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Abstract 

The DC-DC converters are one of the most widely used power electronics infrastructure in the modern systems including 

renewable generations. With development of DC-DC converters, the control system of the DC-DC converters role is becoming 

more and more. To this end, model predictive control (MPC) is known as one of the potential solutions. Although MPC is an 

easily implemented control system, it needs a high computational complexity due to the dependency on solving an iterative 

optimization problem. To overcome this problem, this study develops an artificial intelligence-based on one-dimensional 

convolutional neural network (1D-CNN) based MPCs. While 1D-CNN benefits from the inherent strong feature 

extraction/selection capability and lower computational complexity than other deep methods, it still cannot properly track the 

dynamic changes due to fixed weights during the training process. Thus, this paper integrates the dynamic weighting training 

process and proposed dynamic weighing 1D-CNN for the implementation of intelligent MPC for the DC-DC converters. The 

numerical results show an efficient performance of the proposed system and also verifies the superiority of the proposed 

method in comparison with the conventional MPC and several state-of-the-arts shallow and deep based MPC for the DC-DC 

converters in terms of the total harmonic distortion (THD). 
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1. Introduction 

Development of DC power source has been 

quickly increased during the recent years due to the 

developing of renewable energy such as wind & 

photovoltaic generations, storage devices, DC 

power-based technologies, and etc. To connect the 

DC sources and loads, DC-DC converters is a vital 

equipment. 

The model of PV system consists of PV array, 

DC-DC converter, inverter, filter, and load, is shown 

in figure 1. According to the figure 1, DC-DC 

converter is an inseparable component of 

photovoltaic system and plays important role. DC-

DC converter is used to adjust the voltage for the 

providing load, and in some cases DC-DC converter 

is used to change the voltage level [1]. regardless all 

endeavours in the power electronic devices, there 

are several challenges still in the implementation of 

the DC-DC converters. One of the considerable 

challenges is the control of DC-DC device as an 

interface system to connect the DC power sources to 

a set of load/grid. Thus, the design of a progressed 

control system with desired dynamic response and 

the ability to adjust the output voltage of the DC-DC 

converter is a determinative task. 

To overcome this problem, different control 

systems have been presented in the previously 

presented works. The presented method in the 

previous literature can be divided in two categories: 

traditional and advanced. The traditional control 

system could be mentioned to the linear control 

systems such as proportional-integral (PI) [2-4] and 

quadratic control [5], a nonlinear control system 

such as hysteresis voltage control [6], multi-loop 

controller [7], repetitive controller [8], deadbeat-

based control system [9] and sliding mode-based 

controller [10]. There are several considerable 

disadvantages that restricted traditional control 

systems including i) resonance occurrence due to the 

variable duty cycle, ii) improper dynamic response 

due to modulators, iii) sensitivity to the modulator, 
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iv) feeble performance in presence of interruptions, 

and v) dependent on the physical model. 

To resolve these problems, advanced control 

systems are widely developed in the last years. 

Among advanced control systems, model predictive 

control (MPC) systems are well known as efficient 

tools to regulate the performance of complex and 

nonlinear systems considering technical constraints 

such as constraints of the DC-DC converters. The 

main features that provide several advantages of the 

MPC comparing with other traditional/advanced 

control systems are [11]: 

 MPC does not need modulation block 

 MPC can include nonlinearities, complexities 

and even multi-level constructions with an only 

simple block 

 MPC is a flexible control system that is able to 

adaptively track the input references and 

abruptions 

The key characterization of the MPC is 

extracting optimal control law based on an iterative 

optimization process throughout a finite time 

horizon [12]. Therefore, a cost function is defined 

and then optimal control law including optimal duty 

cycle would be provided. MPC has previously used 

for DC-link capacitor control system [13], rectifier 

control [14], inverter control of PVs [15], wind 

power energy conversion system [16], etc. However, 

the main disadvantage of the MPC that maybe make 

it improper for the real-time control for the systems 

such as DC-DC converters, is the computational cost 

because of solving optimization problem at each 

time interval. For instance, consider the challenge of 

optimal duty cycle of the DC-DC converters. In this 

challenge, the optimal duty cycle of an DC-DC 

converters should be secured by the control system, 

while solving a constrained- optimization problem 

for a mili-second or less time resolution requires 

expensive solvers, therefore, it is too difficult or 

highly expensive to implement an MPC to execute 

in a real-time manner. 

To overcome the problem, artificial 

intelligence (AI)-based methods seems to be a 

potential solution. AI-based method application has 

quickly enlarged in the power electronics structures 

due to the high-speed performance, independence of 

the physical model, flexibility, and operation based 

on the historical data. AI-based structures can 

generally be divided into shallow and deep-based 

networks [17]. It is remarkable that shallow-based 

methods suffer from a small parameter hypothesis 

[18], and therefore, cannot capture oscillated and 

non-stationary signals such as the DC-DC converter 

outputs. Also, the deep learning-based method as a 

revolutionary concept in AI can resolve the all 

abovementioned problems of the shallow-based 

methods. With addition the hidden layers in the 

shallow-based structures, new optimization 

techniques designing in the process of learning, and 

human development in the technologies, deep neural 

networks have been attracted attentions and show 

extended potential in many utilizations such as 

power transformer, differential protection [19], 

power quality [20], load consumption [21] and wind 

speed forecasting [22], power system fault location 

[23], etc.  

Thus, in this paper, the advantages of deep 

learning structure have been used to improve the 

operation as well as the computational burden of the 

MPC in the DC-DC converters. Among different 

deep structures, convolutional neural networks 

(CNNs) have been widely used in different 

applications for inherent strong feature 

extraction/selection and the requirement to smaller 

memory space rather than other deep structures [24], 

[25]. Although two-dimensional (2D-CNN) is used 

in the different engineering applications, 2D-CNN 

needs a dataset of labeled 2D data, which makes 2D-

CNN improper for real-time utilizations. There are 

several subjects that make 1D-CNN advantageous 

and thus superior to 2D-CNN for application in the 

real-time MPC of DC-DC converters: i) lower 

computational complexity, ii) easy implementation 

and training, and iii) lower-cost hardware for the 

practical implementation. Despite these advantages, 

the structure of 1D-CNN has been considered fixed, 

while the control system should be able to track the 

dynamic changes. To this end, this paper uses a 

dynamic training process to regulate the learning 

weights in a dynamic manner and designs a dynamic 

weighting 1D-CNN structure for the DC-DC 

converters. 

This paper develops an intelligent MPC 

control system for the DC-DC converters. To 

achieve the aim, at first, the conventional MPC is 

used to provide a comprehensive dataset under the 

full observable conditions. Secondly, a generated 

dataset is utilized to train a deep structure-based 

MPC control system. Consequently, the deep-based 

structure is used to provide optimal control law by 

providing optimal duty cycle for the DC-DC 

converters. To this end, a dynamic weighting 1D-

CNN structure is designed. Consequently, the 

dynamic weighting 1D-CNN-based MPC control is 

applied and prove the superiority of the offered 

control system through a comparative study with 

conventional MPC and several state-of-the-arts 

shallow and deep-based MPCs for the DC-DC 

converters. Thus, the novelties of the current paper 

consist of: 

An intelligent MPC control system for DC-DC 

converters based deep neural network is presented 

 An improved 1D-CNN structure is designed 

for providing optimal duty cycle of the DC-DC 

converters 
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A dynamic weighting training process is 

proposed for dynamic tracking of the DC-DC 

converter outputs in a real-time method. 

Other part of the paper is organized as follows: 

Section II represent the dynamic modeling of the 

DC-DC converters. The description of the 

conventional MPC for the DC-DC converter is given 

in Section III. Section IV provides the information 

of the proposed deep-based MPC for the DC-DC 

converters in detail. Section V provides the 

discussion and comparison of the proposed MPC 

based on the numerical results. The conclusion is 

provided in Section VI. 

 

 

Fig. 1. A schematic of PV System 

2. Dynamic Model of DC-DC Converters 

The mathematical description of a DC-DC 

converter is described in this section. The 

mathematical model is the basis of the proposed 

deep-based MPC for the DC-DC converters. The 

output of the DC-DC converter is regulate based on 

the regulation of the duty cycle of the pulse width 

modulation (PWM). To prevent the electromagnetic 

interface (EMI), the switch frequency has been 

considered fix. Figure 2 shows the model of dc-dc 

converter. 

 

Fig. 2. A schematic of DC-DC converter 

The converter can operate in two different 

modes, i) off-mode, ii) on-mode. The equivalent 

circuit at off witch mode is shown in Fig 3. In the 

off-mode condition, the system is described as: 
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where 𝑖𝐿, 𝑉𝐶, and 𝑉𝑠 represent the current of 

filter inductance, voltage of filter capacitance, and 

voltage of DC source, respectively. 

 

Fig. 3. Equivalent circuit of off-mode condition 

In the on-switch mode, the equivalent circuit is 

shown in Fig 4. In this condition, the system is 

described as: 
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Considering duty cycle 𝑑, the averaging model 

is: 
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Fig. 4. Equivalent circuit of on-mode condition 

In the MPC for DC-DC converter, the principle 

is prediction the behavior of control parameters to 

provide optimal control law for duty cycle. To this 

end, an objective function should be formulated and 

solved in a specific time horizon (predefine sample 

number). This paper formulates the objective 

function based on the predicted output voltage and 

reference value, as [27]:  

𝑓𝑜𝑏𝑗 = (𝑖𝐿
𝑘+1 − 𝑖̃𝐿

𝑘)
2

+ (𝑉𝐶
𝑘+1 − �̃�𝐶

𝑘)
2
 (7) 

where 𝑓𝑜𝑏𝑗 represents the objective function. 

𝑉𝐶
𝑘+1and 𝑖𝐿

𝑘+1 show the predicted values, while the 

reference values of the filter capacitance voltage and 

filter inductance current are shown by 𝑖̃𝐿
𝑘, and �̃�𝐶

𝑘. 

 

Fig. 5. Two main blocks of MPC for DC-DC converters  

Figure 5 depicts the two main blocks of MPC 

for the DC-DC converters. According to the Fig, the 

predictive and optimization block should perform in 

each time horizon. In each time horizon, the 

following steps should be followed: 

 Step 1: Initialize the control system based on 

reference values  
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 Step 2: Check the value of the 𝑘. If 𝑘 = 1, set 

𝑖𝐿
0 = 0, 𝑉𝐶

0 = 0, 𝑉𝑑−𝐶𝑓

0 = 0, and 𝑉𝑞−𝐶𝑓

0 = 0. 

Otherwise, use measured values. 

 Step 3: Set 𝑖𝑡 = 1 and Υ = 𝛼 large value 

 Step 4: Calculate 𝑑 

 Step 5: Predict 𝑉𝐶
𝑘+1  

 Step 6: Calculate 𝑓𝑜𝑏𝑗. 

 Step 7: Compare 𝑓𝑜𝑏𝑗 with Υ. If 𝑓𝑜𝑏𝑗 <  Υ, set 

Υ = 𝑓𝑜𝑏𝑗  . Otherwise, go to Step 10. 

 Step 8: If 𝑓𝑜𝑏𝑗 <  Υ, save the duty cycle. 

 Step 9: Check 𝑖𝑡. If 𝑖𝑡 < 𝑖𝑡𝑚𝑎𝑥, 𝑖𝑡 = 𝑖𝑡 + 1 and 

go to step 5; otherwise, go to step 11. 

 Step 10: Output the optimal duty cycle. 

In the previously presented MPC systems for 

DC-DC converters, it is necessary to solve the 

optimization problem in a real-time manner. Since 

solving optimization problems requires strong and 

expensive hardware, it is costly to implement the 

conventional MPC systems. To overcome this 

problem, this paper proposes dynamic weighting 

1D-CNN network-based MPC for the DC-DC 

converters. 

3. Proposed Dynamic Weighting 1D-CNN based 

MPC for DC-DC converter 

The intelligent MPC is constructed based on 

the teaching and testing procedure. To this end, 

firstly the structure of dynamic weighting 1D-CNN 

is introduced. Then, the training process of the 

designed intelligent MPC for DC-DC converters and 

the performance of the designed control system are 

discussed. 

A) Dynamic Weighting 1D-CNN 

CNN is a strong feature extraction/selection-

based structure and can be implemented in a real-

time condition, where requires a memory with less 

space than other conventional deep networks. The 

1D-CNN is faster and more convenient than other 

convolutional methods because it requires simple 

array operations and has lower computational 

complexity [26]. 

The designed 1D-CNN include three main 

components, including convolutional layers, 

pooling layers, and fully-connected (FC) layers. The 

outputs of convolutional layers are obtained as: 

𝑋𝑓
(ℓ)

= 𝑓𝑅𝑒𝐿𝑈(∑ 𝑊𝑘
(ℓ),𝑐ℎ𝐶

𝑐ℎ=1 ⊗ 𝑋(ℓ−1),𝑐ℎ + 𝐵𝑘
(ℓ)

)          (8) 

where 𝑘, 𝑐ℎ, 𝑋(ℓ−1), 𝑊𝑘
(ℓ),𝑐ℎ

, and 𝐵𝑘
(ℓ)

represent 

kernel number, channel number, input set, weight 

matrix, and bias matrix, respectively. Also, 

𝑓𝑅𝑒𝐿𝑈(•) shows the rectified linear unit (ReLU). 

The pooling layers actually are used to scale 

and project data from the upper layers to reduce 

dimensions through overlapping convolution 

windows and also contribute to capturing features. 

Also, the FC layers are added to connect all hidden 

layers in CNN to control the dimension of the 1D-

CNN output, and construct the final output map. 

However, to implement the conventional 1D-CNN, 

there is a serious obstacle. The structure has been 

considered fixed, while the control system should be 

able to track the dynamic changes. To this end, this 

paper uses a dynamic training process to regulate the 

learning weights in a dynamic manner. In the 

training process, the back-propagation process is 

used to find the learning weights as: 

𝒢 = ∑ 𝜌𝑛
𝑙 (𝛼𝛽)𝛼𝛽 (𝑦𝑛

𝑙−1𝜔𝑚𝑛
𝑙 )                                           

(9) 

where 𝒢 and 𝜌𝑛
𝑙 (𝛼𝛽) indicate the set of 

gradient weights, and sensitivity of neurons 𝛼 and 𝛽, 

respectively. Also, 𝜔𝑚𝑛
𝑙  represent learning weights 

where connect the 𝑚𝑡ℎ feature map of the 𝑙𝑡ℎ layer 

to 𝑛𝑡ℎ feature map of the previous layer, 𝑙 − 1. 

To find the optimal learning weights, this work 

in fact offers a dynamic training process to improve 

the learning weights 𝜔𝑚𝑛
𝑙 . To this end, 𝜅 and 𝜏 are 

defined: 

𝜅 = {
1 𝑖𝑓  𝑓𝑠 (𝒢𝑚𝑛

𝑡𝑟 𝒢𝑚𝑛
𝑡𝑟−1) = 1

−1 𝑖𝑓  𝑓𝑠 (𝒢𝑚𝑛
𝑡𝑟 𝒢𝑚𝑛

𝑡𝑟−1) = 0
                          (10) 

𝜏𝑡𝑟 = 𝑐𝜅𝜏𝑡𝑟−1                                                              (11) 

where 𝒢𝑚𝑛
𝑡𝑟  shows the gradient weights at 𝑡𝑟 

training, while 𝑐𝜅 and 𝜏𝑡𝑟 are adjustment variables. 

Furthermore, 𝑓𝑠 (•) represents the function to 

determine the gradients’ weights direction. To 

minimize the loss function in the training process 

and lead to the optimal learning weights and speed 

up convergence, 𝜅 should be fall into [0,1], 
therefore, 𝑐𝜅 be between the [0,1] or [1,2]. In the 

presented adaptive training process, adding 

momentum term 𝜏𝑡𝑟 prevents slow situation and 

regulates the learning weights during the training. 

Thus, the learning weights are improving as follows: 

𝜔𝑚𝑛
𝑡𝑟 = 𝜔𝑚𝑛

𝑡𝑟−1 − 𝜏𝑡𝑟(1 − 𝜁)
𝜕𝑓𝑙𝑜𝑠𝑠

𝜕𝜔𝑚𝑛
𝑡𝑟 − 𝜏𝑡𝑟𝜁

𝜕𝑓𝑙𝑜𝑠𝑠

𝜕𝜔𝑚𝑛
𝑡𝑟−1           (12) 

where 𝜁 shows a regulation parameter between 
[0,1] and values are dependent on the last two 

training processes. The characteristics of the 

designed dynamic weighting 1D-CNN are shown in 

Table I. 

B) Training Deep-based MPC in DC-DC 

Converter 

The proposed intelligent MPC system 

performs based on the historical dataset. The 

proposed dynamic weighting 1D-CNN structure is 

fed by the three measured variables and then convert 

in the d-q reference frame, while the output is a 

single array including the number of duty cycle. In 

the output array, only one element is 1 (shows the 

optimal duty cycle) and others are zero. 
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Table.1. 
Parameter of dynamic weighting 1D-CNN for MPC in DC-DC 

converter  

Layer Filter 

number 

Filter 

size 

Stride Activation 

function 

Convolution 48 2*1 2*1 ReLU 

Pooling 48 2*1 2*1 - 

Convolution 100 2*1 2*1 ReLU 

Pooling 100 2*1 2*1 - 

FC 500 - - ReLU 

FC 4 - - Linear 

C) Deep-based MPC in DC-DC Converter 

The intelligent MPC is the basis of the learning 

process. Firstly, the MPC is used to provide the 

dataset. The generated dataset by an MPC is used to 

train the dynamic weighting 1D-CNN in an offline 

procedure. Then, the designed deep network is used 

to provide optimal control law. Figure 4 shows the 

operation of the proposed deep-based control 

system. from Fig 6(a) it is obviously clear, in the 

training process, MPC performs to generate the data. 

In the testing process, only designed dynamic 

weighting 1D-CNN utilized to secure the optimal 

duty cycle of the DC-DC converters and shown in 

Fig 6(b). Figure 6(c) shows the overview of the 

designed structure of the dynamic weighting 1D-

CNN. The trained deep block generates the optimal 

duty cycle. To this end, firstly, the variables 𝑖𝐿
𝑘, 𝑉𝐶

𝑘, 

and 𝑖𝑜𝑢𝑡
𝑘 are measured or computed at the 𝑘 time 

interval. Secondly, the dynamic weighting 1D-CNN 

is applied to provide the optimal output voltage 

based on measured/estimated values at the 𝑘 + 1 

time interval. Consequently, based on the optimal 

output voltage, the duty cycle would send to the DC-

DC converters. This process is repeated in a specific 

time horizon. 

4. Numerical Results  

This section discusses the proposed control 

system based on the different operational conditions 

such as different types of load. To this end, a DC-

DC converter (similar to Fig 3) is simulated in 

MATLAB software. An overview of the proposed 

deep based MPC is depicted in Fig 6. 

To evaluate the proposed intelligent predictive 

control system, two different cases have been 

considered in this paper: i) 𝑉𝑠 = 250 𝑉, the load 

varies to 50A at 0.004 s and ii) 𝑉𝑠 = 400 𝑉, and load 

change to 25A. In the last subsection of this section, 

the superiority of the proposed method is proved 

according to a comparative study. 

A) Dataset 

To generate the dataset and train the designed 

dynamic weighting 1D-CNN, 70 different 

conditions have been considered based on two 

different conditions for the load. In the first 

condition, the load considered as a resistive load, 

and the data is generated based on the 60 cases 

dependent on load values (varied from 0.5 Ω to 

34.5 Ω). Furthermore, 10 different cases have been 

extracted from the nonlinear load model. The 

nonlinear load is a diode-bridge rectifier. Overall, 

245450 samples are generated based on different 

sampling time, filter parameters, DC-link voltage, 

the output power of D, and reference values. About 

70% of the dataset is devoted to training and 30% of 

data is considered for the testing process. 

B) Discussion on Results: Case I 

The output voltage, inductor current, and 

output current are shown in Figs 6-8, respectively. It 

is obviously clear in Fig 6, the proposed controller 

can properly track the reference value, and also the 

output voltage can be led to the steady-state value 

with faster response comparing conventional MPC 

and ANN-based MPC. The inductor current and 

output current are shown in Figs 7&8 and show 

similar results including faster dynamic response. 

C) Discussion on Results: Case II 

The output voltage, inductor current, and 

output current are shown in Figs 7-9, respectively. 

As can be seen in Fig 7, the proposed controller can 

properly track the reference value, and also the 

output voltage can be led to the steady-state value 

with faster response comparing conventional MPC 

and ANN-based MPC. The inductor current and 

output current are shown in Figs 8&9 and show 

similar results including faster dynamic response. 

Figures 10-12 show the output voltage, 

inductor current, and throughout the 10ms time 

period respectively. As can be seen from Fig 10, the 

output voltage in the proposed control system shows 

a higher dynamic response. To verify this issue, the 

behavior of 𝑉0 in the initial conditions can be great 

proof. The inductor current and output current are 

shown in Figs. Figures 11&12 show similar results 

including faster dynamic response. 

D) Comparative Study  

To prove the superiority of the proposed 

dynamic weighting 1D-CNN based MPC, this 

subsection compares the proposed method with: 
− Conventional MPC  

− Artificial neural network (ANN)-based MPC 

− Support vector machine (SVM) based MPC 

− 1D-CNN based MPC 

− 2D-CNN based MPC 

The methods are compared based on total harmonic 

distortion (THD) of output voltage of voltage. 
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Fig. 6. Overview on of the proposed deep based MPC, (a) 

Training process, (b) Testing process, (c) structure of dynamic 

weighting 1D-CNN 

 

Fig. 7. Output voltage: case I 

 

Fig. 8. Inductor current: case I 

Fig. 9. Output current: case I 

 

 

Fig. 10. Output voltage: case II 

 

Fig. 11. Inductor current: case II 

 

Fig. 12. Output current: case II 

For this purpose, the conventional and 

intelligent MPCs are compared for 10 different 

samples in cases I & II. The results are given for two 

cases in Fig 13. As can be seen from this Figure, the 

proposed method shows the lowest level of voltage 

THD in two samples and cases. For instance, 

considering case II and sample #2, the proposed 

method reduces the THD obtained by the 

conventional MPC by about 78.47% and improves 

the THD obtained by shallow-based MPCs, i.e. 

ANN-based MPC and SVM-based MPC 

respectively 55.56% and 54.01%. Furthermore, in 

comparison with state-of-the-art deep-based MPCs, 

the proposed method significantly improves THD 

approximately 48.84% rather than 1D-CNN and 

49.43% rather than 2D-CNN. The lowest values of 

THD are obtained by the proposed dynamic 

weighting 1D-CNN, therefore, the superiority of the 

proposed dynamic deep network is obvious in terms 

of THD. 
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Fig. 13. Comparison between the proposed method with 
conventional MPC, ANN-based MPC, SVM-based MPC, 1D-

CNN-based MPC, and 2D-CNN-based MPC, (a) case I, (b) case 

II 

5. Conclusion 

This paper develops a new dynamic weighing 

1D-CNN structure to resolve the computational 

complexity problem of the MPC for the DC-DC 

converters. To evaluate the performance, three 

different conditions have been considered to 

demonstrate the performance of the proposed 

intelligent MPC. Besides, the proposed method is 

compared with conventional MPC and several 

shallow-based MPCs including ANN-based MPC 

and SVM-based MPC and several deep-based MPCs 

including 1D-CNN-based MPC and 2D-CNN-based 

MPC in terms of THD. The results show at least a 

45% improvement in comparison with conventional 

MPC and state-of-the-art MPCs and validate the 

superiority and performance of the proposed 

intelligent MPC for the DC-DC converters.  
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