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ABSTRACT 

The Three-port converter is an electronic power interface that enables simultaneous energy exchange 

among multiple energy sources and loads. This paper presents the modeling and intelligent control of a 

High Gain Boost Three-Port Converter (HGBTPC) for dynamic power flow management between the 

three ports. HGBTPC integrates Photovoltaic (PV) and battery sources to ensure a reliable power supply 

under varying conditions of source and load. A detailed state-space model of the HGBTPC was developed 

to capture the converter's dynamic behavior. In addition, a regression neural network was trained with 

inputs such as PV power, battery State of Charge (SOC), and load demand to predict optimal operating 

modes in real time. Key validation metrics, such as a confusion matrix, training vs loss accuracy, and mode 

transition tracking, confirm the effectiveness of the proposed model and the control scheme. 

Keywords-PV; three-port converter; state-space modeling; deep neural network; power flow management 

I. INTRODUCTION  

Three-Port Converters (TPCs) are commonly used in 
systems involving multiple inputs, energy storage, and loads. 
Typical applications of TPCs are off-grid/on-grid systems, 
integration of renewable sources, Electric Vehicles (EVs), 
uninterrupted power supplies, microgrids, smart grids, IoT-
powered systems, portable systems, drones, etc. [1]. TPCs with 
high voltage gain are gaining popularity because of better 
thermal performance and component stress reduction, while 
boosting the voltage levels. Key advantages of TPCs include: 

 Improved efficiency and reliability due to the reduction in 
the number of components and power conversion stages. 

 Integrated power management as a single converter handles 
the power flow between ports. 

 Compactness, ideal for space-constrained applications.  

Buck, boost, and buck-boost converters serve as the 
foundation for non-isolated TPCs in the literature [2]. Voltage 
multiplier cells have been used to increase voltage gain [3]. 
However, this leads to losses because there are many passive 
components. In [4], a TPC was considered, which provided 
comparable gain and efficiency without any voltage multiplier 
cells. TPC modeling allows virtual testing of various operating 
conditions, which may be impractical or hazardous to replicate 

on hardware. Researchers perform state-space modeling of 
various new topologies of boost converters to identify a 
controller that provides the desired output voltage [5]. 

Making decisions in real time to regulate the amount and 
direction of power flow among the three ports is known as 
power flow management in TPC. Dynamic operating 
conditions are changes in load demand, solar irradiance, 
temperature, and battery State-Of-Charge (SOC). Traditional 
rule-based control strategies may not perform optimally under 
nonlinear conditions, when objectives such as efficiency, 
battery life, and energy balance must be met simultaneously.  

In [6], a multiport DC-DC converter was equipped with an 
Artificial Neural Network (ANN) controller for DC micro-grid 
applications. This combination offered adaptability, enabling 
intelligent decision-making in response to dynamic micro-grid 
conditions. In [7], a hybrid solar and wind grid-tied inverter 
system was controlled by a fuzzy controller based on an 
adaptive network. According to the simulation findings, the 
performance of the controller was superior to that of the 
conventional PI controller. In [8], an improved whale 
optimization algorithm was used to solve the dynamic optimal 
power flow problem in green energy systems. Fuzzy logic 
control enhanced the convergence performance of the entire 
system.  
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Artificial Neural Networks (ANNs) have emerged as a 
promising solution for intelligent power flow management in 
TPCs [9]. By training on historical data, ANNs can predict the 
most suitable power flow configuration. In [10-11], a real-time 
ANN-based power flow management for microgrids 
demonstrated effective energy control under varying 
conditions. In [12], an energy management approach was 
proposed for hybrid electric vehicles, using deep reinforcement 
learning and enabling efficient operation in varying driving 
conditions. 

This study models a high-gain boost converter using state 
space modeling and validates the model through simulation. 
Furthermore, DNN-driven power flow management was 
implemented using a neural network-based prediction block in 
MATLAB/Simulink. The novelty of this work is as follows: 

 Performs a seamless integration of a trained regression 
neural network into Simulink's real-time environment to 
eliminate the need for additional code generation or 
interfacing. 

 Achieves multi-parameter decision-making. 

 The proposed approach was applied to a high-gain TPC 
presented in [4]. 

II. MODELING OF HIGH GAIN TPC 

Figure 1 shows the general configuration of the TPC. The 
state-space modeling of HGBTPC is presented in [4]. It has 
two inputs, solar and battery (��� and ��) and a single output 
port (��). Design details and various operating modes are given 
in [4]. The state variables considered are ��� , ��� , ��� and �
� . ���   is the current through inductor L1, ���  is the current 
through inductor L2, ��� is the voltage across the intermediate 
capacitor C1, and �
�  is the voltage across the output capacitor 
Co. Each of the four operating modes has its own set of 
matrices based on switch configuration and circuit topology. 
The model was simulated in MATLAB to validate its operating 
modes and its performance in Continuous Conduction Mode 
(CCM). In CCM, inductor currents (��� , ���) never fall to zero, 

ensuring continuous energy transfer and avoiding mode 
switching complexity. The terminology of ideal switches 
indicate zero ON resistance and infinite OFF resistance that 
provide instantaneous switching.  

 

 

Fig. 1.  General configuration of TPC. 

A. Operating Mode I: SISOPV Mode 

PV powers the load in this mode. SB is ON, while SC and 
SD are OFF. The equations for state I and II when SB is ON and 
OFF are shown in (1) and (2) from Figure 2(a, b). The state-
space expressions are shown in (3, 4), respectively.  ������ �  �����   ;        ������ �  ����� ��� ���   (1) ���� � ���,  ��� � ���/     (2) 

 

(a) 

 

(b) 

 

Fig. 2.  (a) SISOPV mode in State I, (b) SISOPV mode in State II.. 

Similarly, when SB is OFF, the equations and the state-
space equations are as shown in (5), (6), and (7), respectively. 
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The output voltage expression in (4) remains the same for 
all the operating modes.  

B. Operating Mode II: SISOBAT Mode 

During nighttime, PV is unavailable, hence the battery is 
the only source. Figure 3 shows the equivalent circuit. The 
operation resembles the SISOPV mode, with two operating 
states corresponding to the ON and OFF conditions of switch 
SB. SD is continuously ON. Assuming the battery is fully 
charged, the equations for both the states and the state space 
expressions are shown in (8-13).  

 

 

Fig. 3.  SISOBAT mode (full equivalent circuit). 
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C. Operating Mode III: DISO Mode 

When the PV cannot fulfill the load demand, the battery 
will again be active. In DISO mode, SB and SD are ON, and SC 
remains OFF, as in Figure 4. The equations and the expressions 
governing the state space model of the second and the third 
operating states are given in (14-17). 

 

(a) 

 

(b) 

 

Fig. 4.  (a) DISO mode (full equivalent circuit), (b) State II of DISO mode. 
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D. Operating Mode III: SIDO Mode 

The converter operates in SIDO mode as illustrated in 
Figure 5. Switch SD remains OFF, while switches SB and SC 
actively regulate both load power and the battery voltage. The 
SIDO mode consists of three distinct operating states. The first 
and last states are State I and State II of the SISOPV mode. The 
equations and state space of state II are given in (18-20). �� �  ��� � ���    (18) �� � ��� 0 ��� � ���    (19) 
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Fig. 5.  SIDO mode (full equivalent circuit). 

III. SIMULATION RESULTS AND ANALYSIS 

The SISOPV mode was simulated using the averaged state-
space model derived in Section II. The simulation was 
performed in MATLAB/Simulink, and Table I shows the 
simulation parameters. 

TABLE I.  SIMULATION PARAMETERS 

Parameters Specifications 

Input Voltages (VPV, VB) 24V, 24V 

Inductors (L1 and L2) 50μH, 225μH 

Switching frequency (fs) 20kHz 

Capacitors (Co, C1) 100μF, 120μF 

Output Voltage (Vo) 120V 

Output Power (Po) 200W 

 
The results in Figure 6 illustrate the waveforms of all four 

state variables in SISOPV mode. The results confirm that the 
converter achieves a stable output voltage of 120V, which is 
the same as the capacitor voltage ��� . The inductor currents 
exhibit a low ripple of 1 A and 0.2 A, which is in line with the 
design specifications. The capacitor voltages remain within the 
safe operating limits, validating the effectiveness of the SISOPV 
mode under the defined load conditions. 

Modeling helps to assess the impact of parasitic elements, 
such as inductor Equivalent Series Resistance (ESR), on 
system efficiency for varying load conditions. The ESR of 
inductor L1 is =>�  and the ESR of inductor L2 is =>� . A high 
inductor ESR value contributes to voltage drops, thus affecting 
voltage regulation. Figure 7 shows the simulation results 
considering the ESR of both inductors. It can be seen that 
efficiency drops while considering the ESR of both inductors. 
A high value of capacitor ESR increases output voltage ripple 
due to the voltage drop across the ESR during capacitor 
charging and discharging. This will reduce voltages ���  and ��� . Also, power dissipation will be within the capacitor, 
reducing efficiency. Considering the equivalent series ESR of 
both inductors of TPC, it is observed that the system achieves 
peak efficiency at an output power level of approximately 
200 W, as shown in Figure 7. Consequently, this power level 
was selected as the reference point for training the ANN. 

 

 

Fig. 6.  Waveform of state variables. 

 

Fig. 7.  Efficiency vs output power. 

IV. POWER FLOW MANAGEMENT USING DNN 

ANNs offer an adaptive and flexible approach in handling 
the characteristics of multi-input, multi-output power 
converters. Deep learning-based strategies for optimal 
scheduling, energy management, and intelligent control in 
microgrids and grid-connected renewable energy systems have 
been presented in [13-15]. This work uses a DNN-based 
controller using MATLAB's Regression Neural Network 
Predict block to intelligently manage the power flow in 
HGBTPC. The intelligent power management system takes 
real-time input and outputs a scalar value corresponding to one 
of the operating modes according to the power flow 
management algorithm depicted in Figure 8 [16].  
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Fig. 8.  Power flow management algorithm. 

A. ANN Architecture and Training Strategy 

The ANN architecture consists of an input layer, a hidden 
layer, and an output layer. The input layer receives three 
features: PV power, SOC of battery, and load power. A single 
hidden-layer neural network comprising 10 neurons was 
selected, which ensures a low training time and a reduced risk 
of overfitting while maintaining acceptable prediction 
accuracy. The Rectified Linear Unit (ReLU) activation function 
improves training convergence speed and is computationally 
efficient for real-time applications. A SoftMax function is used 
in the output layer to convert raw output scores into probability 
distributions, ensuring that the output probabilities sum to 1, 
making interpretation easier. The output layer corresponds to 
the four operating modes of HGBTPC. 

A hold-out validation method was employed, where the 
available dataset was divided into three non-overlapping 
subsets: a training set comprising 70% of the total data, a 
validation set comprising approximately 15% of the dataset, 
and a test set comprising the remaining 15% of the data. The 
dataset is generated by simulating a two-input quadratic boost 
converter under varying solar irradiance, load power, battery 
current, and SOC conditions. The power flow mode for each 
data point was labeled based on predefined operational criteria. 
Early stopping was employed to prevent overfitting, where 
training was monitored using the validation loss. The training 
stopped if the validation loss did not improve over a specified 
number of epochs. The Adam optimizer was employed, with a 
mini-batch size of 64 samples [17]. Training was carried out 
for a maximum of 100 epochs. The training loss curve indicates 
the error reduction over training epochs. The gradual decrease 
in loss shows that the model is improving with each epoch, 
indicating effective learning during training, as shown in 
Figure 9. 

Figure 10 shows the confusion matrix for the results. The 
model accurately predicted 996 out of 1000 SISOPV samples, 
with only four misclassified as DISO, yielding a class-specific 
accuracy of 99.6%. SISOBAT was classified with 100% 
accuracy, indicating the network's robustness in recognizing 
battery-only operation. For SIDO mode, 981 instances were 

correctly classified, with 19 misclassified as SISOPV, resulting 
in an accuracy of 98.1%. DISO mode achieved 98.4% 
accuracy, with 16 samples misclassified as SISOBAT. High 
diagonal accuracy (>95%) for all classes demonstrates the 
strong learning ability of the model. 

 

 

Fig. 9.  Training loss vs. accuracy. 

 

Fig. 10.  Confusion matrix. 

B. Precision, Recall, and F1-score 

Precision and recall are two essential measures for 
assessing the effectiveness of classification models in neural 
networks. The precision of the model indicates its ability to 
accurately identify the positive cases out of all the instances 
that were expected to be positive, focusing on how accurate the 
optimistic forecasts were. Recall gauges the model's capacity to 
identify every real positive event, whereas the F1-score 
computes the harmonic mean of precision and recall to 
integrate them into a single value. The metrics range from 0 to 
1. Figure 11 shows that all three metrics have a value near to 1, 
which signifies ideal classification performance.  

 

 

Fig. 11.  Precision, recall, and F1-score. 

V. RESULTS AND DISCUSSION 

The trained neural network was integrated with the 
HGBTPC model to control the three switches SC, SB, and SD. 
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The model was run in Simulink. The outcome is an integer that 
indicates any of the four operational modes. This integer value 
is inputted into the control logic, which generates the correct 
pulses for each operating mode. The model was validated 
under dynamic conditions by varying the PV power and battery 
SOC. The PV power was initially set at 265 W and 
subsequently reduced to 230 W, 0 W, and finally 150 W with a 
time gap of 0.1 s. Simultaneously, the battery SOC varied from 
54% to 86% as shown in Figure 12. Load power was kept at 
200W. SB was ON for all the modes; hence, the transition of 
the other two switches is shown in the figure. The following 
observations were noted: 

 When PV is 265 W and the battery SOC is 54%, the system 
prioritizes to SIDO mode till ? � 0.1 s. SC and SB are ON 
and SD is OFF, indicating that the battery is getting charged. 

 As PV power reduced to 230 W and the battery SOC was 
86%, the system switched to SISOPV mode from ? � 0.1 s 
to ? � 0.2 s. Only SB is ON. SC and SD are OFF, indicating 
that the PV is adequate to feed the load. 

 When the PV power becomes 0 W, the system 
autonomously shifts towards battery-supported mode 
(SISOBAT mode), where SC is OFF and SD is ON.  

 When PV resumes at 150 W, DISO is selected to optimally 
share the power between PV and battery. Only SB and SD 
are ON in this mode.  

These results confirm that the ANN-based controller 
dynamically manages mode transitions accurately. In all the 
operating modes, the load voltage is maintained at 120 V. The 
smooth transitions and accurate pulse generation validate the 
practical feasibility and robustness of the proposed control 
scheme for hybrid energy systems. 

A comparative analysis was conducted against the Fuzzy 
Logic Controller (FLC) and Rule-Based Logic (RBL) to 
validate the proposed intelligent power flow controller. The 
theoretical performance of these controllers is documented in 
[18-22]. Table II summarizes the comparative performance 
characteristics of these methods. The strengths of the proposed 
DNN-based method are real-time adaptability, improved 
efficiency, and system stability, which contribute to improved 
battery life and smoother transitions between operating modes. 
However, if the dataset lacks diversity and does not encompass 
a wide range of operating conditions, the model may not be 
able to generalize effectively, leading to overfitting and 
reduced reliability in practical applications. 

TABLE II.  COMPARATIVE PERFORMANCE 

Metric DNN FLC [18-19] RBL [20-21] 

Mode-switch delay (ms) 5 40–60 30–50 

Prediction accuracy (%) 98.5 85–90 75–85 

Dynamic Response High Medium Low 

Rule/membership tuning 
None 

(trained) 
Required Manual 

 

 

 

 

 

 

Fig. 12.  Power flow management using ANN. 

VI. CONCLUSION 

This study developed and analyzed a model of the proposed 
converter [4]. The analysis reveals that the converter achieves 
maximum efficiency at a power level of 200 W. Accordingly, a 
regression neural network was trained at this optimal operating 
point to enable real-time prediction of the operating modes of 
HGBTPC. The simulation results demonstrated that the ANN 
facilitates intelligent decision-making, validating its 
effectiveness for real-time power flow management. In smart 
grid architectures, energy resources such as solar PV, wind 
turbines, and distributed batteries must be coordinated 
efficiently to ensure grid stability and energy reliability. In 
EVs, a DNN-based management strategy can support 
intelligent charging and battery life preservation, enabling 
Vehicle-to-Grid (V2G) and Vehicle-to-Home (V2H) operation 
with real-time grid condition awareness.  

A practical implication of using DNNs in modern energy 
systems is their ability to efficiently manage power flow by 
making rapid and precise real-time decisions. Future work 
should focus on implementing the trained DNN model on real-
time platforms using DSP processors, which is already in 
progress. Deeper architectures, such as Convolutional Neural 
Networks (CNNs), Long Short-Term Memory (LSTM) 
networks, or hybrid models, can also be explored to capture 
temporal dependencies and nonlinear correlations more 
effectively in dynamic power systems. 
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