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Multilevel inverters (MLIs) must be accurately modelled and predicted to enhance output quality, minimize total 

harmonic distortion (THD). The three DC voltage sources are set up in the following ratio like 1:2:4 to allow the inverter to 

produce different voltage levels using various switching combinations. By controlling the above seven switches and three 

diodes properly, the above sources will be combined in such a way that a stepped output waveform having better resolution 

and lower harmonics will be achieved. This configuration improves the quality and efficiency of the output for the supply of 

an R-L load, and ensure efficient operation in applications of renewable energy. In this study, the ability of three advanced 

machine learning algorithms namely Artificial Neural Network (ANN), Random Forest (RF) and Extreme Gradient 

Boosting (XGBOOST) to predict MLI output under different operating conditions is investigated. Such kinds of data-driven 

modelling models deal with the characteristics of inverter systems, namely the non-linear and dynamic system behaviour. 

A comparative analysis, based on the accuracy of prediction and the performance of the generalization of the results, shows 

that while ANN and Random Forest algorithms show an acceptable level of accuracy, the XGBOOST algorithm shows to be 

better at performing than both models. The following ANN model R²= 0.9711 was obtained, which is 97 % of the variation 

of the output, during the training of the neural network. Random Forest model showed better generalization with the 

R²=0.9977 (training) and 0.9874 (testing), which is a good predictive capability. However, XGBOOST showed better 

performance (R²=0.9999 during training, R²=0.9830 during testing indicating close to perfect learning of the training data 

and excellent generalization on unseen data). Overall, the results present a good confirmation of the suitability of 

XGBOOST as the most accurate and robust model with computational efficiency to predict the output voltage and harmonic 

behaviour at the inverter power operation. It's reliability and speed make it a great tool for intelligent MLI control, real-time 
fault diagnosis and integration as a part of renewable energy systems. 
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1 Introduction 
The integration of Renewable Energy Sources 

(RESs) in Low-Voltage (LV) distribution networks 

has spurred research on small, efficient, reliable, and 

scalable energy conversion systems. Due to their 

better performance than two-level inverters, MLIs are 

a popular DC-AC conversion method
1
. Though MLIs 

require more switches, they allow lower voltage-rated 

components, resulting in compact and efficient 

systems
2,3

. The adaptability, increased harmonic 

performance, and high reliability of MLIs make them 

ideal for low-voltage and high-power, high-voltage 

applications like photovoltaic (PV) and wind energy 

systems
4,5

. Traditionally, MLI topologies are 

categorised into three main types: Neutral Point 

Clamped (NPC), Flying Capacitor (FC), and 

Cascaded H-Bridge (CHB), with modular variations 

such as the Modular Multilevel Converter (MMC)
6, 7

. 

To overcome the limitations of conventional 

topologies, recent innovations have focused either on 

reducing the number of switches or on minimising the 

power rating of components
8, 9

. The application of 

MLIs spans two primary areas: (i) industrial motor 

drives used extensively in sectors like petrochemicals, 

cement, transportation, and in equipment like 

compressors and conveyors; and (ii) power systems 

specifically in devices such as STATCOMs, Unified 

Power Flow Controllers (UPFC), power quality 

enhancement systems, and grid-connected inverters
10

. 

Furthermore, MLIs have been successfully executed 

in DC-DC converters, rectifiers, fuel cells, and 

electric arc furnaces. However, harmonic distortion 

remains a crucial issue, especially when integrating 

MLIs with RESs. To address this, numerous strategies 

have been investigated over the past decades. Among 

them, Selective Harmonic Elimination Pulse Width 

Modulation (SHE-PWM) stands out as a powerful 

technique for minimizing low order harmonics
11,12

. By 
—————— 
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solving the nonlinear equations involved in SHE-

PWM using classical methods like Newton–Raphson 

(NR) have challenges such as convergence to local 

optima and sensitivity to initial values. As an 

alternative, Artificial Intelligence (AI) techniques, 

including evolutionary algorithms and neural-fuzzy 

systems, have illustrate superior robustness and global 

optimization capability
13,14

. Renewable-based urban 

microgrid cluster that utilized a fuzzy space vector 

PWM (SVPWM) technique for inverter control. The 

method employed fuzzy logic to optimize reference 

currents and improve the accuracy of PWM signals. 

An Adaptive Neuro-Fuzzy Inference System (ANFIS) 

was proposed in for managing both the inverter and 

grid-connected compensator, leading to improved 

voltage stability and minimized THD as compared to 

convention methods. Proposed an asymmetric MLI 

optimized for PV systems using lesser switches and 

DC sources
15

. SHE-PWM was implemented, and 

switching angles were find through a hybrid Particle 

Swarm Optimization (PSO) and Newton–Raphson 

approach, resulting in less harmonic content. 

Similarly, applied the Teaching–Learning-Based 

Optimization (TLO) algorithm to minimize THD in  

a seven-level inverter, outperforming Genetic 

Algorithms (GA), PSO, and Differential Evolution 

(DE)
16

. The Runge–Kutta Optimization (RKO) 

method effectively solves SHE-PWM equations for 

various multilevel inverter topologies, achieving 

superior harmonic performance and significantly 

reduced Total Harmonic Distortion (THD), as 

validated through experimental results
17

. A simplified 

asymmetric topology with just three switches and 

used PSO to optimize DC voltage and switching 

angles. Their prototype testing confirmed improved 

performance
18

. Designed a cascaded MLI that reduce 

both switches and DC sources, optimizing voltage 

levels using three different algorithms and applying 

SHE-PWM for pulse generation
19

. A 15-level hybrid 

converter for solar PV applications using a boost 

chopper and achieved reduced gate circuits and 

switching losses, leading to 54 % fewer controlled 

switches and a 7 % THD reduction
20

. Utilized
21

, 

thereby enhancing current waveform quality. A 

hybrid active filter with wind, solar, and storage 

integration. They employed a fractional-order PID 

controller optimised via a hybrid Jaya Grey Wolf 

method. The performance achieved by this system 

was benchmarked with GA, PSO and Ant Colony 

Optimization under different loads and irradiance 

levels
22

. This study proposes a novel three-phase MLI 

based on ten switches and three different DC sources 

which is to generate a fifteen-level output voltage. 

Inverter control is done using modified SPWM, and 

GWO determination of THD minimizing switching 

angles
23

. The proposed approach has been able to 

approximate the waveform of a near-sinusoid shape 

without the use of more filters and only needs three 

control signals, thus reducing the complexity of 

controlling MLIs. The results show that control 

strategies optimized by artificial intelligence improve 

the effectiveness of inverters and the harmonic 

component of the AC much better. In this study, 

ANN, XGBOOST and Random Search were used for 

the predictive analysis of the inverter outputs. To also 

ensure uniformity and fairness in comparing the 

performance of these models, all the models were 

trained and tested on the same dataset. The ANN 

model due to its multi-layered architecture, able to 

capture late nonlinearities, and Random search 

through optimization of hyper parameters were able to 

improve the performance of the model
24

. Artificial 

Neural Networks (ANNs) have been widely used 

because they can approximate nonlinear relationships 

without the need for explicit mathematical models. 

For example, showed that ANN-based SHE is able to 

significantly reduce THD in cascaded H-bridge 

inverters while enhancing switching angle 

optimization
25

. RF harmonic distortion prediction in 

MLIs showing more stable RF prediction under 

different load conditions. However, XGBOOST 

proved to be consistently better than ANN and 

Random Search connected to prediction accuracy, 

robustness and generalization due to its gradient 

boosting mechanism which works by iteratively 

reducing the error by optimization of weak learners
26

. 

XGBOOST has shown exceptional performance as 

determined by key evaluation metrics such as Mean 

Absolute Error (MAE), Root Mean Square Error 

(RMSE), and Coefficient of Determination (R2), 

hence demonstrating that this algorithm fits the 

problem. Despite these advancements, there are still 

several research gaps in the use of ANN, XGBOOST 

and Random Forest in MLI modelling and control. 

Although ANN model is good at learning all the 

complicated nonlinear relationship, it is computationally 

expensive and has a limited ability of generalization 

under highly dynamic conditions or under conditions 

unseen during training, which makes it inappropriate 

in a real time control stages. Moreover, the "black 
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box" nature of ANN introduces difficulties on the 

interpretability aspect, which is important in safety 

(power electronics) applications. XGBOOST while 

providing high prediction accuracy and robustness, is 

under-explored in the area of power electronics, in 

inverter control, harmonic distortion mitigation, and 

real-time fault detection Its reliance on high quality 

data and computational requirements also poses  

a limitation for real-time embedded system 

deployment
27

. Similarly, Random Forest though very 

widely used in classification and regression problems 

underperforms the modelling of highly nonlinear 

inverter behaviours and are prone to overfitting when 

trained on minor or imbalanced data. In addition, 

Random Forest does not originally possess the 

capability of modelling time-dependent sequences 

that is so important for modelling the dynamic 

behaviour of inverter systems
28

. A prominent research 

gap shared by all three approaches is the lack of 

hybrid or ensemble models, which could exploit the 

weaknesses of single algorithms in order to gain 

benefits in terms of the prediction accuracy, 

reliability, and interpretability
29

. Furthermore, the 

absence of standardized, large-scale open datasets on 

the subject of MLI research adversely affects the 

development of machine learning models in the 

various and complex facilities within the field of 

renewable energy and smart grid applications. 

Addressing these gaps is necessary in the 

advancement of intelligent control of new microscale 

power electronics systems
30

. 
 

2 Methods 
 

2.1 Design of Asymmetrical Cascaded H Bridge Multilevel 

Inverter 

Single-phase asymmetric MLI topologies are 

utilized in PV and hybrid energy systems. Multiple 

uneven DC voltage sources and semiconductor 

switches provide a stepped AC output voltage with 

low harmonic distortion in this configuration. Three 

separate DC sources, Vi1, Vi2, Vi3, are connected 

through seven power switches SW1, SW2, SW3 and 

three unidirectional diodes Di1, Di2, Di3 in the lower 

diagram. A voltage selection network of switches and 

diodes determines the output voltage levels at any 

given time. Diodes protect the circuit by preventing 

reverse current flow and assuring voltage stacking. 

The upper circuit has a conventional H-bridge 

configuration with four switches, SW4, SW5, SW6, 

and SW7 that adjust load output voltage polarity. The 

inverter can apply a positive or negative voltage level 

polarity using this H-bridge, creating a bipolar 

multilevel output waveform. The upper-stage polarity 

control and lower-stage voltage selection network 

allow this inverter to produce numerous discrete 

output voltage levels (positive and negative), 

approaching a sinusoidal waveform. The asymmetric 

topology uses DC sources of differing magnitudes to 

generate more voltage levels with fewer components 

than symmetric designs. This improves efficiency, 

switching losses, and output voltage quality, making it 

suitable for medium- to high-power applications in 

modern power systems which is shown in Fig. 1. 

Design of cascaded H bridge inverter consist of 

following components shown in Table 1
31

. 
 

2.1.1 Mode of Operation 

The asymmetric multilevel inverter (MLI)'s 15 

switching modes provide different load voltages, 

explaining its operation in Table 2
31

. The output 

voltage is controlled by switches (SW1 to SW7) and 

diodes (Di1, Di2) in the inverter, including zero 

voltage. By judiciously combining several DC voltage 

sources Vi1, Vi2, usually scaled 1:2:4, higher-level 

output is achieved with fewer sources. components. 

Modes 1–7 inverters provide positive output voltage. 

Only SW1 from the source-side switches and SW4 and 

SW5 from the H-bridge are ON in Mode 1, enabling 

Vidc across the load through Di2 and Di3. Activating 

SW2 adds 2Vidc to the output in Mode 2. While 

keeping the H-bridge in the forward-polarity 

configuration (SW4, SW5 ON), the output sequentially 

rises to 7Vidc in Mode 7 when all source-side switches 

 
 

Fig. 1 — Proposed model of multilevel inverter 
 

Table 1 — Selection of components 

Components Used 

No. Of Switches 7 

No. Of Diodes 3 

No. Of Dc Sources 3 
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are ON and the diodes conduct cumulatively. None of 

the source-side switches conduct in Mode 8, and the 

H-bridge maintains a neutral output by enabling Di1 

and Di2, creating no load potential difference. By 

switching the H-bridge into reverse mode with SW6 

and SW7, Modes 9 to 15 mirror Modes 1 to 7 with 

reversed output polarity. Turning on SW1, SW6, SW7 

in the H-bridge in Mode 9 reverses Vidc polarity, 

delivering −Vidc. In Mode 10, SW21 is activated, 

resulting in a -2Vidc output. Continue until Mode 15, 

where all source-side switches are active and the  

H-bridge is in reverse mode, generating -7Vidc. Again, 

diodes direct negative voltage stacking current. The 

operational method enables the inverter to generate a 

15-step voltage waveform (±Vidc to ±7Vidc, including 

zero) that closely resembles a sinusoidal AC 

waveform.  
 

2.1.2 Mathematical derivation of reduced cascaded MLI 

Figure 1 shows cascaded MLI output voltage cycle. 

Three input DC voltages meet this relationship to 

yield 15-level output voltage is given in Eq. (1). 
 

Vidc∶V2idc: V3idc=1∶2:4                  … (1) 

 

Voltage levels can be calculated as Vidc, V2idc, V3idc, 

and 7Vidc using Eq. (1). The output voltage waveform 

has quarter-wave symmetry, and Fourier series 

analysis yields Eq. (2). 
 

V(tj) =  
4Vjdc

𝑛𝜋
 𝑐𝑜𝑠 𝑛ß1 + 𝑐𝑜𝑠 𝑛ß2 + ⋯𝑐𝑜𝑠 𝑛ß𝑝  𝑝

𝑞 𝑠𝑖𝑛ωt  

                    … (2) 
 

The MLI switching angles are used to create  

15-level output voltage ‗p‘. THD output voltage is 

described by Eq. (3) and harmonic voltage equation is 

there in Eq. (4).  
 

THD = 
  𝑉𝑛

221
𝑛=3,5…

𝑉1
                 … (3) 
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3 Implementation of Machine Learning  
 

3.1 Artificial Neural Networks (ANNs) 

MLIs are used in medium and high-power 

applications because they produce less harmonic 

output waveforms, minimize switching device voltage 

stress, and improve power quality. They are widely 

utilized in grid-connected renewable energy, electric 

vehicle propulsion, motor drives, and industrial 

Table 2 — Switching mode of operations 

Mode SW11  SW21  SW31  SW41  SW51  SW61  SW71  Dj1  Dj2 Dj3  Load Voltage 

1 1 0 0 1 1 0 0 0 1 1 𝑉𝑖𝑑𝑐  

2 0 1 0 1 1 0 0 1 0 1 2𝑉𝑖𝑑𝑐  

3 1 1 0 1 1 0 0 0 0 1 3𝑉𝑖𝑑𝑐  

4 0 0 1 1 1 0 0 1 1 0 4𝑉𝑖𝑑𝑐  

5 1 0 1 1 1 0 0 0 1 0 5𝑉𝑖𝑑𝑐  

6 0 1 1 1 1 0 0 1 0 0 6𝑉𝑖𝑑𝑐  

7 1 1 1 1 1 0 0 0 0 0 7𝑉𝑖𝑑𝑐  

8 0 0 0 1 1 0 0 1 1 1 0 

9 1 0 0 0 0 1 1 0 1 1 −𝑉𝑖𝑑𝑐  

10 0 1 0 0 0 1 1 1 0 1 −2𝑉𝑖𝑑𝑐  

11 1 1 0 0 0 1 1 0 0 1 −3𝑉𝑖𝑑𝑐  

12 0 0 1 0 0 1 1 1 1 0 −4𝑉𝑖𝑑𝑐  

13 1 0 1 0 0 1 1 0 1 0 −5𝑉𝑖𝑑𝑐  

14 0 1 1 0 0 1 1 1 0 0 −6𝑉𝑖𝑑𝑐  

15 1 1 1 0 0 1 1 0 0 0 −7𝑉𝑖𝑑𝑐  
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automation. MLI control and optimization become 

complex and nonlinear as levels and switching 

components increase, making standard control 

procedures less effective or insufficient. For nonlinear 

control problems, ANNs fashioned after the human 

brain provide a powerful alternative. ANNs can learn 

complex input-output correlations without system 

modelling. They are useful for real-time power 

electronics applications because they can forecast and 

control quickly and accurately
32

. They regulate 

complicated systems like MLIs well due to their 

adaptability, fault tolerance, and capacity to 

generalize over unseen data. ANNs have shown 

effective in MLIS applications for optimal switching 

angle generation, THD minimization, fault detection, 

and dynamic load prediction. An ANN-based 

controller optimised the switching angles of a 15-level 

cascaded H-bridge inverter, reducing THD. ANN was 

used to detect open- and short-circuit defects in 

inverter switches in real time, improving system 

recovery and operational reliability. ANN controllers 

can cope with load, temperature, and switching 

conditions more accurately and quickly than SPWM, 

SHE, or lookup table-based systems. Incorporating 

ANN into MLIs systems improves inverter 

performance and helps construct intelligent, self-

learning power electronic systems, which are essential 

to smart grid and autonomous energy management 

systems. Here It is having input layer (1,2,3) then 

Hidden layer (q1, q2, q3) again one output layer, and 

the description is given in Eq. (5) of ANN and flow 

diagram is in Fig. 2. 
 

(2) (1) (1) (2)

1 1

( . ( x b ) b )
K o

j out i act ij j i

i j

y f w f w


 

     … (5) 

 

where 

y j =input features (for j=1 to n) 

K=number of nerons in the hidden layer 

w
(1)

 =weight from inputs node I to hidden node j 

b
(1) 

= bias for hidden neuron j 

fact = activation function in the hidden layer 

w
(2)

 = weight from the hidden node I to output no 

b
(2)

 =bias for the output node 
 

3.2 XGBOOST 

MLIs are needed for renewable energy integration, 

electric vehicles, and smart grid technology. These 

inverters reduce harmonic distortion, switching losses, 

and power quality by combining multiple DC sources 

to provide stepped voltage. Due to its accuracy in 

managing nonlinearities, dynamic behaviour, and 

parameter tweaking, machine learning and 

optimization algorithms are prominent MLI 

modulation and control methods. XGBOOST 

accelerates ANN learning and optimises MLIs 

switching angles. Different variants of XGBOOST 

use Extreme Gradient Boosting with Zernike 

polynomial-inspired mutation operators or other 

evolutionary components
26

. These hybridized 

methods improve model convergence, overfitting 

prevention, and learning speed for complex 

multivariable systems like MLI control circuits
33

. For 

MLIs, XGBOOST enhances modulation patterns, 

lowers THD, and helps inverters. This device adjusts 

output based on load and supply circumstances for 

real-time control applications. According to recent 

study, XGBOOST -optimized controllers outperform 

Traditional PWM and standalone machine learning 

models in accuracy, stability, and computation time. 

Thus, XGBOOST with multilevel inverter systems 

makes smart energy system power electronic 

converters intelligent and adaptive. General Eq. (6) 

showing the general equation of XGBOOST and flow 

diagram in Fig. 3
33

. 
 

General equation of XGBOOST 

The prediction for input x after P trees is 
 

 
 

Fig. 2 — Flow Diagram of ANN 

 
 

Fig. 3 — Flowchart of XGBOOST 
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1

(x ),
P

j q j

q

y f




  qf € F              … (6)  

 

where, 

jy


= predicted value for the j
th
 instance 

P= Total number of trees 

(xq jf ) = Prediction from the q
th
 regression rate 

F= the space of regression trees 
 

3.3 Random Forest (Rf) 

Because they provide stepped sinusoidal output 

waveforms with low harmonic distortion and 

electromagnetic interference, MLIs are commonly 

used in high-power and high-voltage applications. 

Renewable energy, electric vehicles, motor drives, 

and grid-connected converters use them. Nonlinearity, 

switching complexity, and multiple voltage source 

management make MLI control and fault diagnostics 

more complicated as levels increase. Machine 

learning in MLI control systems has grown in 

popularity to provide intelligent, data-driven 

performance enhancement solutions. RF is a 

promising machine learning model for MLIs 

behaviour. Random Forest is an ensemble learning 

method that uses decision trees to train numerous 

trees on distinct data subsets then classify or average 

the results. It is ideal for inverter systems whose 

dynamics can change fast with load or operating 

circumstances due to its robustness to noise, high 

precision, and capacity to handle big, complicated 

datasets with nonlinear relationships. MLIs can use 

Random Forest models to predict output voltage, 

diagnose switching faults, categorize inverter states, 

and optimize modulation
34

. RF can anticipate output 

properties including THD, efficiency, and output 

waveform quality by learning input data like 

switching angles, voltage levels, and load situations. 

Due to its non-parametric nature, Random Forest can 

be used in cascaded H-bridge, flying capacitor, and 

neutral-point clamped MLI systems without data 

distribution assumptions. Researchers and engineers 

can design more reliable, accurate, and adaptable 

inverters with real-time decision-making and fault 

resilience by adding Random Forest into MLI control 

and monitoring systems. As smart grid systems and 

renewable energy applications expand, power 

electronics and machine learning models like RF 

enable intelligent and efficient energy conversion.  

To overcome these issues, power electronics are 

incorporating machine learning (ML) techniques. RF, 

a robust decision tree-based ensemble learning 

approach, has significant potential. It trains many 

decision trees and outputs the average regression 

prediction or classification majority vote. Random 

Forest models are useful for modelling and regulating 

MLI systems due to their noise tolerance, quick 

training, and strong generalisation. RF algorithms 

have been used in MLIs for fault detection, output 

voltage prediction, MI optimisation, and operating 

state classification. An accurate and computationally 

efficient Random Forest classifier was used to detect 

and classify open-circuit faults in multilevel inverter 

topologies. RF predicted THD in output waveforms 

based on switching methods and load conditions in 

another study, providing real-time quality monitoring 

and control. Different from model-based techniques, 

Random Forest does not require inverter internal 

dynamics or mathematical modelling. Ecosystems 

like renewable-integrated microgrids and electric 

vehicle powertrains benefit from this data-driven 

strategy. Integration of RF into inverter control 

frameworks can enable intelligent, self-adaptive,  

and fault-tolerant energy conversion systems in 

increasingly complex and data-rich power electronics 

systems. General equation of the random Forest (7) 

and its flow diagram is in Fig. 4. 
 

General equation of RF 
P

q

q=1

1
y= (x)h

P
                … (7) 

where, 

 
 

Fig. 4 — Flowchart of random forest 
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P= Total number of tree in the forest 

q (x)h = Prediction of the q
th
 decision tree for input x 

 

3.4 Mathematical Derivation of Machine Learning Tool 
 

3.4.1 Standard Deviation (STD) 

The standard deviation measures the spread of the 

predicted values or the error values showing in  

Eq. (8). 
 

n
2

i

i=1

1
STD= (X -X)

n
               … (8) 

 

where, 

iX  = Actual value 

X = Mean of actual Values 

n= Total number of observation 
 

3.4.2 R-squared (Coefficient of Determination, R²)  

It measures how well the predicted values 

approximate the actual data which is shown in Eq. (9). 
 

2

2 1

2

1

(X )

1

(X )

d

i h

i

d

i

i

X

R

X







 






               … (9) 

 

where, 

iX  = Actual value 

hX = Predicted value  

X = Mean of actual Values 
 

3.4.3 Mean Absolute Error (MAE) 

MAE measures the average absolute difference 

between actual and predicted values which is shown 

in Eq. (10). 

2

1

1
( )

n

i

i

MAE X X
n 

               … (10) 

 

where, 

iX  = Actual value 

X = Mean of actual Values 
 

3.4.4. Root Mean Square Error (RMSE) 

RMSE gives more weight to large errors and is 

sensitive to outliers which is shown in Eq. (11). 
 

n
2

i h

i=1

1
RMSE= (X -X )

n
              … (11) 

 

where, 

iX  = Actual value 

hX = Predicted value  

 

4 Results and Discussion 
 

4.1 Simulation Results of Multilevel Inverter 

The performance of the proposed MLI has been 

studied comprehensively by simulations with special 
focus given on output voltage and current waveform 

under various switching strategies. The corresponding 

waveforms were analyzed to know their effect on 
quality power, switching losses, and harmonic 

performances. Figure 5 shows five different switching 

 
 

Fig. 5 — Switching pulses of the proposed inverter for 15-level inverter 
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patterns usually applied in inverter system, paying 
special attention to MLIs, which have been one of the 

most promising technology for use in renewable 
energy, electrical drive, and grid connected system by 

their capability of generating high quality output with 

less harmonic distortion. A high-frequency of PWM 
waveform shown in Fig. 5 (a), in which the inverter 

switches performs at fast switching speed to nearly 
follow maximum sinusoidal waveform. The high 

frequency PWM is widely known for its capability of 

low THD and smoothness of the output voltage. For 
example, this route will also lead to higher switching 

losses, which can adversely affect the system 
efficiency and thermal management

31
. High switching 

frequency can also contribute towards high 
electromagnetic interference, EMI, and may require 

costly filtering components. In contrast, Fig 5. (b) 

represents the low frequency PWM signal with less 
switching events. This method is useful in reducing 

switching losses, which is useful for applications 
where efficiency is a more important factor than 

waveform quality. However the trade off is increased 

harmonic distortion which can cause performance 
problems for sensitive loads or grid connected 

purposes. Fig. 5 (c) shows a stepped waveform, which 
is a characteristic of the multilevel inverter 

technology. In this case, the output voltage changes in 
discrete steps and not in sudden leaps thus reducing 

harmful levels considerably and give a better overall 

quality of power. This stepped modulation technique 
efficiently reduces THD without the use of very high 

switching frequencies, thereby providing a very good 
balance of efficiency and output waveform. As a 

result, stepped waveforms have become widely used 

in the renewable energy field. required by the utility 
grid. In Fig. 5 (d), a conventional square wave 

switching pattern is shown for traditional two level 
inverters. While this is a simple and easy to 

implement waveform, it has a lot of harmonic 
distortion because it is a sharp change in voltage. 

Such waveforms are usually not suitable for the 

modern power system where power quality is critical. 
Finally, Fig. 5 (e) shows a modified or quasi square 

waveform in which a time with zero voltage is added 
between switching events. This slight modification 

aids in helping reduce harmonic content slightly but 

does not achieve the performance levels of the PWM 
or stepped waveform strategies. Of these switching 

patterns, that of the best efficiency and practicality for 
modern inverter applications is that which is known 

as the stepped waveform approach Fig. 5 (c). It 

achieves a good compromise between harmonic 
performance, efficiency, and system complexity. 

Numerous studies have confirmed that multilevel 
inverters using stepped waveforms can meet stringent 

harmonic standards without excessive switching 

losses, making them highly suitable for renewable 
energy integration and motor drive systems . The 

ability to generate multiple voltage levels also allows 
for lower device stress and improved reliability, 

which are critical factors for the long-term operation 

of power electronic systems. 
Figure 6 the waveform shown in the image 

represents the output voltage of a MLIs must be 

accurately modelled and predicted to enhance output 

quality, minimize harmonic distortion, and ensure 

efficient operation in renewable energy applications
35, 36

. 

This study investigates the capability of three 

advanced machine learning algorithms ANN, RF, and 

XGBOOST to predict MLI output under various 

operating conditions. These data-driven models 

address the nonlinear and dynamic behaviour inherent 

in inverter systems. A comparative analysis on the 

prediction accuracy and generalization performance 

shows that although ANN and RF obtain a good 

prediction accuracy, XGBOOST has consistent better 

performance than that of ANN and RF. The ANN 

model gave the R² value to be 0.9711, which 

explained 97 % of the variation of the outputs in the 

training phase. The Random Forest model showed a 

better generalization with R² value 0.9977 (training) 

and 0.9874 (testing) suggesting that the model has 

good prediction capabilities. However, XGBOOST 

was able to perform better with R²=0.9999 on training 

and R²=0.9830 on testing, indicating that it was close 

to learning the data it was trained on perfectly as well 

as having good generalization on unknown data. 

Overall result is quite clear to establish XGBOOST is 

most accurate model with robust and very less time 

complexity in predicting Inverter output voltage and 

harmonic behaviour. However, its reliability and 

speed are its strong aspects for intelligent MLI 

control, fault diagnosis in real time, and integration in 

Fig. 6 — Load voltage waveform for the proposed 15-level 

inverter
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renewable energy systems. Which approximates to a 

sinusoidal waveform using a multiple number of 

discrete voltage levels. The stepped nature of the 

waveform suggests that several voltage levels are 

produced by the inverter that follow closely the 

shape of an ideal sine wave. This kind of output 

characteristic is common for multilevel inverter 

topologies, such as the cascaded H-bridge or diode-

clamped or flying capacitor inverters
34

. The main 

advantage of such stepped sinusoidal output is that 

THD is greatly reduced which in turn improves power 

quality and reduces stress on the connected loads such 

as motors or transformers. Unlike traditional two-

level inverters that have sharp square wave with 

high harmonic content, the multilevel approach 

has a smoother and more efficient output which 

makes it highly appropriate for renewable energy 

applications as well as electric vehicles and industrial 

motor drives. 

This waveform depicts in Fig. 7 the output current 

of MLIs with respect to time. As the current waveform 

is sinusoidal, the inverter is producing sinusoidal and 

little harmonic distortion AC current. The numerous 

voltage levels and small waveform increment on the 

inverter help in forming the current very softly as 

compared to the two levels of inverters. This stepped 

sinusoidal current is a result of the inverter's ability to 

generate many discrete voltage levels that allow for the 

better imitation of the sine wave of the output current. 

A better waveform resulted in better power quality, 

reduced electromagnetic interference and longer life on 

linked loads such as motors and sensitive electronics. 

The excellent efficiency and low THD in this current 

waveform make it ideal for renewable energy systems, 

electric car drives and industrial applications
37

. Table 3 

shows the simulation data used in MATLAB Simulink. 

4.2 Discussion of ANN for the Different Testing and Training 

Conditions 

During training and testing, the Table 4 in shows 

the performance of an ANN model in which an MLI 

system is applied. Intelligent controls such as ANN, 

enhance the quality of output, harmonic elimination, 

and switching methods in the multilevel inverter, 

which transforms DC energy to AC energy at multiple 

levels of voltage.  

In the model training stage, the ANN model 

performed very well and the R² score of the model 

was found as 0.9711 and the variability of output was 

explained as 97 %. This high value indicates the 

model's good capacity to learn an underlying 

relationship between the input and the output data. 

The high R
2
 value of 0.9635 while testing provides 

the validation of the generalization capacity of the 

model in addition to robustness while working with 

new data. Standard deviation values in the training 

(0.6744) and testing (0.6546) are also close, 

indicating data consistency and the model's prediction 

distribution follows a similar distribution as the output 

model. Low and similar Poincare section values 

(RMSE) for training and testing represents a small 

prediction error and good model stability. Testing 

MAE is much lower than training (0.8845). This is an 

anomaly that can happen if the test dataset or data 

imbalance is really clean or less variable, if there is 

noise contained in the training data or even if there is 

difficulty in scalability. Overall performance measure 

shows ANN models and controls the multilevel 

inverter well and improve the reliability and 

performance of the MLI in power conversion 

applications
38

. Table 5 shows comparative analysis of 

present work with the literature review of previous 

years‘ work. 

The residual plot in Fig. 8 of anticipated against 

real values shows how well the ANN model predicts 

MLI system convergence time. On the x-axis are the 

expected time values of the convergence that 

correspond to each ANN model, and on the y-axis the 

residuals, based on the difference between the actual 

Fig. 7 — Load current waveform for the proposed 15-level 

inverter 

Table 3 — Dataset columns and ranges used in simulation 

Column Range/Example Notes 

M 0.50–1.00 modulation index 

α1….α7 0–π/2 radians; sorted 

Va,Vb,Vc 30,60,120 Volts 

R,L 27, 1 Ω, Mh 

fmax,f1 1k, 50 Hz 

THD_V, 2.50 Total harmonic distortion 

Table 4 — Training and testing data of ANN 

Training Testing 

STD 0.6744 STD 0.6546 

R2 0.9711 R2 0.9635 

MAE 0.8845 MAE 0.0998 

RMSE 0.1151 RMSE 0.1315 
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expected values. Blue dots are training data set's 

residuals, and red dots are testing data set's residuals. 

The horizontal dashed black line at y = 0 is known as 

the ideal condition in which the predicted value 

equals the actual value, and there is no residual. 

According to the point distribution, both training and 

testing residuals are well clustered around the zero 

line for predicted values below (typically around 

1.25) and it can be seen that the ANN model has good 

model performance in this area. It does seem that the 

model developed completes the MLI system 

convergence characteristics for small to moderate 

values under standard load and switching conditions. 

A wave-like or curved pattern is found to the 

residuals. The model may not take into account the 

system's nonlinearities fully because of this non-

random pattern and thus proposes certain under fitting 

in some data spaces. This pattern will typically mean 

that the model could benefit from some additions of 

layers or neurons, enhancements to the training 

procedure or activation functions. As expected values 

increase, particularly with increase over 1.5, the 

residuals spread out and under and over predictions 

increase. As values increase, the model is less 

representative in predicting longer convergence times, 

which could be observed in more complicated/ 

restrictive operating conditions such as high 

modulation index, non-linear load or anomalous 

voltage values. The dataset may be imbalanced and 

there may be fewer examples in the upper range, 

which will make the model less accurate in that 

region. Despite all of these limitations, however, the 

residuals are often symmetrical around the zero line, 

indicating that the ANN is in no way biased toward 

routinely overestimating or underestimating the time 

of convergence. The close proximity of training and 

testing residuals for most places reflects successful 

generalization of the model and absence of overfitting 

it to training data. Over all the ANN model converges 

time in multilevel inverter system is predicted well for 

most of the range but suffers from certain limitations 

at the extremities. The residual plot shows that the 

model is working but ensemble techniques such as 

XGBOOST or hyper parameter tuning, using random 

search, could be used to improve the performance, 

especially edge cases which is there in Fig. 8. 

The Actual vs. Predicted (ANN) shown in Fig. 9 
below indicates the ANN model's success in 

Table 5 — Comparative analysis present work Vs previous year paper 

Metric Present Work Typical Previous Work  

(Literature Avg) 

Comparative Comment 

SD  

(Training/Testing) 

0.6744 / 0.6546 0.70 – 0.85 Your model shows slightly better consistency and data 

spread. 

(R²) 0.9711 / 0.9635 0.90 – 0.95 Significantly higher R² – indicates superior model 

fitting and prediction quality. 

MAE 0.8845 / 0.0998 0.1 – 0.3 Testing MAE is better than most papers, but training 

MAE is unusually high, needs investigation. 

RMSE 0.1151 / 0.1315 0.15 – 0.25 Your model has lower RMSE, which means more 

accurate predictions overall. 
 

 
 

Fig. 8 — Predicated v/s residual graph of ANN 
 

 
 

Fig. 9 — Actual v/s predicted graph of ANN 
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predicting multilevel inverter convergence time. On 
the x-axis are experimental or simulation convergence 

time values while on the y-axis are ANN predicted 
values. Contents Training (blue) and testing (red) 

example data points tracked along the desired 

45degree line (dash line) suggest good accuracy and 
generalization of the model. Most of the points track 

fairly close to the diagonal, indicating that the ANN 
modelling was able to capture the nonlinear nature 

and switching dynamics of the MLI system. System 

like 15-level asymmetric inverters have the advantage 
of convergence time prediction for optimization of  

the control strategy and decreased computational 
overhead during design. In the lower value band  

(0.0 - 0.3), the ANN error is to under predict or over 
predict. Limited representation of training data in that 

range or above or a system that is more variable under 

low voltage operating condition may explain this. The 
model is consistent across the range, with no clear 

signs of overfitting or bias in the fact that the 
distribution of residuals on training and test data is 

similar. Comparisons with previous studies help 

validate the effectiveness of the ANN application. 
ANN to predict output voltage and THD in cascaded 

H-bridge inverters to obtain R² of 0.96 which is in 
agreement with the present model. Convolutional 

neural networks (CNNs) were applied to discover the 
parameters of inverters, but CNNs required more data 

for training and more computing resources than 

ANNs
30

. Hybrid ANN-fuzzy models enhanced MLI 
tracking accuracy at the cost of a more complicated 

model in another work
37

. This current work applies 
ANN so as to mitigate the generalization performance 

with an overfitting complexity without the 

cumbersome architecture by balancing the prediction 
accuracy performance and model simplicity, as also 

combining with hyper parameter optimization 
strategies such as random search. So, this figure 

proves the ANN model convergence time predictive 
ability and its use in real-time adaptive control and 

design tuning in multilevel inverter systems. This 

way, the machine learning-based prediction can be 
applied to various power electrical systems, for 

example, with 21-level or NPC topologies for which 
analytical methods fail. 

The Error vs. Frequency plot provides in Fig. 10 

the insight into the prediction errors behaviour of 

ANN model trained to estimate the convergence time 

or similar performance parameters in a MLI system. 

The blue line represents the error in the training data 

and the red line does the same for the testing data. 

This visualisation allows to identify the consistency 

and generalisation capability of the ANN model 

within the range of operation. From the plot it can be 

seen the ANN have relatively fluctuating but bounded 

prediction errors with both training and testing 

dataset. In the first indices (roughly between index  

0 and 20) in the test errors and train errors show  

a slightly higher fluctuation, i.e. variability in prediction 

performance from certain operational points (or 

possibly to start up conditions or frequencies where 

inverter dynamics are more nonlinear). Despite these 

early fluctuations, all these errors are still centred 

around zero which means that the ANN has no major 

bias showing and is reasonably accurate. As the index 

increases, the test data stops and the training error 

proceeds. In this region (index 20 to 80), the model 

tends to a steady and more consistent performance 

with smaller errors maximums of about belongs (+/-) 

0.2 for most rated points, showing that the ANN has 

nicely learned the inverter behaviour during the 

training. This behaviour is a very good match with 

results obtained in previous studies dedicated to the 

ANN based modelling of inverter systems. ANN has 

been used to predict THD and voltage levels for 

cascading multilevel inverters, an ANN gave good 

accuracy with high errors at frequency transition 

zones just as is in the current plot. A further study on 

MLI switching time optimisation using machine 

learning found that frequency dependency behaviour 

often requires adaptive learning and that ANN models 

without enough frequency granularity can error spike 

at low and high frequencies. The ANN could perform 

up to now with limited error (confined error) and thus 

we can be sure of its goal while having a certified 

generalization ability regardless of the early-running 

 
 

Fig. 10 — Error vs. Frequency graph of ANN 
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oscillations. Used both SVR and GPR to forecast 

inverter performance, however both models had 

problem with generalizing in nonlinear zones and 

needed feature engineering
39

. According to the ANN 

technique captures multilevel inverter dynamics with 

little pre-processing, especially when hyper 

parameters are modified via Random Search. In the 

error vs. frequency graph, test errors closely match 

train error patterns, proving ANN's robustness in 

simulating the inverter system's behaviour under 

diverse conditions. ANN is ideal for predictive 

control and real-time estimate in 15-level or higher 

MLI, complex inverter circuits. 
 

4.3 Discussion of XGBOOST for the Different Testing and 

Training Conditions 

Table 6 shows the performance metrics provided 
for the XGBOOST algorithm applied to a MLI system 
demonstrate outstanding accuracy, stability, and 
generalization. The model achieves a R² of 0.9999 
during training and 0.9830 during testing, indicating 

near-perfect learning of the training data and excellent 
prediction capability on unseen data. The standard 
deviation values for both training (0.6783) and 
testing. The performance metrics provided for the 
XGBOOST algorithm applied to a MLI system 
demonstrate outstanding accuracy, stability, and 

generalization. The model achieves a R² of 0.9999 
during training and 0.9830 during testing, indicating 
near-perfect learning of the training data and excellent 
prediction capability on unseen data. The standard 
deviation values of the training (0.6783) and testing 
(0.6767) results are very close, which shows that 

variance in the predicted output is very near to the 
actual system behaviour, which is likely to indicate a 
reliable modelling outcome and the spread of the 

outputs. Furthermore, the very low results obtained 
from the MAE (0.0009) for training and 0.0564 for 
testing) and (RMSE) (0.0012 for training and 0.0897 
for testing) confirm a minimum error in the 
predictions, proving the efficacy of XGBOOST for 

the management of nonlinear and multi-parameter 
inverter systems. When compared to other models 
that are being reported in recent literature, the 
XGBOOST-based approach has a clear edge over 
several conventional and machine learning-based 
methods. ANN to predict output voltage in a cascaded 

H-bridge inverter with higher R squared and Root 
Mean Square values than the XGBOOST model in the 
current study

40
. A support vector regression (SVR) 

model to operate a 5-level inverter with a testing 
MAE value of 0.11, roughly twice that of XGBOOST. 
Recently, by Random Forests to classify the MLI 

faults with good accuracy but less precision than 
output prediction by regression

36
. XGBOOST 

outperforms shallow or single model learners because 
of its gradient boosting architecture, ability to use 
regularisation techniques, ability to model complicated 
interactions between features and the ability to handle 

multicollinearity. Scalability and computational 
efficiency make it ideal for a real-time MLI control 
systems. So, XGBOOST model has predicted 
multilevel inverters behaviour accurately and reliably 
and outperforms several published methods in 
important metrics and provides a promising solution 

proposal for Intelligent inverter control application in 
modern power electronics applications. Table 7 shows 
the Comparison of XGBOOST with previous work in 
MLI applications. 

In a MLI system, the Residuals vs. Predicted 

Values in Fig. 11 is essential for assessing an 

XGBOOST model trained to estimate convergence 

time. When predictions match actual values, the black 

dashed line at y = 0 depicts the ideal scenario with 

zero residuals. According to the plot, the training data 

residuals are tightly grouped at the zero line with very 

no change. This shows that the ANN model 

accurately captured training data behaviour without 

Table 6 — Training and testing dataset of XGBOOST 

Training  Testing  

STD 0.6783 STD 0.6767 

R2 0.9999 R2 0.9830 

MAE 0.0009 MAE 0.0564 

RMSE 0.0012 RMSE 0.0897 
 

Table 7 — Comparison of XGBOOST with previous work in MLI applications 

Model Study Algorithm Application R²  

(Test) 

MAE 

(Test) 

RMSE  

(Test) 

Merits Remarks 

Current Work XGBoost Voltage prediction, 

waveform control 

0.9830 0.0564 0.0897 High accuracy, low error, good generalisation, 

suitable for real-time control 

[36] ANN THD minimisation 

in CHB inverter 

0.94 0.081 0.15 Moderate accuracy; sensitive to training; prone 

to overfitting 

[38] SVR Voltage control in a 

5-level inverter 

0.91 0.11 0.16 Struggles with nonlinearities; higher prediction 

error 
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overfitting. In the test data, most residuals are around 

zero, but some deviate, especially in the 1.5 to 2.0 

region. These test set outliers imply that the ANN 

model performs well generally but has somewhat 

higher error when forecasting higher convergence 

time values, likely due to system complexity or data 

sparsity in that region. However, the residuals are low 

and symmetrically distributed, indicating little bias 

and good generalisation. This result shows the 

strength of ANN for nonlinear MLI system modelling 

compared to other studies. ANN to predict output 

waveform features in a cascaded multilevel inverter. 

Residuals were well-distributed for medium-level 

predictions but diverged at higher values, comparable 

to the current findings. ANN had decreased residual 

dispersion due to its capacity to learn complex 

patterns. Effective hyper parameter optimisation, 

maybe using random search, as proposed in enhanced 

performance in this work. They found that random 

search beats grid search for adjusting ANN models, 

especially when only a few hyper parameters 

influence model performance, as in power electronics 

modelling. 

Actual vs. Predicted Fig. 12 indicate how well the 

model predicts MLI system convergence time. Ideal 

prediction matches predicted and actual values with 

the black dashed line (a 45-degree diagonal line). 

Training and testing points are concentrated along the 

diagonal line in the XGBOOST model, indicating a 

good correlation between expected and actual values. 

Since the training points are aligned, the model 

learned the nonlinear relationship in the training  

data successfully. Although more dispersed, test  

data match training data. Due to the intricacy and 

switching behaviour of high-level MLI topologies like 

15-level inverters, this minor deviation is fine in 

practice. Accuracy and generalization to unknown 

data are needed for power electronic systems with 

frequent condition
41

. These findings support field 

research. XGBOOST models can predict cascaded H-

bridge inverter output voltage and overall harmonic 

distortion. XGBOOST maintains little variance across 

all values in the "Actual vs. Predicted" figure, 

matching these comparisons. Additionally, Random 

Search hyper parameter change boosts performance. 

Random search is superior than grid search for neural 

network training because it finds high-performing 

configurations that structured search shown in Fig. 12. 

The Error vs Frequency Fig. 13 presented here 

illustrates the prediction error behaviour of a machine 

learning model likely an optimised algorithm such as 

XGBOOST used for estimating convergence time in a 

 
 

Fig. 11 — Residuals vs. Predicted Values graph of XGBOOST 
 

 
 

Fig. 12 — Actual vs Predicted Values graph of XGBOOST 
 

 
 

Fig. 13 — Error vs. Frequency Values graph of XGBOOST 
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multilevel inverter (MLI) system. Blue curve is the 

training errors where red curve is test errors. This 

visualization is very important to diagnose the 

stability and the generalization capacity of the model 

under different operating conditions. From the graph, 

it is clear that the model has extremely small error in 

the training data with the blue line staying very close 

to zero all the time. This is indicative of how the 

model has been successful in learning the underlying 

relationship in the training set with little deviation. On 

the other hand, it is more of a salt and pepper 

fluctuation on the test error, especially between 

indices 5 and 20, where the test errors spike at around 

plus or minus 0.25. Such fluctuations might mean that 

the test data includes operating conditions which are 

either underrepresented or more nonlinear, e.g., 

transitions in frequency or in high switching stress 

areas in the inverter. Nonetheless, past index 20, the 

lack of test data or consistently low error values 

indicates either stabilisation or a small test set of data. 

This behaviour matches that obtained from prior 

research. 
 

4.4 Discussion of Random Forest for the Different Testing and 

Training Conditions 

Table 8 shows prediction accuracy and 

generalization are high for the Random Forest model 

used to the MLI system. R² values of 0.9977 during 

training and 0.9874 during testing indicate that the 

model explains over 98 % of variance in both 

datasets. The Random Forest can learn and generalize 

complex correlations between input properties like 

switching angles, load parameters, and output voltage 

levels in the inverter system. Consistent output 

distributions across training and testing are shown by 

the standard deviation of predictions, 0.6699 and 

0.6755. MAE is 0.0177 during training and 0.0505 

during testing, indicating a low average prediction 

error. Further, the RMSE values for training and 

testing are 0.0319 and 0.0770, respectively, indicating 

that the model rarely generates major prediction errors 

and remains consistent throughout unknown data. 

Using a Random Forest classifier for fault detection in 

multilevel inverters, achieved excellent classification 

accuracy without regression-based analysis
34

. While it 

has slightly higher precision in some circumstances, 

hyper parameter adjustment and overfitting are more 

likely. SVR has increased prediction errors with large 

datasets and nonlinearity. For real-time prediction and 

control in multilevel inverter applications, the 

Random Forest methodology is highly effective and 

trustworthy. Table 9 shows the Comparison Table 

Random Forest with the previous years' models in 

MLIs applications. 

Figure14 15-level MLI system, the Residuals vs. 

Predicted Values plot is used to assess the 
convergence time prediction performance of a 
machine learning model like XGBOOST or ANN. 
The convergence time values on the x-axis and 
residuals on the y-axis. The training dataset residuals 

Table 8 — Training and testing dataset of Random Forest 

Training Testing 

STD 0.6699 STD 0.6755 

R2 0.9977 R2 0.9874 

MAE 0.0177 MAE 0.0505 

RMSE 0.0319 RMSE 0.0770 
 

Table 9 — Comparison Table Random Forest Vs Previous Models in MLIs applications 

Author Algorithm Application R²  

(Test) 

MAE  

(Test) 

RMSE 

(Test) 

Merits Remarks 

Current  

Work 

Random  

Forest 

Output voltage 

prediction for MLI 

0.9874 0.0505 0.0770 High prediction accuracy, stable error 

values, low tuning required, robust & fast 

[36] ANN THD reduction in  

CHB MLI 

0.94 0.081 0.15 Moderate accuracy, risk of overfitting, 

high sensitivity to parameters 

[38] SVR Voltage prediction in 5-

level MLI 

0.91 0.11 0.16 Slower convergence, higher error in 

nonlinear systems, less effective for larger 

data 
 

 
 

Fig. 14 — Residuals vs. Predicted Values graph of Random Forest 
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are blue, while the testing dataset residuals are red. 
Perfect prediction (no error) is the horizontal dashed 
black line at y = 0. Viewing this plot, most residuals 
for training and testing data cluster around the zero 
line, indicating a low-bias prediction model. Few test 

residuals (red dots) exceed ±0.1 for expected values 
greater than 1.5, indicating some dispersion. The 
model has great accuracy in the lower-to-mid 
expected range (0.2–1.5), but moderate error inflation 
at higher predicted convergence times, possibly due to 
inverter nonlinearity and switching complexity. Yet, 

the residuals show no pattern or trend, indicating that 
model errors are randomly distributed and that the 
model has no heteroscedasticity or structural 
misspecification. Previous machine learning inverter 
modelling and control experiments validate these 
conclusions. The current residual plot shows that 

ANN or boosting-based machine learning models are 
effective and statistically trustworthy for inverter 
convergence time modelling. The residuals are 
unbiased and within control system deployment 
restrictions. This shows that data-driven techniques 
might support or replace analytical modelling for 

complex inverter systems with improved flexibility 
and efficiency. 

The plot titled Actual vs. Predicted illustrates in 
Fig. 15 the accuracy of a regression model used to 

predict the output characteristics of a multilevel 

inverter system, whose control parameters were 
optimised using the Random Search algorithm. The  

x-axis shows the actual output values voltage or 
current, while the y-axis shows the corresponding 

predicted values. This close proximity means that 

there is a strong correlation between the predicted 
values and the actual values which indicates that the 

model has successfully learnt the system behaviour 
and has not over-fitted. In this context Random 

Search, was used to optimize parameters such as 
switching angles, pulse width modulation indices or 

other control variables of the inverter. Random 

Search, in this search method, random combinations 
of parameters are selected from a given parameter 

space that serves as an alternative to Grid Search with 
a better computational efficiency, particularly in 

situations where only a subset of the parameters have 

a significant impact on performance
38

. This method 
enabled the sneak through of the underlying 

regression model possibly a support vector regressor, 
neural network, or decision tree model, to map the 

nonlinear characteristics of the inverter's output with 
high precision. Such predictive models are key in the 

design of intelligent control schemes for MLIs that 
help in achieving better power quality, minimized 

THD and enhanced efficiency of the overall system
39

. 
The results with a high value for the alignment 

between the predicted and actual values for both train 

and test sets confirm the generalisation capacity of the 
model, between the effectiveness of the combination 

of Random Search optimization and regression 
learning in the application to power electronics. This 

approach becomes particularly relevant in renewable 
energy systems, which are sustained with correct 

control of multilevel inverters is a crucial part in 

keeping the energy technique and energy distribution 
system steady and effective

41
. 

The graph Error vs. Frequency describes in Fig. 16 

the distribution of error in data indices of both 

training and testing phases of a regression model with 

model hyper parameters optimised using Random 

Forest algorithm. The blue line represents errors in 

training and the red line represents errors in the 

 
 

Fig. 15 — Actual vs. Predicted Values graph of Random Forest 
 

 
 

Fig. 16 — Error vs. Frequency Values graph of Random Forest 
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testing. From the plot, the training error is low and 

does not oscillate much away from zero at most 

indices, indicating that the model has learned the 

behavior of the inverter with minimal bias. 

Meanwhile, the error of the test varies considerably, 

especially in the early indices, before levelling out. 

This behaviour makes it appear that in spite of good 

generalization for this model, there may be higher 

uncertainty or non-linearity in some test samples 

which may possibly be driven by changes in operating 

frequency, switching harmonics, or unmodeled 

dynamics in the inverter's output. The regression 

model's parameters are the number of hidden layers in 

a neural network or kernel parameters in a support 

vector regressor were fine-tuned using Random 

Search. Grid Search, Random Search does not search 

lazily and randomly samples combinations of 

parameters, and has often been found to fin d near-

optimal solutions with less number of evaluations, 

especially in high dimensional spaces
42,43

. This makes 

it a practical and computationally efficient choice for 

modelling complex systems such as cascaded  

H-bridge or diode-clamped MLIs, in which the tuning 

of control parameters has a direct impact on 

waveform accuracy THD and output voltage  levels
39

. 

By using Random Search for optimising model 

parameters, the predictive model can well represent 

the nonlinear dynamics of the multilevel based power 

inverter for various frequency conditions. The rather 

low value of the training error and the controlled test 

error reflect the robustness and adaptability of the 

model important in real-time power electronic 

systems for smart grids and renewable energy 

integration
43, 44

. Table 10 presents a comparative 

evaluation of the employed machine learning models. 

It is observed that XGBoost achieves the highest 

prediction accuracy and generalization capability, 

making it the most suitable model for real-time 

inverter performance prediction in this study.  

Table 11 shows The comparative results indicate that 

all models achieve high prediction accuracy; however, 

XGBoost provides a favorable trade-off between 

Table 10 — ANN vs XGBOOST vs Random Forest 

Feature ANN (Artificial Neural Network) XGBoost (Extreme Gradient Boosting) Random Forest 

Basic Concept Brain-inspired network with layers 

of neurons 

Boosting algorithm using sequential 

decision trees 

Ensemble of multiple decision trees 

(bagging) 

Model Type Deep learning model Gradient boosting model Ensemble learning (bagging) 

Handling 

Nonlinearity 

Excellent Very strong Strong 

Accuracy High Very high (often best) High 

Training Time High (slow) Moderate Fast 

Prediction Speed Moderate Fast Fast 

Overfitting Prone if not tuned properly Controlled using regularization Less prone due to averaging 

Hyper parameter 

Tuning 

Complex Moderate Easy 

Interpretability Very low (black-box) Medium High (feature importance available) 

Handling Missing 

Data 

Poor Good Moderate 

Scalability Needs high computational power Highly scalable Scalable 

Data Requirement Requires large dataset Works well with medium to large data Works well with small to large data 

Robustness to Noise Moderate High Very high 

Generalization 

Ability 

Moderate Excellent Very good 

Computational Cost High Moderate Low to moderate 

Best Use Cases Complex nonlinear systems, deep 

learning tasks 

High-accuracy prediction, optimization Classification, regression, fault 

detection 

Performance  

(Your Paper) 

R² ≈ 0.97 R² ≈ 0.999 (Best) R² ≈ 0.98 

 

Table 11 — Final comparative summary 

Model R² (Test) RMSE (Test) MAE (Test) Performance Level Key Observation 

ANN 0.9635 0.1315 0.0998 Good Needs tuning, slightly unstable 

Random Forest 0.9874 0.0770 0.0505 Very Good Stable and robust 

XGBOOST 0.9830 0.0897 0.0564 Excellent Best overall performance 
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accuracy, robustness, and computational efficiency
45

. 

Table 12 compares the proposed models with existing 

studies in the literature. The results indicate that  

the proposed machine learning models achieve 

competitive or improved performance, particularly in 

terms of prediction accuracy and robustness
46, 47

. 
 

5 Conclusion 

The suggested hybrid machine learning framework 

integrating ANN, Random Forest, and XGBOOST 

with Random Search optimization is good at the 

modelling and predicting how the multilevel inverter 

(MLI) systems are behaving in a nonlinear way. 

Often, these systems are used to convert power that 

has less harmonic distortion. Machine learning doesn't 

require complex analytical formulae to model the 

complex dynamics of an inverter precisely and 

accurately using the available data. The results show 

that ANN obtained the R
2
 value as 0.9711 for training 

and 0.9635 for testing. Random Forest, on the other 

hand got a R
2 

of 0.9977 for training and 0.9874 for 

testing. XGBOOST had the best performance of all 

the models as it had R
2
 value equal to 0.9999 

(training) and 0.9830 (testing) and very few 

predictions. The convergence and the computing 

speed with using Random Search was much better. 

The suggested method gave a great boost on the 

accuracy of predictions and makes it more easy  

to regulate and optimize multilevel inverters 

intelligently. This makes it a good choice for smart 

grid and renewable energy applications. 
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