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IoT-Based DC/DC Deep Learning Power Converter
Control: Real-Time Implementation

Meysam Gheisarnejad

Abstract—Recently, a modularized smart grid (SG) architec-
ture, entitled the Internet of Things (IoT) grid, is developed that
accommodates the IoT technology into the dc—dc converters to
build a programmable grid with a single voltage bus. This modern
architecture can be established with low computing hardware that
facilitates the control and management of the IoT-based grids.
Due to the uncertainties originated from the integration of the
IoT technology and power electronic converters, the deterministic
methodologies are unable to precisely model the SG anymore. In
response to these challenges, this article addresses a novel adaptive
data-driven method based on the active disturbance rejection con-
troller (ADRC) for the voltage regulation of an IoT-based dc—dc
buck converter feeding constant power loads. In particular, a deep
deterministic policy gradient (DDPG) with the actor-critic archi-
tecture is adopted for the online adjusting of the ADRC controller.
The established DDPG takes into account the ADRC controller
coefficients into the design objective and offers the ADRC con-
troller with the online coefficient setting ability through the neural
network learning. The IoT-based system is tested on a real-time
testbed with the constrained application protocol protocol and
IEEE 802.11 (Wi-Fi) network to assess the applicability of the
suggested controller in the presence of network degradations. The
impact of both packet loss and interfering traffic on the reduction
performance of the DDPG adaptive ADRC controller is investi-
gated, simultaneously. The supremacy of the suggested adaptive
data-driven controllers is verified by a comprehensive comparative
analysis with the state-of-the-art methodologies.

Index Terms—Constrained application protocol (CoAP), deep
deterministic policy gradient (DDPG), Internet of Things (IoT).

1. INTRODUCTION

OWER electronic-based onboard dc microgrids have

drawn a lot of attention, mainly because of their benefits in
terms of production, size, insolation, flexibility, controllability,
etc. [1]. In the context of the microgrid design, dc is preferred
to ac due to the majority of the modern electronic equipment,
energy storage/generation systems use the dc power, and they
do not have some of the problems that the ac microgrids face.
As a key technology in the modern power grids [2], [3], the dc
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microgrids also provide a higher level of security and reliability
with lighter congestion over ac. The cascaded dc power convert-
ers, however, are prone to the dc bus voltage distraction or even
instability caused by the constant power load (CPL) feature of
the point-of-load converters [4]-[6].

Up to now, various active nonlinear methodologies have been
developed to alleviate the instability effects of the CPLs by
improving the control law of injecting, such as backstepping
algorithm [7], sliding mode control [8], and nonfragile [9]. The
robust control approaches encounter many difficulties due to
the unmodeled dynamics and nonlinearity features that make
the control design of the dc—dc converters extremely complex
or even beyond the capability of nonlinear control techniques.
Moreover, the model-based techniques designed based on the
linearized model of the dc—dc converters are generally inade-
quate to compensate for the destructive impedance instabilities
imposed by CPLs. To rectify the limitations of the model-based
techniques, the data-driven approaches have drawn a lot of atten-
tion over the past two decades [10], [11]. The main reason for the
popularity of data-driven approaches is that these methods are
designed based on the input—output (I/O) data of the controlled
system and thus the model identification, unknown dynamics,
and mathematical formulation will be disappeared. Among the
most common noniterative data-driven control techniques in-
clude model-independent approaches, such as the active distur-
bance rejection control (ADRC) [12], while the other common
iterative data-driven approaches are the iterative feedback tun-
ing [13], [14], artificial neural network (NN) [15], and deep
reinforcement learning (DRL) [16].

In a scenario with the various types of backup devices and
several CPLs, there is a very urgent demand to monitor energy
consumption and to control the power generation. However,
the conventional dc converters use the point-to-point commu-
nication [17] from each CPL to the power supply, which is
not economical for such configurations of dc microgrids. This
follows a new generation of the dc converters that have the
capability of supporting multiple kinds of backup devices with
many CPLs, which leads to the main essence of the networked
dc converters in the smart grid (SG) area [17], [18]. The Internet
of Things (IoT) [19] is regarded as the key enabling technology
to transform the existing dc converters to smart dc converters.
To enable the remote integration of communication and control
for the fast design and deployment of the networked systems,
various [oT protocols (e.g., message queuing telemetry transport
[20], [21], constrained application protocol (CoAP) [22], [23],
extensible messaging and presence protocol [24], etc.) have
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Fig. 1. Overview of a typical IoT architecture.

emerged as the IoT standards (see Fig. 1). For the networking
support, Tanyingyong et al. [23] implemented the CoAP client
as a communication protocol of the networked dc converter,
since this protocol is specially designed for the elements with
limited resources. Despite the CoAP client used in [23] can
transfer the data below the response time required by the SG
functions, the processing delays of the IoT elements degrade
the IoT-grid outcomes when a sequence of commands execute
on multiple IoT elements. In the presence of the processing
delay, a methodology based on the sending burst commands
and scheduling the outcomes is introduced in [25] for multiple
converters. While the IoT-network infrastructure supports the
transmission of the large amount of information over the vast
geographical regions, it poses new threats to the stability of the
power electronic system control. As the degradation factors are
unavoidable in the real IoT networks, such as time delay, packet
loss, cyber attack, and congestion, these factors affect adversely
the stability of the communication-based power systems if these
degradations are not handled efficiently [25], [26]. Therefore,
it is necessary to provide extra actions for the precise control
commands to ensure high stability and robustness against the
different types of network degradation processes.

Robustness to the network degradations and dynamic un-
certainties makes ADRC a feasible solution for the networked
dc—dc converters feeding CPLs. In the ADRC scheme, first, both
the network degradations and unknown internal dynamics and
even computation inaccuracies are regarded as a total distur-
bance to be estimated by the extended state observer (ESO).
Then, the total disturbance is eliminated by the nonlinear state
error feedback (NLSEF) control law while reducing the plant
to a set of pure integrators. The application of the original
ADRC has been investigated for the cyber-physical systems
[27], but ignoring the network degradations in the controller
design restricts its applicability. To reduce the insensitivity of the
communication-based systems to the network unreliable factors,
some modifications have been proposed to ameliorate the ADRC
performance. For instance, in [28], Han ef al. examined the per-
formance of ADRC on a nonlinear model of a 39-bus benchmark
over the local area network using the real-time simulation. In
[28], the automatic controller is locally installed in each par-
ticipating production component to prevent the communication
delay for the ADRC control signals. To address the effect of the
communication constraints, Yu et al. [29] proposed a nonlinear
sampled-data ESO based ADRC for a communication-based
system. However, in all the methods, it is assumed that the
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shared network is prone to small network degradations. For a
higher level of network degradations, some typical predictive
approaches, such as smith predictor and predictor observer, can
be integrated with the ADRC to estimate the unreliable factors
[30]. However, utilizing these strategies lead to increasing the
design complexity and difficulties in the practical application.

The interaction between the power electronic converters and

communication infrastructures brings new uncertainties to the
stability of the IoT-based dc—dc converters [ 18], [23], [25]. These
vulnerabilities of the power electronic systems become more
severe when the dc—dc converters feed the CPLs. To implement
an efficient control strategy to handle the destabilization prob-
lem of the networked dc—dc converter, this work proposes a
self-adaptive ADRC for the voltage regulation of dc—dc buck
converters in the IoT framework. The procedure of tuning the
nonlinear feedback coefficients is difficult to acquire the ideal
solution and desirable efficiency using the ADRC. To solve the
problem, several strategies, such as heuristic techniques and
fuzzy logic, have been used to design the coefficients embedded
in the nonlinear feedback law [31]. Recently, a deep determinis-
tic policy gradient (DDPG) has become a hotspot in the area of
artificial intelligence and machine learning as a powerful tool
to solve the high dimensional problems [32]-[34]. The core
idea of DDPG is to assess a decision-making specification in
a certain kind of the system by giving a performance index
to learn a set of agents through lots of plant data produced in
the decision-making procedure. The main contributions toward
an adaptive data-driven control design for the regulation of the
IoT-based system, considering the networked degradations, are
summarized as follows.

1) An IoT-based dc—dc power electronic converter with the
CoAP protocol is developed, which provides studying the
CPL’s instability and network degradations, simultane-
ously.

2) A data-driven control scheme based on ADRC is imple-
mented for the complicated IoT-based system, instead of
depending on the more exact knowledge of the controlled
plant.

3) The DDPG algorithm, as an integration of the interactive
training process of reinforcement learning (RL) and deep
learning with the artificial NN, is adopted for the optimal
setting of the ADRC.

4) Simultaneously exploring the effects of the network degra-
dations, such as packet loss and interfering traffic, on the
IoT-based system performance can also be regarded as a
remarkable outcome of this article.

II. MODEL DESCRIPTIONS OF THE DC/DC BUCK CONVERTER

Fig. 2 illustrates the structure of a typical pulsewidth modu-
lation (PWM) type dc—dc buck converter, which contains a dc
input voltage F, a filter capacitor, a filter inductor, a PWM gate
drive regulated switch, a diode D, and a CPL [1], [7].

Following a PWM pattern generated by a hysteresis controller,
the power transistor switches between the cutoff mode and
saturation mode. To explore the large-signal feature of the dc—dc
converter tackling the CPLs, a dependent current generator as
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Fig. 2. Simplified circuit diagram of a dc/dc buck converter feeding CPL.

given as follows is often employed to investigate the behavior
of the load for the various ranges of voltages and frequencies:

P

1)Cp—L(t) V’UCPL (t) > € (1)

icpL (t) =
where icpr, and vepy, represent the instantaneous current and
voltage of the CPL, respectively, P is the rated power, and € has
a small positive value.
Based on the average switching scheme [35], the state-
space averaged form of the buck converter is mathematically
expressed as

d 1rp. o —
dnl B u— x9] )
x - z P
0t % (331 — R g)
Y = Vo 3)

where the average of the inductor current 77, and voltage capaci-
tor vc is represented by x; and x, respectively, the capacitance
and inductance of the buck converter are represented by C
and L, respectively, and u € {0, 1} is the control input. For
simplicity and to express the dynamic model according to the
prevalent control theory, it is assumed the parameters x1 and 2
be constrained in the modeling of CPL. Likewise, the reference
voltage is represented by v, and the voltage tracking error is
represented by e = v, — Vpes-

The control objective for the dc—dc buck converter is to the
capacitor voltage v (or output voltage v,,) track the reference
voltage v.o¢ in the presence of large disturbances. Since the
resistive load has a damping property and CPL reduces the
damping, the worst condition scenario, from the stability point of
view, is that the total load has a pure CPL nature. This motivates
the development of a robust control strategy to stabilize the
voltage outcome against the worst-case instability condition
caused by the CPL.

III. IOT-GRID ARCHITECTURE

As a practical use, a programmable and low-cost networked
dc—dc buck converter is developed, where the IoT technology
is adopted as the networking infrastructure. By adding the
network support to the power electronic converters, the remote
monitoring/control can be realized for the microgrids with the
distributed energy resources [fuel cell, photovoltaic generator
and storage units (e.g., batteries and flywheels)] and local loads
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Fig. 3. Illustration of the IoT grid.
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Fig. 4. Experimental testbed of the IoT-based dc—dc buck converter.

[18], [23]. The general architecture of the IoT grid, which is
made of two functional networks including the physical energy
grid and communication network, is illustrated in Fig. 3 [25].
The physical energy grid is realized by a power distribution
network, which is responsible for the power distribution in the
microgrids. The IoT grid is connected to other grids by the
power gateway, while the communication gateway is utilized
to interconnect the IoT grid to external entities. The distributed
energy resources and loads are used as the smart devices that
can transmit the measured data and control signals to/from the
communication gateway. The grid control unit is made by a
cluster of the dc—dc converters, which maintains the voltage of
the power distribution in a single value while providing various
voltages to the CPLs. The main task of the communication
network is to offer a remote communication for the various
subsystems of the power distribution network, i.e., providing
information transfers between the controllable energy resources
and control part in the physical layer.

As a proof of the concept, an IoT-based dc—dc buck converter
prototype is constructed as illustrated in Fig. 4. In this applica-
tion, the CoAP protocol over IEEE 802.11 (Wi-Fi) with a data
rate of 6 Mb/s is adopted for the data collecting and transmission.
A laptop is implemented as the main Internet gateway. The
control methodology is implemented in a dSPACE MicroLab-
Box with DS1202 Power PC dual-core 2 GHz processor board
and DS1302 I/O board. The real-time simulation is developed
on Windows 10, Core i7, 2.6 GHz, and 8 GB of RAM. The
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real-time interface (RTI) based on the MicroLabBox is adopted
to implement the software models on the dSPACE platform. A
MATLAB C-code generator Simulink Coder is established in
this application to automatically run the Simulink models in the
real time-tested platform. The connection between the model
and dSPACE I/O board can be realized by, directly, dragging
the I/O module from the RTI block library onto the model. In
this setup, the model code is generated by the Simulink Coder,
while the blocks that implement the I/O abilities of the dSSPACE
platform in the Simulink models are provided by RTT.

IV. ADRC ALGORITHM

The objective of this article is to design an adaptive ADRC
control scheme to stabilize the voltage output of the IoT-based
dc—dc buck converter in the presence of the CPLs and network
degradations, such as packet loss and interfering traffic.

ADRC is straightforward to implement and does not need
the complete knowledge of the controlled plant and unmodeled
dynamics but the relative gain by of the controlled plant and
its order p [28], [29], [36]. Therefore, in the ADRC design, the
model of the controlled plant can be formulated as

y® (t) = bou (t) + f () “
where f(-) denotes the lumped unknown dynamics, resulting
from the uncertainties and perturbations.

To ameliorate the tracking performance and prepare smooth
signals for the controller, a transition process is generated by a
tracking differentiator (TD). Considering the term y*(¢) as the
reference signal of the feedback control plant, the conventional
form of TD for a second-order system is given as follows:

211 (t + 1) =211 (t) + hz12 (t) 5)
zZ12 (t + ].) = Z12 (t) + h . fhan (2’11 (t) — y* (t) 5 212 (t) s T h)
(6)

where z11(t) and z12(t) are the outputs of the TD, h is the
sampling period, and r is the variable deciding the track pace.
Likewise, fhan(-) is a time-optimal integrated function, which
is expressed as

E=r-h, §=&-h
Yy =z11 +hzo
VE +8-rlyl

Qo d2t 2o -Ssign (y), [yl > &
22+ 4, |yl <&

apg =

fhan () =

{ —rsign (a), |a| > & o

fr% la] < €.

In the ADRC, both the uncertainties and perturbations in the
controlled plant are considered as the total disturbance, which is
estimated by an ESO. Based on the ESO scheme, a three-order

IEEE TRANSACTIONS ON POWER ELECTRONICS, VOL. 35, NO. 12, DECEMBER 2020

Control

NLSEF (1) Soveem JU0F

25(1)
2 (1)

Fig. 5. Illustration of the (a) actor network and (b) critic network.
ESO is described as
€ =221 Y

Z21 = 202 — Pore
Z99 = 203 — Poafal (e, %, 5) + bou
Zo3 = —Posfal (g, 1,6)
where 251 and 29 denote the state outputs, zo3 denotes the
disturbances estimation offered by the ESO, (o1, Bo2, and So3

are the adjustable coefficients of the ESO, and § is a filtering
factor. The nonlinear function fal(-) is defined as

®)

le[sign (e) , le[ > &

9
e/d17 le| < 6. ©

The ADRC also establishes the NLSEF to combine nonlin-
early the output signals of TD (211, 212) and the estimated states
(221, 222) provided by the ESO. The law control of the NLSEF
is expressed as follows:

€1 = 211 — ?21

(10)

€2 = 212 — 222
up = Blfal (617 a1>6) + BQfa’l (627 0527(5)

where (5 and (35 represent the control gains. With the real-time
estimation of the unknown disturbance by ESO, the disturbance
compensation is obtained by the following control law:

U(t) :uszgg/bo. (11)

According to three modules (TD, ESO, and NLSEF), the
structure of ADRC is depicted in Fig. 5, where w (f) denotes
the external disturbance.

V. ADAPTIVE ADRC BASED ON DDPG
A. Mathematical Model of DDPG

RL aims to discover an optimal policy to an artificial agent
interact with the environment, F, while maximizing the agent’s
reward during a sequence of time steps. For an observable
environment, the interaction process can be expressed by a
Markov decision process under the Markovian specification of
the underlying environment [33].

1) s e S: State space, the finite collection of the states that

can be considered for the given environment.

2) a € A: Action space, the finite collection of the available

actions that the agent can execute leading to a transition
from state s; at time ¢ to state s, attime ¢ + 1.
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3) r e R: Reward, for an undertaken action at each step time.
An immediate feedback is emitted from the environment.

4) P(s'|s, a): Transition probability distribution, the proba-
bility that by performing action a, the state s at time ¢ will
move to the state s’ at time ¢ + 1.

5) m(als): Policy, implies the agent’s behavior that maps
states s; to a probability distribution over the control
actions a;.

To formalize the RL problem, the total discounted reward
from each state is defined as the return G; = ZZO:O fykrt+k,
where 7 € (0, 1) denotes the discount factor. The ultimate goal
is to maximize the expectation of a discount, that is

J = ]Er,;A,siNE,aiN T [Gl] . (12)

For a specific policy m (where m =a;), a state value
function V'™ as given in (13) is defined as a representation of total
discounted reward G for each s € S [considering a deterministic

policy m(s;)]
V7T (s) =B, [Gelsy = s]. (13)

The above-mentioned function can be recursively described
with the Bellman equation as follows:

VT (s) =Ex[re + YV (s¢41) st = 9] .

Similarly, a decomposition of the action-value function can
be defined for the state-value function, which starts from the
return

(14)

Q7 (s,a) = Ex [Gi]sy = s,ar = a] (15)

to the recursive relationship achieved with the Bellman equation

Q7 (s,a) =Ex [re + Q" (8t41, ar41) |se = 5,00 = a].
(16)
From the action-value function, the optimal policy 7* =
arg max Q*(s,a) can be derived, where the Bellman equation

employing Q*can be optimally satisfied.

In the context of the RL algorithms, DDPG is well known
as one successful implementation of NNs to the RL paradigm
and it has proven to perform well to solve continuous problems.
In this algorithm, two deep NNs are designed, i.e., both the
functions Q(s, a;) and u(s;) are approximated by the deep
NNs Q(s;, a¢|09) and pu(s;|0"), respectively, where % and 6*
are the coefficients of the critic and actor networks [32].

The updating of the critic’s coefficients is based on the
stochastic gradient descent technique to minimize a loss function

L(6°) = Esa [(Q (st, a]0°) — ytﬂ (17)

where
ye =71 (56, ar) +7Q (se41, p(se]0") |99) . (18)

The actor’s coefficients §* can be updated according to the
following policy gradient:

Vo JO“ ~ Estwpﬁ [VGH Q (87 a‘aQ) ‘a=u(s\9“)v9“:u (S‘au)}

= Estmpﬁ [Va Q(s’ awg)‘a:us(s)v@“ﬂ (5|9”)]
(19)
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Algorithm 1: The pseudo-code of the DDPG algorithm.

1: Initialize critic Q(s, a|@?) and actor p(s|6*) neural networks with
with weights < and g#

2: Initialize target network Q’and pwith weights 92" « 92, g#' — g+

3: Setup empty replay buffer R

4: for episode =1 to M do h .

5: Begin with a random noise N (x|b) ~ —exp (f b_t) for exploration

6

7

8

Receive initial observation state 1 2be
fort=1to T do
Select actiona, = u(s.|6*) + IV based on current actor policy
and exploration noise

9: Apply action g, to environment and observe next state s, ;
10: Compute reward r; according to disparity between values of
simulated and observed behavior

11: Store following transitions (s, a¢, 1, S¢+1) into replay buffer R
12: Sample random minibatch of N transitions from R
13: Sety; =13 +¥Q'(Siv1, 1 (5:14110#) 162°)

1 2
14: Update critic with the loss: L = —Z_ (yi - 9(s;, ai|99))
15: Update the actor policy using the samf)led policy gradient:

1
Var]* % 5 D Va0(5,a169) ey Vart(s16%)

16: Update the target networks:

02 « 102+ (1 —-1)6¢
O — 1" 4+ (1 —1)oH
17: | end for

18: end for

where p is the discounted distribution and S is a specific policy
to the current policy 7.

As first proven by the deep Q network, a reply buffer and
the target NNs are also adopted to further enhance the effi-
ciency and robustness during the training. Based on the reply
buffer technique, each experience tuple e = (s, at, r¢, St41)
of each time step is saved in a R-sized experience memory
D ={ej, ea,...,er}. In each step of the training process, a
minibatch of the tuples are uniformly sampled from the memory
R. To avoid the instability of the DDPG learning, two additional
NNs Q'(s,a|#?) and 1/ (s|0*), the so-called target networks,
are also adopted for the actor and critic NNs. The weight
coefficients of the target networks 6< and 6*' are softly updated
by < « 702 4 (1 — 7)0< and 6" « 76" + (1 — 7)6* with
7 € (0,1). Besides, an exploration noise A based on Laplace
process N (z]b) ~ %exp(—%) [37]is added to the original ac-
tor actions [i.e., a; = pu(s¢|0") + N for exploration purposes.
The algorithm for the standard DDPG scheme is summarized in
Algorithm 1.

B. DDPG Based on the Coefficient Tuning
Mechanism of the ADRC

The quality of the ADRC control actions highly depends on
the adjustment of its coefficients, which is essentially realized
by practical experiments. Numerous works demonstrate that
the ADRC scheme can be fully designed with the principle of
“separability,” namely to design separately the TD, ESO, and
the feedback control law and integrate it into the full ADRC.

Among them, a1, ag, and § are the invariable coefficient, the
three coefficients of ESO (o1, (o2, and y3) can be calculated
automatically, only the NLSEF gains (1 and (2) need to be
adjusted manually. Due to the presence of the nonlinear function
in the NLSEF, manually tuning the size of the NLSEF gains is
not in favor of the actual performance and temporary variable
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Fig. 6. Illustration of the DDPG adaptive ADRC.

variations. Aiming at boosting the adaptive ability and satisfying
the coefficients setting requirements of the ADRC at different
times, we introduce the DRL to adjust 51 and (35 embedded in
NLSEF online. With the analysis mentioned above, the structure
of the DDPG adaptive ADRC for the IoT-based converter is
depicted in Fig. 6. In the control structure, the DDPG algorithm
is adopted as a parameter tuner to provide the regulatory signals
for the adaptive setting of the NLSEF gains. The coefficients of
the self-adapting ADRC scheme is as follows:

/
Br=p01+ A%k 20)
B2 =f'y+ ABs
where 3] and S} are the pretuning coefficients, and AS; and
Aps are the DDPG controller’s outputs.

In the controller, the optimal policy of the DDPG algorithm
is derived based on solving Bellman’s equation in the actor—
critic architecture. The critic evaluates the quality of the actor
policy control for each immediate reward r;, and according to
the critic data, the actor adjusts the NLSEF gains adaptively.
The objective of the control scheme is to regulate the output
voltage of the concerned converter v, such that v, = v with
sensing the state variables (¢, and v,) and output-voltage error.
The actor and critic NNs (and their corresponding target NNs)
are feedforward NNs with three hidden layers containing 100,
100, and 20 neurons between the input and output layers, as
demonstrated in Fig. 7. The input signals to the actor network
are a vector state of the v, i1, and e and their derivative in time

step t, i.e., st = {vo,iL, €, (%)7 (dé—f), (%)}

The control objective for the dc—dc buck converter is to the
capacitor voltage v (or output voltage v,) track the reference
voltage v,¢r in the presence of large disturbances. Thus, to de-

sign a DDPG-optimized ADRC controller, the reward function

Vo >(’) \ :
i —> (X N

e —(O y ( ;1, sa ()

dv, /dt—) NSNS AN H B S >

1 @ 1
dipde—>O 1\ \ ., e
de /dt—) N ) 7N @) /i
o o

Input layer i Output layer

diy, /dt—)
de/dt—>() |
a, =0 !

SIGNTORCNO

Hidden Layer (ReLU)

(b)

Input layer ' Output layer

Fig. 7. Illustration of the (a) actor network and (b) critic network.

should be chosen concerning this optimization objective, i.e., the
voltage tracking error converges to zero. To achieve this goal, we
calculate the reward function r; based on the sum of the voltage
output errors in each step time, as given in

1

_— 21
(Uo - vref)2 ( )

Ty =

Based on the above-mentioned reward signal r;, the perfor-
mance of the current DDPG control signals {AS;, ABs} is
evaluated. When the system disturbances and network degra-
dations happen, r; will come down with the increase of the
voltage output errors, which will result in update the weight
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TABLE I
HYPERPARAMETERS SETTINGS OF THE DDPG

‘ Hyper Parameter ‘ ‘ Values ‘
\ Discount factor, y i 0.99 |
\ Learning rate, 1 I 0.0005 |
\ Mini-batch size i 32 |
\ Replay buffer size I 20000 |
\ Soft target update, T \ \ 0.01 \

TABLE I
PARAMETERS OF THE BUCK CONVERTER

| Parameter ‘ ‘ Values ‘
| Inductance, L H 1 mH ‘
| Capacitance, C ‘ ‘ 1000 uf ‘
| Converter input voltage, E ‘ ‘ 110V ‘
| DC bus voltage reference, V;..f H 48V ‘

coefficients of the actor and critic NNs. Therefore, two regula-
tory signals {ApB1, Afs} are provided to adaptively decrease
the effects of both physical and network degradations, i.e.,
minimize the error between the reference voltage vyer with
its actual value v,. For instance, the actor network takes s;,
then generates two continuous regulatory signals {AS;, ABs}
by the feedforward computation. The critic network receives
{vo,iL, €, (L), (LL), (%)} and {AB1, ABs}, and the re-
ward signal 7; is simultaneously derived according to (21). The
coefficient weights of the critic network are trained and then
the approximate function Q(s;, a;) is outputted. Therefore, the
coefficient weights of the DDPG networks are trained for obtain-
ing the regulatory signals to adapt the aforesaid disturbances in
the networked dc—dc buck converter. For the implementation of
the suggested adaptive tuner, the hyperparameters of the DDPG
algorithm are furnished in Table I.

Remark 1: The stability of the suggested data-driven control
scheme relies mainly on the original ADRC controller, i.e.,
without applying the adaptive parameter tuner. Meanwhile, the
DDPG tuner provides the regulatory signals such that the DDPG
control actions are small, which are not sufficient to lead to the
instability.

VI. EXPERIMENTAL RESULTS

This section is devoted to present the different experimental
scenarios to validate the data-driven DDPG adaptive ADRC
scheme to control the networked dc—dc buck converter. For
this purpose, an IoT-based system testbed (as shown in Fig. 4)
is built to assess the applicability of the suggested adaptive
data-driven scheme from a real-time perspective. The suggested
scheme is applied to the IoT-based dc—dc buck converter with
the parameters listed in Table II and the experimental outcomes
are compared with model predictive control (MPC) [38] and
ultralocal model method [39].

To investigate how the suggested scheme deals with the
network degradations, we apply the packet loss and interfering
traffic to the shared network (IEEE 802.11). In this application, a
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scenario I (the CPL power changes, dc bus voltage, and inductor current are
shown with blue, red, and green curves, respectively).

binary two-mode switch is used, which determines the expected
packet loss probability. The stochastic factor 8, of the binary
switching is provided by the Bernoulli process [40] with the fol-
lowing definition Pr{6) = 0} = «,,, where 0,¢{0, 1},0;, =0
means the packet dropout has occurred, 6, = 1 indicates there
is no packet dropout, and 0 < ag;, < 1 is the probability of the
packet loss. By applying one interfering node, the random levels
of the congestion are imposed on the shared network to study the
effect of the network congestion. At each period, the interfering
packets are randomly generated and consume (3,,, percent of the
bandwidth.

To provide a good scenario with a great challenge for the
suggested controller, the CPL is assumed to be suddenly varied

350 W fort €0, 0.4)s
150 W fort €[0.4, 0.8) s
550 W fort €[0.8, 1.2) s.

(22)

The dc—dc buck converter is regulated by the PWM gate
drive where the switch drive signal of PWM is produced by
comparing the duty ratio signal with the ramp waveform. For
the implementation of the DDPG algorithm, the neurons of the
hidden layers, which are placed between the input and output
layers, are chosen as 100, 100, 20. The gains of the NLSEF
are adaptively adjusted by the DDPG algorithm with the initial
values of 8] = 3 and 3, = 7. Under the CPL’s power of (22),
the actor and critic networks of the DDPG mechanism with the
setting of Table I are trained over 250 episodes to generate
the regulatory signals {AfB;, Afs}. To assess the improved
performance of the DDPG-tuned ADRC controller and conduct
a fair comparison with state-of-the-art methods, two prevalent
schemes, including MPC [38] and Ultralocal model method [39],
are adopted.

Scenario I: In the first step, the probability of the packet
loss is assumed as oy, = 50% while (v = 0.2 of the network
bandwidth is occupied. The transient responses under the con-
cerning configuration, including the tracking power of the CPL,
the voltage of the dc bus, and the current of the inductor for the
suggested method, MPC, and ultralocal model are illustrated in
Figs. 8-10, respectively.
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In response to the packet loss and network interfering, one can
observe from Fig. 8 that the DDPG adaptive ADRC is robust
against the network degradations, as the CPL power, voltage,
and inductor current of the converter are properly regulated.
In comparison with the MPC and the ultralocal model scheme
(see Figs. 9 and 10), the dynamic outcomes of the IoT-based
buck converter are regulated faster with lesser deviations, which
exhibit a higher level of the reliable operation against the net-
work degradations is yielded by the suggested controller than
the conventional strategies. The reason is that the DDPG tuner
maintains the design parameters of the ADRC controller to the
optimum control point at different times, where the weights
in the actor and critic networks are adjusted for the altered
operating condition.

Scenario II: In this scenario, a higher level of the packet
loss and network interfering are imposed on the communication
network to assess the robustness of the designed controllers in a
more severe condition of network degradations. To do this, the
probability of the packet loss and percentage of the occupied
bandwidth is increased to o, = 0.8% and (1, = 0.5. Figs. 11—
13 depict the system outcomes in the scenario, respectively, for
the suggested adaptive data-driven controller as well as the MPC
and ultralocal model schemes.

Figs. 11-13 reveal how increasing the level of the network
degradations adversely affects the system performance, while
the IoT-based controllers try to suppress the CPL power, voltage,
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(the CPL power changes, dc bus voltage, and inductor current are shown with
blue, red, and green curves, respectively).

and inductor current deviations. By comparing the outcomes of
scenario I with scenario II, it can be observed that the system
outputs get deteriorated. It is also observed despite the MPC and
ultralocal model schemes have the effect of compensating the
steady-state error, their transient dynamic outcomes experience
large overshoot, while a higher level of stability is obtained
by the suggested controller than the other controllers, i.e., a
lower overshoot with the quicker convergence is reached. For
completeness, the critical system control specifications, includ-
ing the maximum output voltage rise/drop of the three control
strategies, are given in Table III.
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TABLE III
PERFORMANCE INDICES OF VARIOUS CONTROLLERS

‘ Scenario I H Scenario IT ‘
| MOVR | MOVD || MOVR | MOVD
| Ultra-Local Method || 10.9584 || 34.8474 || 114371 || 47.9061 |
7.7405 || 269042 || 8.1513 || 32.9058 |

3.6326 || 214834 || 63175 | 24.0719

Controllers

‘ MPC Controller H
‘ Proposed Method H

MOVR: Maximum output voltage raise; MOVD: Maximum output voltage drop.

Ultra-Local

Fig. 14. Robustness analysis against network degradations.

Besides, the robustness of the suggested data-driven method
against the various levels of the network degradations are as-
sessed, where oy, is varied within the range of 50%-90% and
Cpw 1s varied within the range of 0.1-0.5. The values of the
integral time square error corresponding to the various network
degradations are presented in Fig. 14. The experimental out-
comes of Fig. 14 reveal the less sensitivity of DDPG adaptive
ADRC than the state-of-the-art controllers and high efficiency
when the suggested data-driven scheme face to the unreliable
factors applied to the shared network.

VII. DISCUSSION

The IoT technology offers an open platform that supports
the standard protocols and communication interfaces to provide
new applications and services. However, the shared networks in
the ToT-based systems are subjected to various communication
degradations, which can deteriorate the control performance.
The stability of the IoT-based dc power electronic converters
are intensified when the CPLs are connected to the dc bus. In
response to the control challenges of the IoT-based systems, a
DDPG adaptive ADRC approach is developed to stabilize the
voltage term of an IoT-based dc—dc converter with time-varying
CPLs. The main outcomes can be stated as follows.

1) In comparison with the low-order ADRC, which is effec-
tive only against small uncertainties, the suggested method
can ensure the required control features, i.e. stability, in
the presence of the high level of network degradations.

2) In comparison with the high-order ADRC, the suggested
method is remarkably less complex, which is very valuable
from the practical perspective. The reason is that the
high-order ADRC approaches need to compensate for
the network degradations using predictor strategies (e.g.,
smith predictor), thus increasing the design complexity.
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3) In comparison with the model-based methodologies (e.g.,
sliding-mode control and roust nonfragile), the suggested
method does not need to the model identification as it is
developed based on the I/O measurements.

4) In comparison with the ADRC optimized by the heuristic
methodologies (e.g., ant colony optimization), the sug-
gested method can provide optimal performance at whole
cycle periods due to its online learning ability.

VIII. CONCLUSION

In this article, the application of the IoT communication is
investigated as the key instrument for transferring from the
conventional existing grid to the SG. In particular, this article
focused on an IoT-based dc—dc buck converter, which allows
studying the destructive effect of CPLs in the IoT-grid frame-
work. To promote the quality of the control actions by DRL,
this work proposes an adaptive ADRC method for the voltage
regulation of networked dc—dc buck converters feedings CPLs.
In this way, a DDPG algorithm with the actor—critic framework
is employed for the online coefficient setting of the NLSEF at
different times. The actor and critic networks are trained using
a significant number of the networked converter data and then
they can automatically adjust the NLSEF gains for the adaptive
compensation control. From the experimental outcomes, it is
revealed that as compared with the ultralocal model control and
MPC, the suggested method provides a high level of stability for
the IoT-based converter when the system is faced with severe
packet loss and interfering traffic.

As future work, the effect of both time delay and packet loss
on the system can be investigated simultaneously. To ameliorate
the operating efficiency, the predictive schemes can be adapted
to compensate for the network degradation while the control
gains can be optimally designed by DRL.
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