used to regulate the flow of energy into/out of the battery for EV 

charging/discharging. An Induction Motor Drive (IMD) with SVPWM is used to operate the induction motor at maximum 

efficiency while also providing AC residential loads. Finally, a robust ANN controller provides real-time regulation of the DC 

bus voltage, controls the flow of energy between solar, EV, and the grid, and optimizes the operation of the IMD, resulting in 

superior dynamic response, stability, and power quality compared to conventional control methodologies. Simulation results in 

MATLAB demonstrate that the proposed design has better reliability, lower system losses, higher system stability, and better 

performance than conventional control approaches. 

Keywords - Artificial Neural Network, Grid-connected Solar PV system, Totem-Pole Converter, Power Factor Correction, 

Perturb and Observe MPPT, Bidirectional Buck-Boost Converter, Electric Vehicle Charging, Induction Motor Drive. 

1. Introduction  
Energy consumption continues to rise consistently in 

residential and commercial applications. The rising need for 

energy is worrying since Fossil Resources are running out. To 

meet the demand, the focus needs to shift to using Renewable 

Energy Resources (RERs) and connecting them to the utility 

grid [1]. The world’s use of fossil fuels is being reduced 

because of governmental programs and subsidies to promote 

Renewable Energy Resources (RERs). Most governmental 

programs and subsidies for RERs decrease the price of the 

product, reduce the environmental impact, and reduce the 

carbon footprint, while giving governmental agencies control 

over “Green Power” [2]. With a reduction in the amount of 

traditional energy products used, there is an increase in the 

demand for Renewable Energy Resources. One type of 

renewable resource, Solar Photovoltaic (PV), has become one 

of the most used renewable energy resources as a result of the 

abundance of sunshine available in many locations, its 

environmentally friendly nature, and its cost competitiveness. 

The PV systems do not generate greenhouse gas emissions, air 

pollutants, or hazardous byproducts, which makes them 

economically attractive [3]. The PV systems require very little 

operational and maintenance activity to be performed, which 

provides reliability over almost thirty years. They can be 

scaled down to fit on small rooftops or up to larger commercial 

buildings and utility project sizes to support the 

decentralization of electric power generation. The PV systems 

also help reduce reliance on importing fossil fuels and increase 

http://www.internationaljournalssrg.org/
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grid stability and resiliency [4]. Solar energy is well-suited for 

a variety of domestic applications, including the charging of 

electric vehicles, the operation of induction motors in water 

pumping systems, the supply of power for household lighting 

and appliances, and the support of other essential residential 

loads. To reduce reliance on the utility grid and optimize 

power for EV battery charging, a solar PV system employs a 

Perturb and Observe (P&O) MPPT algorithm and an Artificial 

Neural Network (ANN) controller for maximum power 

extraction [5]. The PV source connects to the DC bus to meet 

EV battery needs. Additionally, during non-charging times or 

peak grid demand, the PV source and/or EV battery can supply 

power back to the grid, enhancing the microgrid’s efficiency 

and reducing grid dependence [6]. AI-based MPPT offers 

superior tracking, rapid convergence, and reduced transients 

[7]. A PID controller with variable step size and GA is 

discussed in [8], though it is computationally intensive. Fuzzy 

logic MPPT controllers are explored in [9], with user expertise 

in membership function selection being crucial. There is a 

demand for reliable AI-based dc-link controllers to improve 

Conventional Methods. This study proposes an ANN-based 

MPPT to enhance PV system efficiency. The input voltage of 

the bidirectional DC–DC converter is interfaced with the DC 

bus, enabling flexible power management between the source 

and the EV battery. Operating in buck mode, the converter 

efficiently manages battery charging, while in boost mode, it 

supports battery discharging back to the DC bus. To achieve 

optimized performance, an Artificial Neural Network (ANN)-

based fast-charging control strategy is employed, which 

regulates the duty cycle of the bidirectional DC–DC converter 

for accurate and efficient battery charging [10]. Solar PV 

systems are widely used for irrigation and water pumping in 

India, where 70% of agricultural land depends on irrigation 

due to unreliable monsoons [11].  

Solar-powered Induction Motor Drives (IMDs) are 

favored for their reliability, cost-effectiveness, and 

performance in harsh conditions. Research aims to enhance 

the efficiency of these systems, employing techniques like 

Space Vector Pulse Width Modulation (SVPWM) for inverter 

control and integrating Artificial Neural Network (ANN) 

controllers for better speed regulation [12-14]. Rising 

residential loads for lighting, heating, and cooling have 

increased power demand and electricity costs. To tackle peak 

load demand and emissions, a model for optimal solar PV 

operation was proposed in [15]. Solar PV systems are 

increasingly popular due to their modularity and quick 

installation, making them ideal for residential use, reducing 

energy costs, and reliance on the grid [16, 17]. Grid-isolated 

systems like EV chargers and water pumps powered by PV 

arrays struggle with solar energy’s intermittency, leading to 

unreliable power and operational shutdowns [18, 19]. Recent 

research favors grid-connected PV systems, enabling 

continuous operation by using a power allocation mechanism 

to draw from either the PV array or the utility grid when 

needed. This setup connects an ANN-based controller for EV 

charging and water pumping to a shared DC bus with the grid 

inverter, improving reliability and reducing costs [20]. Thus, 

grid-connected PV systems are seen as more reliable and 

sustainable compared to standalone systems with battery 

storage [21]. Maintaining grid power quality, especially 

Power Factor Correction (PFC), is vital for medium- and high-

voltage applications and bidirectional operations like Grid-to-

EV and EV-to-Grid and Solar Power Export. This work 

employs a three-phase bidirectional totem-pole converter that 

performs PFC, reduces grid power stress, and balances DC bus 

voltage. An Artificial Neural Network (ANN) controller 

enhances transient and dynamic response, ensuring stable 

operation for critical loads, including EV chargers, water 

pumping systems, and residential applications [22]. The 

proposed Multi-Application ANN-Controlled Solar PV Grid 

System using a Totem Pole Converter for EV Charging, 

Induction Motor Pumping, and Residential Loads is shown in 

Figure 1. The proposed system includes a grid-side converter 

acting as a bidirectional AC-DC converter for power factor 

correction and DC link voltage regulation. An ANN is used to 

manage several different tasks, including DC link voltage 

balancing, grid stability, solar Maximum Power Point 

Tracking (MPPT) control, induction motor speed regulation, 

and EV battery charge/discharge control. A DC-DC boost 

converter is utilized between the solar PV array and the DC 

link, where P&O MPPT is implemented along with an ANN 

to optimize power extraction. An efficient ANN-based EV 

charging system is composed of a bidirectional DC-DC buck-

boost converter as well as an efficient water-pumping system 

using an induction motor with a three-phase SVPWM inverter 

on the DC link. Both systems are designed to provide high 

efficiency and reliability while improving both the power 

quality and stability of each application. In addition, the use 

of an ANN-based control system allows for flexibility and the 

ability to operate efficiently under various operating 

conditions. 

A detailed literature review was completed to identify 

many combinations of Solar Photovoltaic (PV) Systems, 

Electric Vehicle (EV) Systems, and Utility Grids that can be 

controlled using various control techniques. DC link voltage 

regulation using a nonlinear PI controller for an Electric 

Vehicle (EV) charger is investigated in reference [23]. The 

results demonstrated an enhancement of voltage stability and 

better dynamic performance than with traditional controllers. 

An advanced hybrid converter structure for PV-EV-grid 

systems that can operate in five different modes to allow 

optimal power transfer across various operational states has 

been described in reference [24]. A Centralized Energy 

Management System for Photovoltaic (PV), Grid, Battery, and 

DC Load is proposed in [25]. Adaptive control for Grid-Tie 

PV Power Conversion Systems, including Power Factor 

Correction, DC-link Voltage Control, Harmonic Reduction, 

and Maximum Power Point Tracking (MPPT) control, as well 

as a power management system to generate a reference 

current, are described in Reference [26]. A time-based power 
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management strategy for PV-Battery-Grid Systems is 

developed in [27], while [28] describes an optimal power flow 

method to minimize overall operating costs. Reference [29] 

proposed a Three-Port Integrated Topology (TPIT) that allows 

for integration of EVs and PV modules to provide better 

quality power and fewer conversions. Reference [30] 

presented an HPV-EVB energy management system that 

manages the flow of power from PV sources, EV battery 

banks, Home load demands, and the grid. In reference [31], an 

Adaptive Neuro-Fuzzy Inference System (ANFIS)-based 

control strategy is proposed for a grid-connected PV-powered 

EV charger that can improve the grid power quality during EV 

charging. The EV Charging Station, which uses solar and 

battery storage to charge vehicles, is presented in reference 

[32]. The authors stated that this station has high efficiency 

when operating in both Grid-Connected Mode and Standalone 

Mode. Reference [33] Presents A Control Strategy (MMGDI-

AC) for Managing Grid-Connected EV charging with the use 

of Solar PV, and as such, focuses on the reduction of damping 

and safe charging of EVs. In reference [34], a solar PV-

powered workplace EV charging system is designed and 

optimized in terms of size to minimize its dependency on the 

grid. In reference [35], a Proportional Regulator (PR) 

controller is designed and tested for a grid-tied solar-powered 

EV charger, providing high performance in terms of both 

stability and accuracy under changing conditions. 
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Fig. 1  Proposed system configuration 

Considering the insights from the literature and the 

challenges discussed above, the main contributions of this 

work can be summarized as follows: 

 The multi-application solar PV grid system is a system 

that can be used in many ways (e.g., EV charging, 

induction motor-driven water pumping, and residential 

Loads) as part of an integrated system architecture. The 

three-phase bidirectional totem pole converter allows for 

Power Factor Correction (PFC), DC-Link voltage 

balancing, and bidirectional power flow to/from the grid 

to provide reliable operation and high efficiency 

operation of the system. 

 The ANN-based intelligent controller allows the 

controller to perform several tasks, such as MPPT of the 

PV array, regulate the speed of the induction motor using 

SVPWM, control the bidirectional Charging/Discharging 

of the EV Battery, and balance the grid voltage. 

 This system has improved power quality due to reduced 

harmonic distortion and reduction of transient and 

dynamic disturbances, and the stress of the grid is also 

reduced; this results in the improvement of the overall 

stability, efficiency, and operation of all loads connected 

to the system, which are operating under variable solar 

irradiance and load conditions. 

 The proposed system reduces the overall cost and 

maintenance of the system and provides a continuous and 

sustainable power supply for the EV Charging, 

Agricultural Pumping, and Household Applications; the 

proposed system minimizes the dependency on large 

battery storage systems and allows the integration of 

multiple functionalities within the same system. 

2. Modelling and Designing of Solar PV 

Configuration 
2.1. Formulation of Solar PV Cell 

The single diode model is the most commonly employed 

model to represent the I-V curve behavior of a Photovoltaic 

(PV) cell; it captures the main Current-Voltage (I-V) 

characteristics of a PV cell, taking into account the effects of 
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temperature and irradiance, and provides all the information 

required to compute the main performance parameters of a PV 

system, i.e., the Short-Circuit Current (𝐼𝑠𝑐), the Open-Circuit 

Voltage (𝑉𝑜𝑐), the Maximum Power (𝑃𝑚𝑎𝑥), and the Fill 

Factor FF. A module is composed of several PV cells 

connected in Series (𝑁𝑠) and in Parallel (𝑁𝑝). Several modules 

are then connected together to form an array. Finally, the 

electrical energy produced by each PV array is collected and 

managed using a DC-DC Boost Converter, whose primary 

function is to regulate the terminal voltage of the PV array and 

enable the Maximum Power Point Tracking (MPPT) through 

the adjustment of its duty cycle. The MPPT ensures the 

highest possible conversion efficiency of the solar radiation 

into electrical energy, and the regulated DC voltage is fed to a 

DC-AC inverter to connect the PV array to the utility grid. As 

described above, a PV array formed by (𝑁𝑠series-connected 

PV modules and (𝑁𝑝) A parallel-connected module has an 

equivalent output current, which can be written using the 

Single-Diode Model as follows [36]: 

𝐼𝑝𝑣 = 𝑁𝑠𝐼𝑠 − 𝑁𝑝𝐼𝑜 (exp (
𝑞(𝑉𝑝𝑣+𝑅𝑠𝐼𝑝𝑣)

𝐴𝑘𝑇𝑁𝑠
) − 1) − 𝑁𝑝

𝑉𝑝𝑣+𝑅𝑠𝐼𝑝𝑣

𝑁𝑠𝑅𝑠ℎ

 (1) 

where 𝐼𝑠 is the light-generated current, Io is the diode 

reverse saturation current, 𝑅𝑠 and 𝑅𝑠ℎ are the series and shunt 

resistances, q is the electron charge, k is the Boltzmann 

constant, T is the cell temperature, and A is the diode ideality 

factor.  

2.2. Solar PV Boost Converter with P&O MPPT 

The PV array of a Solar Photovoltaic (PV) system has 

nonlinear I-V characteristics that require MPPT to extract the 

best possible amount of energy from the PV system. The 

MPPT controller used in this research uses a DC-DC Boost 

Converter controlled by a Perturb & Observe (P&O) 

algorithm to control the Duty Cycle of the converter and 

maintain the Output Voltage at a constant level, as shown in 

Figure 8. While P&O is easy to implement, its efficiency 

under rapidly changing irradiation conditions, and also, as per 

the grid stability, is poor. To improve upon these issues, 

Artificial Neural Network (ANN)-based MPPT controllers 

have been introduced into the MPPT Controller, which will 

provide smoother operation, fewer output variations, and thus 

enable stable and efficient grid connection and reliable 

operation of EV Battery Charging Systems, as shown in 

Figure 4. 

 
Fig. 2 V–I and P–V characteristics of a single-diode PV solar cell 

 

 
Fig. 3  Equivalent circuit model of solar PV 
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The steady-state equations of the boost converter are: 

 Boost converter output voltage: 

𝑉𝑜 =
𝑉𝑝𝑣

1−𝐷
                                                                 (2) 

 Boost converter input current: 

𝐼𝑝𝑣 =
𝐼𝑜

1−𝐷
                                                                (3) 

Where: 𝑉𝑝𝑣 and 𝐼𝑝𝑣 are the PV voltage and current, 𝑉𝑜 is 

the DC link voltage, Io is the output current, and D is the duty 

cycle. The MPPT algorithm continuously updates D to 

regulate 𝑉𝑝𝑣 around the MPP.  

 
Fig. 4 Solar PV P&O MPPT DC-DC Boost Converter 

Table 1. Grid Parameters 

Parameters Values 

Grid Voltage (Vg) 230 V 

Grid frequency (f) 50 Hz 

Interface Inductor (Lf) 

Load Power (PL) 

800μH 

20 Kw 

 
Table 2. EV Battery Parameters 

Parameters Values 

Nominal Voltage 300 V 

Rated Capacity 360Ah 

Interface Inductor (Lf) 

DC Link Voltage (Vdc) 

DC Link Capacitor 

EV power (Pev) 

800μH 

700 V 

3500 𝜇F 

10.8Kw 
 

Table 3. Solar PV Parameters 

Parameters Values 

Open circuit Voltage (Voc) 36.3  V 

Short circuit current (Isc) 7.84 A 

Maximum power 213.15 W 

Switching frequency (fs) 5kHz 

Solar boost inductor (L) 

Solar Power (Ppv) 

2.5 mH 

20 w 

 

3. Modelling and Designing of Lithium-Ion EV 

Battery 
3.1. Electrochemical Fundamentals 

The Lithium-ion (Li-ion) batteries operate on the 

principle of reversible intercalation and de-intercalation of 

lithium ions between the graphite anode and a metal oxide 

cathode. The overall reaction of a Li-ion cell during charge 

and discharge is expressed as [37, 38]: 

𝐿𝑖𝑥𝐶 + 𝐿𝑖1−𝑥𝑀𝑦𝑂𝑧 ⟺ 𝐶 + 𝐿𝑖𝑀𝑦𝑂𝑧                                  (4) 

Where: 

 𝐿𝑖𝑥𝐶 represents the lithiated graphite anode, 

 𝐿𝑖1−𝑥𝑀𝑦𝑂𝑧 represents the partially lithiated cathode 

(metal oxide such as 𝐿𝑖𝐶0𝑂2, 𝐿𝑖𝐹𝑒𝑃𝑂4, 𝐿𝑖𝑀𝑛2𝑂4), 

 𝑀 is the transition metal, 

 𝑥 denotes the degree of intercalation. 

 At the anode (during discharge): 

  𝐿𝑖𝑥𝐶 ⟶ 𝐶 + 𝑥𝐿𝑖+ + 𝑥ⅇ−                                              (5) 

 At the anode (during discharge):  

 𝐿𝑖1−𝑥𝑀𝑦𝑂𝑧 + 𝑥𝐿𝑖
+⟶ 𝐿𝑖𝑀𝑦𝑂𝑧                                      (6) 

This reaction is reversible, enabling repeated charging 

and discharging cycles. 

3.2. Electrical Modeling 

Lithium-ion batteries are commonly represented using an 

Equivalent Circuit Model (ECM), which simplifies the 

underlying electrochemical processes while accurately 

capturing the electrical behavior. In this model, the terminal 

voltage of the cell is expressed as: 

 
Fig. 5 Equivalent circuit diagram of lithium-ion EV battery 

𝑉(𝑡) = 𝑉𝑜𝑐(𝑆𝑜𝑐) − 𝐼(𝑡)𝑅𝑠 − 𝑉𝑅𝑐(𝑡)                          (7) 
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Battery Terminal Voltage 𝑉(𝑡) depends upon both the 

open circuit voltage, 𝑉𝑜𝑐(𝑆𝑜𝑐) the Internal Resistance of the 

Battery, Rs, and the Polarization Voltage of the Battery, 

𝑉𝑅𝑐(𝑡). This provides an excellent balance between 

complexity and accuracy in modeling battery behavior; it is 

suitable for use with grid integration, renewable energy 

storage applications, and electric vehicle charging. The state 

of charge, SOC, measures the available charge in relation to 

the nominal capacity of the battery and varies with respect to 

time as a function of the Coulomb counting principle. 

𝑆𝑂𝐶(𝑡) = 𝑆𝑂𝐶(0) −
1

𝑄𝑛𝑜𝑚
∫ 𝐼(𝜏) ⅆ𝜏
𝑡

0
                               (8) 

Where 𝑆𝑂𝐶(0) = Initial SOC; 𝑄𝑛𝑜𝑚 = Nominal Battery 

Capacity in Ampere-Hours (Ah); and 𝐼(𝜏) = Instantaneous 

Current (positive during discharging and negative during 

charging); The accurate modeling of both ECM and SOC 

dynamics will provide a reliable means to predict system 

performance, manage energy efficiently, and extend the 

lifetime of lithium-ion batteries used in today’s power 

systems. 

3.3. ANN-Controlled EV Charging System  

An Electric Vehicle (EV) charging system is an Artificial 

Neural Network (ANN)-controlled system that uses a 

bidirectional DC/DC converter to optimize both Battery 

charging and discharging. In Grid-To-Vehicle (G2V) mode, 

the bidirectional DC/DC converter is used to reduce the 

voltage so that the battery can be charged from the grid. In 

Vehicle-To-Grid (V2G) mode, it is used to boost voltage to 

supply energy back into the grid. Compared to the traditional 

PI controllers, the ANN controller has the advantage of 

adapting itself to dynamic conditions, which leads to 

improved performance with minimized overshoot and ripples, 

as shown in Figures 7 and 8. Additionally, the ANN controller 

optimizes power flow, ensures stable grid integration, and 

maintains reliable battery operation by monitoring important 

parameters. 

 
Fig. 6 Bidirectional DC-DC Converter for EV 

  
Fig. 7 EV Charging Controller 

4. ANN Controller for Induction Motor Drive in 

Water Pumping System 
The V/f-based speed controller of the induction motor 

structure, shown in Figure 9, regulates the Induction Motor 

(IM) drive speed with the aid of an Artificial Neural Network 

(ANN). The ANN receives the error between the reference and 

actual speed and generates an optimized control frequency. 

This frequency command, while maintaining the constant V/f 

ratio, is converted into sinusoidal reference signals, which are 

then applied to the Space Vector Pulse Width Modulation 

(SVPWM) block to produce the gating signals for the inverter 

driving the motor. Each stage of the controller is described 

below. 

4.1. Speed Reference and Error Calculation 

The reference speed for the motor is set to 1500 rpm 

(synchronous speed for a 2-pole machine at 50 Hz). The actual 

rotor speed 𝜔𝑟 is measured and converted from rad/s to rpm: 

𝑟𝑝𝑚 =
30

𝜋
⋅ 𝜔𝑟                                                                     (9) 

The speed error is then obtained as: 

ⅇ(𝑡) = 𝜔𝑟
∗ − 𝜔𝑟                                                               (10) 

Moreover, the change in error is given by: 

𝛥ⅇ(𝑡) = ⅇ(𝑡) − ⅇ(𝑡 − 1)                                                 (11) 

Both e(𝑡) and 𝛥ⅇ(𝑡) form the ANN inputs 

Table 4. IMD parameters 

Parameters Values 

IMD Voltage (Vim) 700 V 

IMD frequency (f) 50 Hz 

Stator resistance (Rs) 
Rotor resistance (Rr) 
Stator inductance (Ls) 
Rotor inductance (Ls) 

Mutual Inductance (Lm) 

Inertia (J) 

Friction factor 

IMD Poles (P) 

IMD Power 

0.9968 Ω 

0.6258 Ω 

0.0001495 H 

0.005473 H 

0.0354  H 

0.05 kg. m2 

0.005879  (N.m.s) 

4 

6 Kw 
 

4.2. ANN Controller 

The reference speed for the motor is set to 1500 rpm 

(synchronous speed for a 4-pole machine at 50 Hz). The actual 

rotor speed 𝜔𝑟 is measured and converted from rad/s to rpm: 

𝑓 =
𝑃

120
⋅ 𝑟𝑝𝑚                                                                   (12) 

Where P is the number of poles 

The corresponding electrical angular frequency is: 
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𝜔𝑒 = 2𝜋𝑓                                                                         (13) 

4.3. Frequency Limitation 

To ensure safe motor operation and avoid exceeding the 

rated synchronous speed, the generated frequency is limited 

as: 

0 ≤ 𝑓𝑒 ≤ 𝑓𝑟𝑎𝑡𝑒𝑑                                                                 (14) 

Where 𝑓𝑟𝑎𝑡𝑒𝑑 is the rated supply frequency (50 Hz). 

4.4. Sinusoidal Reference Generation 

The limited angular frequency 𝜔𝑒 is integrated to obtain 

the instantaneous electrical angle: 

The limited angular frequency 𝜔𝑒 is integrated to obtain 

the instantaneous electrical angle: 

𝜃(𝑡) = ∫ 𝜔𝑒 ⅆ𝑡                                                                 (15) 

Three sinusoidal phase reference signals with a 120-

degree∘ phase displacement are then generated: 

𝑉𝑎
∗ = 𝑠𝑖𝑛(𝜔𝑡)                                                                   (16) 

𝑉𝑏
∗ = sin(𝜔𝑡 − 120°)                                                      (17) 

𝑉𝑐
∗ = sin(𝜔𝑡 − 2400)                                                      (18) 

 
Fig. 8 Flowchart of the P&O algorithm, implemented in the controller model
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4.5. Sinusoidal Reference Generation 

The three reference signals are normalized by the 

SVPWM factor to ensure they remain within the modulation 

hexagon boundary: 

Vx,norm =
2

√3
⋅ Vx

∗(x = a, b, c)                                         (19) 

To confine the references within the PWM comparison 

range, an offset of +0.5 is injected: 

Vx,offset = Vx,norm + 0.5                                                 (20) 

This guarantees all modulation signals remain within [0, 

1]. 

4.6. Maximum–Minimum Signal Processing 

At every instant, the maximum and minimum among the 

three sinusoidal references are identified: 

𝑉𝑚𝑎𝑥 = max(𝑉𝑎
∗, 𝑉𝑏

∗, 𝑉𝑐
∗)                                                   (21) 

𝑉𝑚𝑖𝑛 = min(𝑉𝑎
∗, 𝑉𝑏

∗, 𝑉𝑐
∗)                                                    (22) 

The zero-sequence (offset) component is computed as: 

𝑉𝑜𝑓𝑓𝑠𝑒𝑡 = −
𝑉𝑚𝑎𝑥+𝑉𝑚𝑖𝑛

2
                                                      (23) 

This offset is added to all three reference signals: 

𝑉𝑎,𝑠ℎ𝑖𝑓𝑡 = 𝑉𝑎
∗+ 𝑉𝑜𝑓𝑓𝑠𝑒𝑡                                                       (24) 

 𝑉𝑏,𝑠ℎ𝑖𝑓𝑡 = 𝑉𝑏
∗+ 𝑉𝑜𝑓𝑓𝑠𝑒𝑡                                                      (25) 

 𝑉𝑐,𝑠ℎ𝑖𝑓𝑡 = 𝑉𝑐
∗+ 𝑉𝑜𝑓𝑓𝑠𝑒𝑡                                                     (26) 

This process centers the three references symmetrically 

within the carrier window, maximizing DC bus utilization and 

reducing harmonic distortion. 

Additionally: 

 A positive offset (+0.5) is added to ensure signals lie in 

the [0, 1] modulation range. 

 A negative offset (–0.5) is applied to generate 

complementary references for the lower inverter 

switches. 
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Fig. 9 V/f-based speed controller of the induction motor drive for the water pumping system 

4.7. SVPWM Signal Generation 

The processed sinusoidal reference signals are compared 

against a high-frequency triangular carrier waveform: 

𝑀𝑥 = {
1, 𝑖𝑓 𝑉𝑥,𝑠ℎ𝑖𝑓𝑡 ≥ 𝑉𝑐𝑎𝑟𝑟𝑖𝑒𝑟
0,   𝑜𝑡ℎⅇ𝑟𝑤𝑖𝑠ⅇ              

(𝑥 = 𝑎,b,c)           (27) 

Thus, six gating pulses (M1-M6) are generated for the 

inverter switches. 

4.8. Inverter and Motor Drive 

The inverter outputs the three-phase voltages 

corresponding to the ANN-regulated reference. These are 

applied to the induction motor, where the electromagnetic 

torque is computed as: 

𝑇𝑒 =
3

2
⋅
𝑃

2
⋅ (𝜓𝑑𝑠𝑖𝑞𝑠 −𝜓𝑞𝑠𝑖𝑑𝑠)                                         (28) 

The mechanical dynamics are expressed as: 
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𝐽
𝑑𝜔𝑟

𝑑𝑡
+ 𝐵𝜔𝑟 = 𝑇𝑒 − 𝑇𝐿                                                     (29) 

The ANN controller ensures that 𝜔𝑟 ≈ 𝜔𝑟∗, maintaining a 

constant water flow rate under varying operating conditions. 

5. Totem Pole Converter Controller 
The totem pole bridgeless converter is a high-efficiency 

AC-to-DC power converter that is widely used in electric 

vehicle systems, as well as in renewable energy systems. The 

bridgeless nature of this totem pole converter results in 

significantly less loss when compared to other converters and 

enables the ability to achieve higher power factors when using 

PFC (Power Factor Correction) techniques. As seen in Figure 

10, a traditional PI-based control strategy has many 

limitations, including the need for very slow responses and 

poor adaptability; these limitations are to be addressed by the 

proposed Artificial Neural Network (ANN)-based controller. 

The proposed ANN controller contains two separate ANNs.  

The first ANN is responsible for controlling the DC link 

voltage. The second ANN is used to track the desired currents 

accurately at the same time, ensuring synchronization with the 

grid voltages. As well as coordinating switching actions 

between the two ANNs, a zero-crossing detection method will 

coordinate the switching action to enable bridgeless operation. 

In comparison to the PI control strategy, the ANN-based 

control strategy provides much faster transient responses, 

lower Total Harmonic Distortion (THD), and near unity power 

factor performance, all of which make the ANN-based control 

strategy very attractive for high-performance applications. 

5.1. DC Bus Error and ANN Voltage Controller 

The reference DC Bus Voltage (𝑉𝑑𝑐
∗ ) is compared with the 

actual measured DC Voltage (𝑉dc). The error is expressed as: 

ⅇ𝑣(𝑡) = 𝑉𝑑𝑐
∗ − 𝑉dc                                                             (30) 

This error is applied to the first ANN controller, which 

outputs a reference current magnitude. 𝐼𝑟𝑒𝑓 . The ANN ensures 

nonlinear dynamic regulation for better transient stability 

compared to PI control. 

5.2. Grid Voltage Normalization (Phase Templates) 

The three-phase grid voltages are: 

𝑉𝑔𝑎(𝑡),   𝑉𝑔𝑏(𝑡),   𝑉𝑔𝑐(𝑡)                                                     (31) 

Their RMS magnitude is: 

𝑉𝑔,𝑟𝑚𝑠 = √
1

𝑇
∫ (𝑉𝑔𝑎

2 +
𝑇

0
𝑉𝑔𝑏
2 + 𝑉𝑔𝑐

2 ) ⅆ𝑡                                (32) 

The unit templates for each phase are obtained as: 

𝑢𝑎(𝑡) =
𝑉𝑔𝑎(𝑡)

𝑉𝑔,𝑟𝑚𝑠
, 𝑢𝑏(𝑡) =

𝑉𝑔𝑏(𝑡)

𝑉𝑔,𝑟𝑚𝑠
, 𝑢𝑐(𝑡) =

𝑉𝑔𝑐(𝑡)

𝑉𝑔,𝑟𝑚𝑠
                       (33) 
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Fig. 10 Controller design of 3-phase totem pole converter 

5.3. Reference Current Generation 

The ANN output references the current magnitude. 𝐼𝑟𝑒𝑓  is 

multiplied by each unit template to produce the reference input 

currents for all three phases: 

𝐼𝑎
𝑟𝑒𝑓(𝑡) = 𝐼𝑟𝑒𝑓 ⋅ 𝑢𝑎(𝑡)                                                       (34) 

 𝐼𝑏
𝑟𝑒𝑓(𝑡) = 𝐼𝑟𝑒𝑓 ⋅ 𝑢𝑏(𝑡)                                                      (35) 

 𝐼𝑐
𝑟𝑒𝑓(𝑡) = 𝐼𝑟𝑒𝑓 ⋅ 𝑢𝑐(𝑡)                                                      (36) 

Thus, the reference current of each phase remains 

sinusoidal and in-phase with its respective voltage. 

5.4. Actual Current Measurement and Error Calculation 

The actual grid currents are measured: 

𝐼𝑔𝑎(𝑡), 𝐼𝑔𝑏(𝑡), 𝐼𝑔𝑐(𝑡)                                                         (37) 
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The phase-wise current errors are computed as: 

ⅇ𝑖𝑎(𝑡) = 𝐼𝑎
𝑟𝑒𝑓(𝑡) − 𝐼𝑔𝑎(𝑡)                                                (38) 

 ⅇ𝑖𝑏(𝑡) = 𝐼𝑏
𝑟𝑒𝑓(𝑡) − 𝐼𝑔𝑏(𝑡)                                               (39) 

 ⅇ𝑖𝑐(𝑡) = 𝐼𝑐
𝑟𝑒𝑓(𝑡) − 𝐼𝑔𝑐(𝑡)                                               (40) 

These errors are fed into the second ANN controller for 

duty ratio computation. 

5.5. ANN Current Controller (Duty Ratios) 

The ANN generates the duty cycles for each phase: 

𝐷𝑎(𝑡) = 𝐴𝑁𝑁(ⅇ𝑖𝑎(𝑡)),𝐷𝑏(𝑡) = 𝐴𝑁𝑁(ⅇ𝑖𝑏(𝑡)), 𝐷𝑐(𝑡) =

𝑁(ⅇ𝑖𝑐(𝑡)) (41)  

These duty ratios regulate the switching states of the 

totem-pole converter. 

5.6. Zero-Crossing Detection with Grid Current 

In addition to voltage zero-crossing, the grid current is 

also checked to ensure correct phase alignment and polarity 

switching. The measured three-phase grid currents are: 

𝐼𝑔𝑎(𝑡),  𝐼𝑔𝑏(𝑡), 𝐼𝑔𝑐(𝑡)                                                       (42) 

For each phase, a sign check is performed: 

𝑍𝐶𝐷𝑖𝑎(𝑡) = {
1,   𝐼𝑔𝑎(𝑡) ≥ 0

0,   𝐼𝑔𝑎(𝑡) < 0
                                            (43) 

 𝑍𝐶𝐷𝑖𝑏(𝑡) = {
1,   𝐼𝑔𝑏(𝑡) ≥ 0

0,   𝐼𝑔𝑏(𝑡) < 0
                                           (44) 

 𝑍𝐶𝐷𝑖𝑐(𝑡) = {
1,   𝐼𝑔𝑐(𝑡) ≥ 0

0,   𝐼𝑔𝑐(𝑡) < 0
                                           (45) 

This current-based ZCD works as a complementary check 

to the voltage-based ZCD. It ensures that switch commutation 

only occurs when both current and voltage polarities are 

consistent, preventing shoot-through and distortion. 

5.7. Switching Signal Generation with Voltage & Current 

ZCD 

For each phase, the gating signals are now generated as a 

function of duty ratio, voltage ZCD, and current ZCD: 

Phases A, B, and C: 

𝑆1 = 𝑓(𝐷𝑎 , 𝑍𝐶𝐷𝑣𝑎 , 𝑍𝐶𝐷𝑖𝑎), 𝑆1 = 𝑆2̅                               (46) 

𝑆3 = 𝑓(𝐷𝑏 , 𝑍𝐶𝐷𝑣𝑏 , 𝑍𝐶𝐷𝑖𝑏), 𝑆3 = 𝑆4̅                               (47) 

𝑆5 = 𝑓(𝐷𝑐 , 𝑍𝐶𝐷𝑣𝑐 , 𝑍𝐶𝐷𝑖𝑐), 𝑆5 = 𝑆6̅                                (48) 

Here: 

 𝑍𝐶𝐷𝑣 = Zero-crossing from grid voltage 

 𝑍𝐶𝐷𝑖 = Zero-crossing from grid current 

The combined ZCD logic ensures that upper switches 

conduct during positive polarity (both current and voltage 

positive), while lower switches conduct during negative 

polarity, providing robust phase alignment for bridgeless PFC 

operation.Unity power factor with stable switching: 

𝐼𝑔𝑎(𝑡) ∥ 𝑉𝑔𝑎(𝑡),𝐼𝑔𝑏(𝑡) ∥ 𝑉𝑔𝑏(𝑡),𝐼𝑔𝑐(𝑡) ∥ 𝑉𝑔𝑐(𝑡) (49) 

6. Designing the ANN Controller 
The ANN controller is designed to approximate the 

nonlinear control law of the system. It processes input signals 

(error and change of error) through multiple layers, each 

applying a weighted summation followed by a nonlinear 

activation function, as shown in Figure 11. The following 

steps explain the mathematical design in detail. 

 
Fig. 11 Structure of Neural Network  

6.1. Error Signal Computation 

The controller input is based on the deviation between the 

reference signal and the actual system output. 

ⅇ(𝑡) = 𝑟(𝑡) − 𝑦(𝑡)                                                           (50) 

Where: r(t): reference signal (desired output, e.g., voltage 

or speed), y(t): actual measured system output, e(t): 

instantaneous error. The rate of change of error is also 

included as an additional input: 

𝛥ⅇ(𝑡) = ⅇ(𝑡) − ⅇ(𝑡 − 1)                                                 (51) 

Thus, the ANN input vector becomes: 

𝑥(𝑡) = [
ⅇ(𝑡)

𝛥ⅇ(𝑡)
]                                                                (52) 

This ensures that the controller has both the present error 

and the trend of error variation for better prediction of the 

control action. 
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6.2. General ANN Mapping 

The ANN approximates a nonlinear mapping function: 

𝑢(𝑡) = 𝑓𝐴𝑁𝑁(𝑥(𝑡), 𝑤, 𝑏)                                               (53) 

Where: u(t): control output (e.g., duty cycle), x(t): input 

vector [e(t), Δe(t)], W,b: weights and biases of neurons, 

𝑓𝐴𝑁𝑁: nonlinear transformation through activation functions. 

6.3. Input to First Hidden Layer 

Each neuron in the first hidden layer performs a weighted 

summation of the inputs: 

𝑧1 = 𝑊1𝑥(𝑡) + 𝑏1                                                            (54) 

Where: 𝑊1 weight matrix of the first hidden layer, b1bias 

vector of the first hidden layer. 

The activation function applied is the log-sigmoid 

(logsig): 

ℎ1 = 𝑓1(𝑧1) = 𝑙𝑜𝑔𝑠𝑖𝑔(𝑧1) =
1

1+𝑒−𝑧1
                               (55) 

 Logsig compresses the output into the range [0,1]. It 

ensures smooth and bounded nonlinear mapping. Suitable 

for representing normalized nonlinear responses. 

6.4. First Hidden Layer to Second Hidden Layer 

The outputs from the first hidden layer are again 

combined using weights and biases: 

𝑧2 = 𝑤2ℎ1 + 𝑏2                                                                (56) 

The activation function applied here is tangent-sigmoid 

(tansig): 

ℎ2 = 𝑓2(𝑧2) = 𝑡𝑎𝑛𝑠𝑖𝑔(𝑧2) =
2

1+𝑒−2𝑧2
− 1                       (57) 

𝑡𝑎𝑛𝑠𝑖𝑔 is equivalent to the hyperbolic tangent function: 

tanh(𝑧) =
𝑒𝑧−𝑒−𝑧

𝑒𝑧+𝑒−𝑧
                                                              (58) 

 The range is [−1, +1]. 

 Symmetry around zero allows handling of both positive 

and negative control actions. 

6.5. Output Layer 

The second hidden layer outputs are linearly combined: 

𝑧3 = 𝑊3ℎ2 + 𝑏3                                                                (59) 

The activation function at the output is purelin (linear): 

𝑢(𝑡) = 𝑓3(𝑧3) = 𝑝𝑢𝑟ⅇ𝑙𝑖𝑛(𝑧3) = 𝑧3                                 (60) 

6.6. Training Objective 

The ANN parameters (W, b) are tuned by minimizing the 

Mean Squared Error (MSE): 

𝐸 =
1

𝑁
∑ [𝑇(𝑘) − 𝑢(𝑘)]2

𝑁

𝑘=1
                                            (61) 

Where: T(k): target control output (from reference or 

existing controller), u(k): ANN predicted control output, N: 

total number of training samples 

6.7. Weight Update Rule (Levenberg–Marquardt Algorithm) 

The weights are updated iteratively: 

𝑊𝑛𝑒𝑤 = 𝑊𝑜𝑙𝑑 − (𝐽𝑇𝐽 + 𝜇𝐼)−1𝐽𝑇ⅇ                                  (62) 

Where: J: Jacobian matrix of error function, e: error 

vector between ANN output and target, μ: learning parameter 

(controls step size) 

This ensures fast convergence and stability during 

training. 

6.8. Closed-Loop ANN Controller 

The trained ANN is placed inside the control loop as: 

𝑟(𝑡) ⟶ [ⅇ(𝑡), 𝛥ⅇ(𝑡)]
𝐴𝑁𝑁
→  𝑢(𝑡)

𝑃𝑙𝑎𝑛𝑡
→   𝑦(𝑡)                       (63) 

Where: 𝑟(𝑡): reference signal, [ⅇ(𝑡), 𝛥ⅇ(𝑡)]: ANN 

inputs, u(t): ANN control output, y(t): system response 

7. Simulation Results and Discussion 
The performance of the proposed ANN-based control of 

a 20 kW-rated solar PV grid system that can be applied to 

different applications (EV Charging, Induction Motor Water 

Pumping, and Residential Load Support) has been 

demonstrated by simulation using the MATLAB/Simulink 

environment. The model was composed of a Boost Converter 

with a Perturb and Observe (P&O) Maximum Power Point 

Tracking (MPPT) algorithm; the P&O MPPT Algorithm 

successfully tracked the MPP under varying operating 

conditions. The simulation run time was 2 seconds with solar 

irradiance beginning at 300 W/m² (and generating 6 kW from 

0 to 0.3 sec). The irradiance then increased to 600 W/m², and 

the system generated 12 kW from 0.3 to 0.45 sec. At 0.45 sec, 

the system’s peak irradiance reached 1000 W/m² and 

generated 20 kW until the end of the simulation at 2 seconds.  

As solar energy increased, the system reduced its 

dependence on the utility grid to meet load demands. 

Additionally, the ANN controller reduced transients and 

improved the dynamic response of the system, improving 

overall grid power quality through the reduction of 

nonlinearities in both solar voltage and current, as seen in the 

simulation results in Figure 12. A three-phase totem-pole 

converter was evaluated under varying loads and achieved a 

high power factor of 0.998 and reduced Total Harmonic 

Distortion (THD) of grid current from 3.40 % (PI controller) 
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to 2.44 %, meeting IEEE-519 standards as shown in Figure 13. 

The ANN controller improved the smoothness of the 

switching transitions and the efficiency of the system while 

also maintaining a stable DC-link voltage during dynamic 

changes. The bidirectional buck-boost converter was also 

capable of regulating both the charging and discharging cycles 

for EV charging; it maintained a consistent charging current 

profile throughout each cycle. Charging began at 1.5 sec with 

25 A and increased to 50 A by 1.7 sec and decreased to 35 A 

until stabilization. The Induction Motor Drive (IMD) for water 

pumping also showed outstanding performance and smooth 

torque response utilizing SVPWM.  
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Fig. 12 Simulation results of the proposed system configuration 

The motor speed varied from 1500 rpm to 500 rpm over 

a time of 0.65 s to 1.0 s and then increased an additional 1000 

rpm from 1.0 s to 1.3 s, returning to 1500 rpm and remaining 

there until the end of the simulation at 2 s. During the entire 

time frame, the residential loads received a stable AC voltage, 

indicating the ability of the system to handle multiple 

applications effectively. In general, the simulation results 

confirm that the ANN-controlled solar PV grid system 

improves the stability, dynamic response, and efficiency of the 

system and reduces harmonic distortion and system stress.
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Fig. 13 Grid current THD: (a) with ANN, and (b) with PI controller. 

Table 5. Comparative analysis of system configurations with respect to controller operation 

Connected 

sources/Loads 
Control strategies 

Current control 

feature 
References 

Solar PV, Grid, EV 
DC-Link Voltage, MPPT, EV battery 

charging/discharging 

Power quality 

improvement 
[23] 

Grid, Solar PV, EV, BES 
DC link voltage, EV battery 

charging/discharging, BES harging/discharging, 

Power quality 

improvement 
[24] 

 

Grid, solar PV, EV, BES 

DC link voltage, EV battery 

charging/discharging, BES 

charging/discharging, Reactive power 

Power quality 

improvement 
[25] 

Grid, EV, solar PV, BES 

DC link voltage, EV battery, 

charging/discharging, BES 

charging/discharging, Reactive power 

Power quality 

improvement 
[26] 

Grid, solar PV, EV 
DC link voltage, PFC, EV battery 

charging/discharging 
Power factor correction [27] 

Grid, solar PV, EV DC link voltage, PFC, Mode switching Power factor correction [28] 

Grid, PV, EV battery 
DC link voltage, PFC, MPPT, EV battery 

charging/discharging 
Power factor correction [29] 

Grid, solar PV, EV, IMD, 

Residential Loads 

DC link voltage, PFC, MPPT, EV battery 

charging/discharging 

Power factor correction 

with system stability 

Proposed ANN 

controller 

8. Conclusion  
This paper describes an Artificial Neural Network 

(ANN)-Controlled Solar Photovoltaic (PV) grid-connected 

system that was designed to provide integrated EV charging, 

induction motor water pumping, and residential load supply. 

The system includes a solar PV array, a P&O MPPT boost 

converter, a three-phase totem-pole converter to improve the 

power factor correction, a bidirectional Buck-Boost Converter 

to charge/discharge an electric vehicle, and an Induction 

Motor Drive (IMD) using Space Vector Pulse Width 

Modulation (SVPWM). The simulation results demonstrate 

that the ANN controller improved the system’s performance 

by rapidly tracking the Maximum Power Point (MPP), 

stabilizing the DC bus voltage, and reducing voltage and 

current ripples. When compared to PI Control, the ANN 

controller provided improved dynamic response, reduced grid 

current Total Harmonic Distortion (THD) to less than 3%, and 

maintained near unity power factor, therefore improving grid 

power quality. The system was able to provide robust 

regulation of the SOC of the EV battery, smooth torque and 

speed of the induction motor, and reliable residential load 

supplies under varied environmental and operational 

conditions. This ANN-based approach provided stability, 

power quality, and efficiency while reducing dependencies on 

the grid. 
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