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Abstract—In this article, a new deep learning-based framework
is developed to perform real-time switching of hybrid AC/DC
transmission grids under the effect of dynamic line rating (DLR)
constraint. The proposed deep learning model is designed to
learn the topological patterns of buses/lines according to opera-
tional states, e.g., power injections and line impedances, in order
to obtain the optimal switchings of transmission power grids.
As the load and power generation vary with time, the network
switching depends on both the current and the previous status of
the load and the generation units. Thus, a deep learning-based
time series model that integrates the gated recurrent unit (GRU)
and the long short-term memory (LSTM) models is developed,
which takes advantage of LSTM’s high accuracy and GRU’s high
computational efficiency. The developed learning-based network
switching framework is tested on a modified hybrid AC/DC IEEE
39-bus system, a modified hybrid AC/DC 118-bus test system, and
a modified hybrid AC/DC 300-bus test system. Results show that
the learning-based switching model can achieve both high accu-
racy and computational efficiency, which is suitable for real-time
transmission network switching.

Index Terms—Hybrid AC/DC transmission grids, dynamic
line rating, optimal switching, deep learning, long short-term
memory, gated recurrent unit.

NOMENCLATURE

Sets/Indices

RCS Index of the remote control switch
�D Set of the CDOA control variables
�H Set of the CDOA population
i/�ADG Index/Set of the generation unit in the AC part
i/�DDG Index/Set of the generation unit in the DC part
k/�S Index/Set of switches
nm/�AL Index/Set of AC transmission lines
nm/�DL Index/Set of DC transmission lines
l, n, m/�AN Index/Set of AC transmission node
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l, n, m/�DN Index/Set of DC transmission node
t/�T Index/Set of time
(.)/(.) Indices of minimum and maximum values.

Parameters and Variables

A′ Transmission line projected area
(m2/Linear m)

Ci Generation cost of ith unit
D0 Transmission line diameter
Hc/Zc, Zl Sun altitude/azimuth, transmission line

azimuth
Iit Binary status of ith unit.
IL
nm,t Distribution line current flow at time t

Kf Thermal conductivity at air temperature
mCp Transmission line heat capacity (J/m − c)
NRCS,k Number of switching actions of kth RCS
Nloop, Nbus Network main loops, number of bus
Nbranch Branch number
PG

it /QG
it Active/reactive power of unit i at time t

PD
t /QD

t Active/reactive power demand
PL

nm/QL
nm Active/reactive power flow of line nm

Qse Radiated heat intensity of solar/sky
qc/qr, qs Convection/radiated heat loss, solar heat gain

(W/m)

qcn
nmt Natural convection heat loss of transmission

line nm at time t. (W/m)

R(Tavg) Transmission line AC resistance at tempera-
ture (Tave) (�/m)

R/X/Z Resistance/reactance/impedance
SU/SD Startup/shutdown cost
T Transmission line temperature
Tave Transmission line Average temperature (c)
Ts, Ta Transmission line surface and ambient air

temperature (c)
Vmt Voltage of bus m at time t
Vw Velocity of the wind
�mn,t Auxiliary variable
λRCS Switching cost
θnt Angle of bus n at time t
α Solar absorptivity
ρf Air density
μf Transmission line dynamic viscosity of air

temperature
β, θ Angle between the transmission line and wind

direction, Angle of sun’s rays.
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I. INTRODUCTION

TRANSMISSION networks can be classified into three
main categories based on voltage types: AC, DC, and

hybrid AC/DC. In AC transmission, all loads and distributed
generators (DGs) are connected to the AC buses, while DC
units are linked by AC/DC converters [1]. DC transmission
lines utilize rectifiers to link the AC units to the electric-
ity network, while DC loads are directly connected to the
system [2]. In DC transmission grids, power losses can be
decreased by reducing the power electronic-based interfaces.
Furthermore, DC type power generation units, such as photo-
voltaic and batteries, can be connected to the DC network
to supply DC loads, such as electric vehicle chargers and
LED lights [3]. The benefits associated with both AC and DC
transmission lines can be reflected in an interconnected con-
figuration of transmission networks, known as hybrid AC/DC
transmission grids. In such a configuration, loads and DG units
are connected to their respective buses that can lead to a reduc-
tion in the number of power electronic-based interfaces. This
implies higher efficiency, reliability, and lower operation and
planning costs [4].

The optimal energy management of AC and DC transmis-
sion systems has been widely investigated. For instance, the
optimal scheduling of the DC transmission grid has been
solved in [5], by developing a dynamic piece-wise linear
model. An iterative procedure has been proposed, in which
the linear cuts are adjusted to approximate quadratic losses on
each transmission line, iteratively. The day-ahead energy man-
agement by security-constrained unit commitment (SCUC),
considering high voltage DC transmission line has been inves-
tigated in [6]. Optimal SCUC of DC transmission systems,
considering transmission line outages and load shedding, has
been formulated the problem as a mixed-integer linear pro-
gramming (MILP) model [7]. A robust optimization approach
was developed in [8], for optimal SCUC, considering the AC
transmission network. The use of evolutionary algorithms to
overcome the nonlinearity and non-convexity of the optimal
power flow (OPF) in AC transmission systems was inves-
tigated in [9]. In [10] and [11], OPF for AC transmission
systems was solved by linearizing the nonlinear constraints of
the problem. Energy management of AC transmission systems
considering dynamic line rating (DLR) effects was investi-
gated in [12] by linearizing the AC power flow and DLR
constraints. The effect of DLR on the conventional overhead
transmission lines has been widely investigated in the liter-
ature. However, to the best of the authors’ knowledge, the
DLR constraint has not been investigated for hybrid AC/DC
transmission grids. Since the operation of an AC/DC trans-
mission grid is more complicated than that of a conventional
AC transmission grid, due to power exchanging between the
DC and AC parts, any changes in any parts can significantly
influence the entire network. Thus, the influence of DLR on
the AC power flow can affect both the AC and DC parts. To
this end, considering the DLR constraint in the hybrid AC/DC
transmission grid is more complicated and essential.

Energy management of AC and DC transmission systems
has been widely investigated in the literature, hybrid AC/DC

transmission grids, however, have not been well researched.
This article investigates the optimal energy management of
hybrid AC/DC transmission power grids, by considering DLR
limitation of the overhead transmission lines. DLR can poten-
tially affect the current flow in a conductor, especially in harsh
and extreme weather conditions. To avoid any possible contin-
gency or conductor overloading, as well as decreasing power
losses, transmission switching of the system has been per-
formed. Transmission switching is the process of changing
the topology of the grid via prelocated switches. Transmission
switching can bring significant benefits for the grid, e.g.,
enhanced reliability, load balance, voltage profile, as well as
lower line losses [13], [14], [15]. The main focus of this article
is real-time network switching of hybrid AC/DC transmission
grids. In hybrid AC/DC grids, due to the high level of phys-
ical interconnectivity within the grid, a change in any part of
the system (AC or DC) can affect the entire grid operation.
Hence, compared to the conventional AC or DC grids, trans-
mission switching plays a significant role in hybrid AC/DC
grids energy management.

Hybrid AC/DC transmission switching is nonlinear and
non-convex, due to the DLR and AC power flow nonlinear
constraints. In the literature, heuristic and classic linearization
algorithms have been used to solve this type of problem [3], [4].
It should be noted that solving the OPF problem using machine
learning techniques has been widely investigated in the liter-
ature [16]. For instance, a supervised learning technique was
used in [17] to solve real-time OPF problem. In [18], the OPF
was solved using a machine learning technique, where the main
objective is to predict the real power output of generators. The
prediction of active OPF constraints was investigated in [19]
and [20] to improve the computational efficiency of traditional
physics-based solvers. However, in this research, the deep learn-
ing GRU-LSTM technique is adopted to not only solve the
OPF problem, but also find out the optimal real-time trans-
mission switching of the grids, which can be used under both
normal and extreme conditions [16]. It should be noted that the
power system size and complexity have been growing rapidly
due to the increasing load demand and grid modernization. On
the other hand, the loads and generation units are dispropor-
tionately increasing, which makes the grid more vulnerable to
power outages. Furthermore, grid contingencies, natural disas-
ters, and cyber/physical attacks are highly unpredictable and
costly preventable, which require fast and reliable power flow
analysis and transmission switching. To this end, conventional
techniques may not be able to solve such a complex system with
a reasonable computationally efficiency, especially in extreme
conditions, where a fast and reliable power flow analysis and
transmission switching are needed. To this end, in this article,
unlike conventional methods, machine learning techniques are
developed to provide a real-time transmission switching (in the
order of microseconds). This can save the system from severe
blackout and brownout.

In this article, for the first time, we propose a deep learning-
based algorithm that aims to learn the topological patterns of
buses/lines with their operating features, e.g., power injection
and line impedance, in order to obtain the optimal switchings

Authorized licensed use limited to: Univ of Texas at Dallas. Downloaded on April 22,2021 at 14:52:30 UTC from IEEE Xplore.  Restrictions apply. 



DABBAGHJAMANESH et al.: DEEP LEARNING-BASED REAL-TIME SWITCHING OF HYBRID AC/DC TRANSMISSION NETWORKS 2333

of power grids. The inputs to the proposed deep learning
model consist of the load and generation unit productions,
while the outputs are the switching operations of the power
network. It should be noted that the loads and power genera-
tion units vary with time, thus, the network switching depends
on the current and previous states of the loads and generation
units. A deep learning-based time series model is adopted, and
more specifically, a deep learning of the gated recurrent unit
(GRU) and the long short-term memory (LSTM) models is
developed [21], [22]. The proposed deep learning of LSTM
and GRU aims to take advantage of LSTM’s high accuracy
and GRU’s high computational efficiency. The proposed deep
learning-based algorithm provides twofold benefits: (i) high
speed suitable for real-time implementation; and (ii) high
accuracy. Thus, this technique is faster in comparison with
conventional analytical and heuristic techniques that need to
run the OPF. The proposed deep learning-based framework is
tested on the modified hybrid AC/DC IEEE 39-bus, 118-bus,
and 3008-bus test systems. Results have shown the effective-
ness and merits of the proposed model. Also, in this article, the
LSTM technique is utilized to forecast the hourly output power
of photovoltaics (PVs). However, in this research the proposed
deep learning GRU-LSTM technique is adopted to not only
solve the OPF problem, but also find out the optimal real-
time transmission switching of the grids, which can be used
for both normal and extreme conditions. Overall, compared to
existing studies in the literature, the main contributions of this
article are summarized as follows.

• Apply the DLR constraint in the optimal operation of
hybrid AC/DC transmission systems, along with other
practical constraints. In hybrid AC/DC grids, due to the
physical connectivity within the grid, any changes in the
active or reactive power of the AC part (due to the DLR
constraint) can affect the entire grid operation, including
both AC and DC parts.

• Develop, for the first time, a deep learning model to find
optimal real-time switchings of hybrid AC/DC transmis-
sion grids.

II. DYNAMIC THERMAL LINE RATING LIMITATION OF THE

OVERHEAD TRANSMISSION LINES

Dynamic line rating (DLR) is a practical limitation that
can have a significant impact on the security and ampacity
of the overhead transmission lines [23], [24]. Based on the
IEEE std.738, the ampacity of the overhead transmission lines
depends on the total heat losses and gains of the conductor in
any time interval [25]. To this end, any changes in the conduc-
tor temperature in any time interval can affect the ampacity of
the line as

IL
nmt =

√
√
√
√qc

nmt + qr
nmt − qs

nmt + mCp
(

dTave
dt

)

R(Tave)
(1)

The terms in Eq. (1) are heat losses and gains of the conductor,
which can be calculated as follows.

A. Heat Losses

Heat losses of the conductor include convective and radiated
heat losses [23].

1) Convective Heat Loss: The conductor convective heat
loss is classified as natural convection and forced convection.
For natural convection, the surrounding air cools the line (calm
wind speed).

qcn
nmt = (3.645)ρ0.5

f D0.75
0 (Ts − Ta)

1.25

∀t ∈ �T ,∀nm ∈ �NA (2)

For forced convection, the surrounding air cools the line by a
cylinder of moving air around the line. The forced convection
can be taken into account for both low and high wind speeds
as in (3) and (4), respectively.

qc1
nmt = Kangle

[

(1.01) + (1.35)N0.52
Re Kf (Ts − Ta)

]

∀t ∈ �T ,∀nm ∈ �NA (3)

qc2
nmt = Kangle(0.754)NRe

0.6Kf (Ts − Ta)

∀t ∈ �T ,∀nm ∈ �NA (4)

The Reynolds number NRe and the wind direction Kangle are,
respectively, calculated as

NRe = (D0)
(

ρf
)

(Vw)

μf
(5)

Kangle = (1.194) − cos(β) + (0.194)cos(2β)

+ (0.3)sin(2β) (6)

It should be noted that according to the IEEE std.738, the con-
vection heat loss is the largest value among all of the possible
scenarios (calm, low, and high wind speed). That means

qc
nmt = max

(

qcn
nmt, qc1

nmt, qc2
nmt

)

(7)

2) Radiated Heat Loss: The conductor radiated heat loss
can be calculated as

qr
nmt = (17.8)(D0)(ε)

([

Ts + 273

100

4
]

−
[

Ta − 273

100

4
])

∀t ∈ �T ,∀nm ∈ �NA (8)

where ε is the emissivity of the air.

B. Heat Gain

Heat gains of conductors include the solar and resistive heat
gains [26].

1) Solar Heat Gain: The solar heat energy that can be
gained by the line is known as the rate of solar heat gain,
which can be taken into account as

qs
nmt = (α)(Qse)sin(θ)A′ ∀t ∈ �T ,∀nm ∈ �NA (9)

where

θ = arccos[cos(Hc) × cos(Zc − Zl)]. (10)
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2) Resistive Heat Gain: Due to the resistive nature of lines,
flowing the current to the transmission line can potentially
heat up the line, which is known as resistive heat gain. This
depends on the current and the resistance of the line. Based
on the above explanations, the line average temperature can
be obtained as:

�Tnmt = �t

mCp

[
(

IL
nmt

)2
Rnmt + qs

nmt − qc
nmt − qr

nmt

]

∀t ∈ �T ,∀nm ∈ �NA (11)

where �t is the time step discretization of the heat balance
equation. It should be noted that the DLR constraint can affect
the active and reactive power of the AC power flow. However,
in the hybrid AC/DC configuration, any changes in any sub-
systems (either AC or DC parts) can potentially affect the
entire system. That means, changes in the AC power flow
can affect the DC power flow and vis versa, since the entire
network is physically connected.

III. FORMULATION FOR SWITCHING OF HYBRID AC/DC
TRANSMISSION SYSTEM

The objective and constraints of the optimal operation and
switching of the hybrid AC/DC transmission grid can be
defined as follows [27]–[29].

A. Objective Function

The objective is to minimize the total operation cost of the
entire grid as in (12).

min
∑

i∈�DG

∑

t∈�T

[

CiP
G
it + SUit + SDit

]

(12)

where the first term of (12) is the operation cost, and the
second term of (12) is the switching cost of the entire grid.

B. Constraints

The proposed optimization problem must satisfy constraints
for both AC and DC parts, as follows:

1) AC Constraints: Equations (13)-(16) represent the power
balance constraints on the AC part. Equations (13) and (14)
ensure the active and reactive power balance at each AC
bus, respectively, while (15) and (16) employ the Kirchhoff’s
Voltage Law (KVL) to the AC transmission lines, as shown
in Fig. 1. The auxiliary variable �nm,t in (15) can be zero, if
line mn is switched ON at time t. Otherwise, it can be positive
or negative, which is related to the voltage difference between
the sending and receiving ends of the line mn. Active and
reactive power of each generation unit should be within lim-
its, as expressed in (17) and (18), while the voltage and angle
of each bus should be constrained as (19) and (20), respec-
tively. The number of transmission switchings per day should
be lower than a maximum permissible number, as explained
in (21). Finally, the DLR constraints are expressed in (22)
and (23). These constraints ensure that the temperature of the
lines at any time is lower than the maximum permissible tem-
perature. It is worth noting that the DLR constraint depends
on both active and reactive power. Hence, the DLR constraint

Fig. 1. Illustration of AC power balance.

has been applied to the AC part. However, since both AC and
DC parts are connected and exchanging power in the hybrid
AC/DC configuration, the DLR has indirect impact on the DC
part as well.
∑

lm∈�L

[

PL
lm,t − Rlm

(

IL
lm,t

)2
]

−
∑

nm∈�L

PL
nm,t

+ PG
imt = PD

mt ∀i ∈ �DG,∀t ∈ �T (13)
∑

lm∈�L

[

QL
lm,t − Xlm

(

IL
lm,t

)2
]

−
∑

nm∈�L

QL
nm,t

+ QG
imt = QD

mt ∀i ∈ �DG,∀t ∈ �T (14)

(Vmt)
2 − (Vnt)

2 = 2
(

RnmPL
nmt + XnmQL

nmt

)

− (Znm)2(IL
nmt

)2 + �Vnmt

∀nm ∈ �L,∀n, m ∈ �N,∀t ∈ �T (15)

(Vmt)
2(IL

nmt

)2 = (

PL
nmt

)2 + (

QL
nmt

)2

∀nm ∈ �L,∀m ∈ �N,∀t ∈ �T (16)

PG
i Iit ≤ PG

it ≤ PG
i Iit ∀i ∈ �DG,∀t ∈ �T (17)

QG
i Iit ≤ QG

it ≤ QG
i Iit ∀i ∈ �DG,∀t ∈ �T (18)

Vn ≤ Vnt ≤ Vn ∀n ∈ �N,∀t ∈ �T (19)

−π ≤ θnt ≤ π ∀n ∈ �N,∀t ∈ �T (20)

NRCS,k,t ≤ NRCS ∀k ∈ �S,∀t ∈ �T (21)

PL
nmt

(

Tnm(t+1) − Tnmt
)

=
[
(

IL
nmt

)2
Rnmt + qs

nmt − qc
nmt − qr

nmt

]

; ∀t ∈ �T ,∀nm ∈ �NA

(22)

Tnmt ≤ Tmax ∀t ∈ �T ,∀nm ∈ �NA. (23)

2) DC Constraints: Equations (24)-(32) present the DC
network constraints. (24)-(28) represent generation unit con-
straints, like active powers of the generation units within limits
by (24) and ramp up and down rates constrained as in (25)
and (26), respectively. Accordingly, the minimum up and down
time constraints of the generation units are presented in (27)
and (28), respectively. DC network constraints are further set
in (29-32), like power flow of DC transmission lines (29),
nodal DC power balance (30), power flow limits of the DC
transmission lines (31). Constraint (32) imposes the phase
angle operational limits. Line flow limits are ensured by con-
straint (31), where Fnmt = −Fnmt, and similarly, θmt = −θmt.
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Also, constraint (33) provides the reference angle at any time.

IitP
G
i ≤ PG

it ≤ IitPG
i ∀t ∈ �T ,∀i ∈ �DG (24)

PG
i,t − PG

i,(t−1) ≤ RUi ∀t ∈ �T ,∀i ∈ �DG (25)

PG
i,(t−1) − PG

i,t ≤ RDi ∀t ∈ �T ,∀i ∈ �DG (26)

Ton
i,t ≥ UTi

(

Iit − Ii,(t−1)

) ∀t ∈ �T ,∀i ∈ �DG (27)

Toff
i,t ≥ DTi

(

Ii(t−1) − Ii,t
) ∀t ∈ �T ,∀i ∈ �DG (28)

Fnmt = θmt − θnt

Xnm
∀n, m ∈ �N (29)

∑

Fnmt +
∑

PG
it +

∑

PG
kt = PD

mt − Lsh
mt

∀n, m ∈ �N,∀i ∈ �DG,∀k ∈ �DGM (30)

Fnmt ≤ Fnmt ≤ Fnmt ∀t ∈ �T ,∀nm ∈ �N (31)

θmt ≤ θmt ≤ θmt ∀t ∈ �T ,∀m ∈ �N (32)

θref ,t = 0 ∀t ∈ �T (33)

Based on the mathematical formulations, the DLR is a ther-
mal practical limitation that can affect both active and reactive
power; that means it has an effect on the AC power flow.
However, since the network is physically connected in the
hybrid grids, a change in the AC part can affect the active
power of the DC part.

To obtain the required training data, i.e., load and power
generation, one-year load curves have been selected based
on the real data from the California Independent System
Operator (CAISO) [30] and the Electric Reliability Council
of Texas [31] in year 2016, and used in the modified hybrid
AC/DC IEEE 39-bus, 118-bus test, and 300-bust systems.
It is worth noting that a heuristic technique, known as
the collective decision optimization algorithm (CDOA), is
adopted to solve the proposed nonlinear OPF problem. More
information regarding the CDOA algorithm can be referred to
Reference [23].

IV. DEEP LEARNING MODEL FOR TRANSMISSION

NETWORK SWITCHING

Different time-series learning-based techniques (e.g., recur-
rent neural networks, gated recurrent units, and long short-term
memory, etc.) have been used in the literature for power system
problems [17], [18]. However, using deep learning techniques
for the switchings of the transmission systems has not been
investigated in the literature. The main contribution of the
proposed technique is to implement the switchings of the trans-
mission system in real time by using deep learning techniques
(i.e., gated recurrent units and long short-term memory). In
conventional heuristic or mathematical techniques, the optimal
switchings of transmission lines can be obtained after running
the optimal power flow, which is a time-consuming process
based on the number of buses and the complexity of the
system. The proposed deep learning technique does not need
to run the OPF in each hour to find the optimal switching
transitions of the transmission system. Instead, the proposed
technique finds the optimal switchings based on the load and
generation units of the system, which leads to the real-time
implementation of the OPF in transmission systems. Other
machine learning techniques can also be used to obtain the

Fig. 2. The LSTM block diagram.

switchings of the transmission systems. However, due to the
nature of the transmission switchings (time-dependence) of
power systems, in this article, advanced time series machine
learning techniques (i.e., LSTM and GRU) are employed for
the real-time transmission switchings.

In this study, a new deep-learning technique is developed
for obtaining the optimal switchings of the hybrid AC/DC
transmission grids in real-time operation. Since the load
and generation units vary with the time, network switching
depends on both the current and previous status of the load and
generation units. A deep learning-based time series model that
integrates GRU and LSTM is developed, which takes advan-
tage of LSTM′s high accuracy and GRU′s high computational
efficiency.

A. Long Short-Term Memory Units

Long short-term memory (LSTM) was first introduced by
Hochreiter and Schmidhuber in 1997 [22]. The main advantage
of LSTM is that in long-term it avoids dependency on the
data. Fig. 2 shows the block diagram of the LSTM unit. In
this figure, there are three gates (input gate (it), forget gate
(ft) and output gate (ot)) to control the flow of data from each
unit. As shown in Fig. 2, the forget gate is obtained based on
the following equation.

ft = σ
(

Wf
[

ht−1, xt
] + bf

)

(34)

where σ is a smooth and differentiable function like sigmoid.
Wf and bf are the constants for weight and bias of the forget
gate, respectively. xt is the current input data to the cell and
ht−1 is the output data of the previous cell in (34). The input
gate of the LSTM unit is controlled by the following equation.

it = σ
(

Wi
[

ht−1, xt
] + bi

)

(35)

where Wi and bi are the weight and the bias of the input gate,
respectively. The new candidate value C̃t in Fig. 2 can be
obtained by:

C̃t = tanh
(

WC
[

ht−1, xt
] + bC

)

(36)

where WC and bC are the constants for the weight and the
bias of the candidate layer, respectively. The future cell state
Ct is obtained as shown below.

Ct = ft × Ct−1 + it × C̃t (37)
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Fig. 3. The GRU block diagram.

Equation (37) determines the amount of data to be forgotten.
Then the output gate of the LSTM unit is updated as shown
below.

ot = σ
(

Wo
[

ht−1, xt
] + bo

)

(38)

where Wo and bo are the constants for the weight and the bias
of the output layer, respectively. The output of the cell ht is
obtained by the following equation as shown in Fig. 2.

ht = ot × tanh(ct) (39)

B. Gated Recurrent Units

Chung et al. [21] proposed the gated recurrent unit (GRU) in
2014 to improve the performance of LSTM. The information
flow in GRU is also controlled by different gates from input to
output. The main block diagram of GRU is shown in Fig. 3.

ht = (1 − zt)ht−1 + zth̃t (40)

where zt is an update gate that obtains the updates of each
unit with its content or activation. This gate is updated by the
following equation as shown in Fig. 3.

zt = σ(Uzht−1 + Wzxt + bz) (41)

where σ is a differentiable and smooth activation function, Uz,
Wz and bz are the previous activation constant, input constant,
and the bias of the update gate (z), respectively. The candidate
activation in Fig. 3 and Eq. (40) can also be updated as:

h̃t = tanh
(

U
(

rt

⊙

ht−1

)

Wxt (42)

where
⊙

is an element-wise multiplication. Moreover, rt is
the reset gate that is calculated as shown below.

rt = σ(Urht−1 + Wrxt + br) (43)

In this article, the deep learning of GRU and LSTM
is developed to solve the transmission network switching
problem. As shown in Fig. 4, the hidden layers of the
proposed model consists of both GRU and LSTM, in order
to take advantage of both methods, which are high speed and
accuracy.

It is worth noting that the inputs of the proposed deep-
learning model are the load and generation unit powers, while
the outputs of the proposed deep-learning model are the
switching numbers of the hybrid AC/DC transmission network.

Fig. 4. Block diagram of the proposed deep learning GRU-LSTM.

TABLE I
THE HYPER-PARAMETERS OF THE PROPOSED TECHNIQUE

V. SIMULATION RESULTS

In this section, results for optimal switchings of modified
hybrid AC/DC IEEE 39-bus, IEEE 118-bus, IEEE 300-bus
are provided to show the effectiveness and merits of the
proposed deep learning-based transmission network switching
framework.

A pre-processing technique (scaling) is used for the learn-
ing techniques to normalize the input and output data between
0 and 1. Furthermore, the computer used for model train-
ing has a CPU with Intel Core i5-8250U and 1.6GHz, and
8GB RAM. The information of model training is shown in
Table III, including the test system, machine learning tech-
nique, training time (with 1,500 epochs and a batch size of
300), and validation accuracy. The hyper-parameters of the
ADAM optimizer have been summarized in Table I. It should
be noted that the default values in the Keras library [32] are
adopted for the ADAM optimizer. The ANN and RNN tech-
niques are selected as benchmark models to compare with the
proposed deep learning techniques, and comparison results as
summarized in Table II. In the proposed technique, two hid-
den layers are used for all learning techniques in Table II.
In each hidden layer, 100 nodes are used. Furthermore, the
ADAM optimizer technique is used to train all deep learn-
ing techniques in Table II. Also, the proposed technique uses
the optimal power flow to obtain the switching status for
model training. The information of model training is shown
in Table II, including the test system, machine learning tech-
nique, training time (with 1,500 epochs and a batch size of
300), and validation accuracy. Furthermore, the ratio of val-
idation/training data is 1/4. In this table, the training data of
each technique for different IEEE standard systems are shown.
The accuracy of the training of the three deep learning tech-
niques for the three IEEE standards are compared in Table II.
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Fig. 5. MSE of the deep learning technique for test systems. (a) LSTM with 39-bus, (b) GRU with 39-bus, (c) the proposed deep learning technique with
39-bus, (d) LSTM with 118-bus, (e) GRU with 118-bus, (f) the proposed deep learning technique with 118-bus (g) LSTM with 300-bus, (h) GRU with
300-bus, (i) the proposed deep learning technique with 300-bus.

Furthermore, the mean square errors (MSE) of the training of
the three deep learning techniques also are shown in Fig. 5.
In the proposed technique, a round function is used to find
integer numbers for the switchings of the transmission system
in the proposed deep learning technique.

A. Modified Hybrid IEEE 39-Bus Test System

In this subsection, the proposed deep learning-based trans-
mission network switching technique is utilized to solve the
modified IEEE 39-bus test system. Fig. 6 shows a single line
diagram of the modified IEEE 39-bus test system, which is
equipped with two bidirectional AC/DC converters (i.e., main
and backup converters) that coordinate the power flow between
the AC and DC parts. The system includes one fuel cell (FC),
two microturbines (MTs), and five tie switches. It should be
noted that the characteristics of the transmission tie switching
lines are same as the closes line, based on IEEE networks stan-
dards in MATPOWER [33]. It also contains one photovoltaic
(PV) and two WTs as non-dispatchable generation units.

Figs. 7 and 8 depict the hourly forecasted values of the wind
and solar power, respectively. It should be noted that PV and
WTs power is forecasted by the LSTM model, which has been
widely used for renewable power forecasting due to its high
accuracy [34], [35]. Table II lists the root mean square error
(RMSE), mean square error (MSE), and mean absolute error
(MAE) of the LSTM forecasts.

Fig. 9 shows the optimal switchings of the hybrid network,
obtained by the conventional optimization-based technique
(CT) and the proposed deep learning-based technique (PT).
It is seen that the optimal switching obtained by the proposed

TABLE II
TIME DURATION OF THE TRAINING OF THE PROPOSED TECHNIQUE FOR

TWO SCENARIOS OF SIMULATIONS

TABLE III
RMSE, MSE, AND MAE OF LSTM FORECASTING MODELS

technique is similar to those of the conventional one with a
very small difference. Specifically, in the first hour, switch-
ing numbers S1 and S4 are different, while in the last hour
there is no difference. The optimal output power of the FC
and MTs for both CT and PT is shown in Fig. 10. It is seen
that there exists a difference between the two techniques. For
instance, at hour 12, the FC is committed with its maximum
capacity in the conventional method, while the FC unit is OFF
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Fig. 6. Modified hybrid AC/DC IEEE 39-bus test system.

Fig. 7. Hourly solar power forecasts.

Fig. 8. Hourly wind power forecasts.

Fig. 9. IEEE 39-bus optimal switchings from both the conventional
optimization-based technique (CT) and the proposed deep learning-based
technique (PT).

in the deep-learning based method. Despite some differences
in the output power of the generation units, the total opera-
tion cost of the conventional and proposed techniques is very
similar, $130,060.6 and $131,182.6, respectively. It is worth
noting that the learning-based cost is obtained by applying the
learning-based switching result into the conventional method
and run the OPF.

Fig. 10. IEEE 39-bus output power of the FC, MT1, and MT2 from both
CT (left-hand side) and PT (right-hand side).

Fig. 11. IEEE 39-bus voltages by using the proposed deep learning-based
technique.

Fig. 12. Modified hybrid IEEE 118-bus test system.

Fig. 11 depicts the per unit (pu) voltage magnitudes at all
buses for the entire horizon, obtained by the proposed learning-
based technique. It is shown that all voltages are within limits,
which proves the good performance of the deep learning-based
transmission network switching.

B. Modified Hybrid IEEE 118-Bus Test System

The proposed method is also tested on a modified hybrid
IEEE 118-bus test system. Fig. 12 shows the single line dia-
gram of the test network, which contains three FCs and five
PVs in the DC part, and three WTs and five MTs in the AC
part. The PVs and WTs have the same production patterns, as
in Figs. 7 and 8. Similarly, two bidirectional AC/DC converters
(i.e., main and backup) are considered to coordinate the power
flow between AC and DC parts. Similar to the previous case,
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Fig. 13. IEEE 118-bus optimal switchings from both the conventional and
the deep learning techniques.

Fig. 14. IEEE 118-bus output power of the FC1, MT1, and MT2 for both
the conventional technique (left-hand side) and the deep learning technique
(right-hand side).

the AC part is under the effect of the DLR constraint to have
a more realistic model. The 118-bus network includes ten tie
switches (five in each part), which are initially open. It should
be noted that IEEE 39 bus test system transmission lines have
the same ambient conditions and temperature. However, at the
transmission level, different weather conditions are considered
for the IEEE 118 bus test system to provide a more realistic
model, which is taken from [24].

Fig. 13 depicts the optimal switchings obtained by con-
ventional and proposed techniques. As shown, the optimal
switchings of the proposed deep-learning method are very
close to those of the conventional technique. Although these
small changes can affect the output power of some DGs, the
total operation cost of the proposed technique is very similar
to that of the conventional technique.

Fig. 14 shows the output power of MT1, MT2, and FC1
obtained by each technique. The total operation costs are
$44,458.6 and $44,778.7, respectively. Fig. 15 shows the bus
voltage magnitudes for the entire horizon. Same as in the IEEE
39-bus case, the bus voltages are within limits, which also
validates the high performance of the proposed technique for
large-scale grids.

Table IV shows the convergence speed of the conventional
and the proposed deep learning-based techniques for the test
systems, which shows the high computational efficiency of the
proposed learning-based technique (in order of microseconds).

C. Modified Hybrid IEEE 300-Bus Test System

The proposed technique is also tested for the IEEE 300-bus
system as shown in Fig. 16. The network includes 69 gen-
erators, 60 LTCs, 304 transmission lines, and 195 loads. For

Fig. 15. IEEE 118-bus voltages by using the proposed deep learning-based
technique.

TABLE IV
CONVERGENCE SPEED OF BOTH CONVENTIONAL OPTIMIZATION-BASED

AND DEEP LEARNING-BASED METHODS

Fig. 16. Modified hybrid IEEE 300-bus test system.

the IEEE 300-bus system, 20 tie switches are used in this
article to switch the hybrid transmission grid. Figs. 5(g), (h),
and (i) show the MSE of the LSTM, GRU, and proposed deep
learning techniques. Fig. 17 shows the optimal switching of the
hybrid AC/DC IEEE 300-bus test system for both the conven-
tional and learning-based techniques. Similar to the previous
cases, there exist small difference between the optimal switch-
ings of the conventional and proposed techniques. However,
the total operation costs of these techniques are close (see
Table V). Fig. 18 depicts the per unit (pu) voltage magnitudes
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Fig. 17. IEEE 300-bus optimal switchings from both the conventional (solid
lines) and the deep learning techniques (dashed lines).

Fig. 18. IEEE 300-bus voltages by using the proposed deep learning-based
technique.

at all buses for the entire horizon, obtained by the proposed
learning-based technique. It is shown that all voltages are
within limits, which proves the high performance of the deep
learning-based method for large-scale transmission network
switching.

Table V compares the total operation costs of the test
networks with and without the DLR constraint. It is observed
that considering DLR as an independent constraint impacts
the operation costs of the proposed problem. For instance,
by considering DLR, the total operation costs of the IEEE
39 and IEEE 118 bus test systems are increased by approxi-
mately 3% and 5%, respectively. This is the cost that should be
paid to operate the transmission grids in a more realistic envi-
ronment, thereby enhancing the security and reliability of the
network.

In this article, simulation results of the switchings of the
transmission systems during steady state conditions are shown.
The transient and dynamic conditions of the transmission
systems are also important, which will be studied in future
work. Also, it should be noted that the AC/DC converter
control plays a significant role in the energy management
of hybrid AC/DC grids. However, in this study, we assume
that the converter controller has been tuned perfectly [3],
and only the power limits constraints are considered. The
influence of the bidirectional AC/DC converter control on
the performance of the hybrid AC/DC transmission system
will be investigated in potential future work. Moreover, it
is worth noting that the main focus of this research is
transmission switching, neglecting the distribution system

TABLE V
TOTAL OPERATION COST

Fig. 19. Power losses of both conventional and proposed techniques.

integration [24], [36]. Potential future work will explore
the integration of transmission switching and distribution
reconfiguration.

Fig. 19 depicts the hourly power losses of IEEE 39, 118
and 300 bus test systems with both the conventional and
proposed techniques. Although there exist differences in both
the power output of generation units and transmission switch-
ing, the power losses of both the conventional and proposed
techniques are close, which proves the effectiveness and merit
of the proposed technique.

VI. CONCLUSION

This article developed an offline learning-based transmis-
sion network switching technique by using a deep learning
model of long short-term memory and gated recurrent unit.
Optimal switchings of the transmission hybrid AC/DC power
grids are obtained by the deep learning-based method, con-
sidering the overhead dynamic line rating constraint. The
proposed technique was applied to a medium (hybrid IEEE 39-
bus) scale power grid, as well as two large scale power grids
(hybrid IEEE 118-bus and hybrid IEEE 300-bus). Compared to
conventional optimization-based techniques, the deep-learning
technique for network switching has two advantages: (i) it
allows real-time application (i.e., high computational effi-
ciency) of the proposed technique along with more flexibility
and extendibility, and (ii) it provides highly accurate results
comparable to conventional methods. Although the optimal
switchings and the output power of DGs obtained by the two
methods are not exactly matched, the total operation cost of
the proposed learning-based method is very close to that of the
conventional optimization-based technique (i.e., less than 1%
difference).
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