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Abstract—The frequent occurrence of extreme weather events
due to global warming, has led to a significant increase in
operating uncertainty and significantly reduced the system’s
resilience. To deal with high-impact, low-probability (HILP)
extreme weather events, more sophisticated control strategies and
smarter methods are required to enhance the resilience of the
system. In this paper, a data-driven deep reinforcement learning
(DRL) framework is proposed to integrate different strategies
and system situational awareness to enhance grid resilience.
Specifically, the resilience enhancement problem is formulated
as a Markov decision process (MDP), taking into account the
situation awareness and controllability improvement of modern
power systems. Next, the probabilistic effects of extreme weather
events on renewable energy and transmission lines are studied
and leveraged in the proposed DRL framework to improve the
performance of extreme weather forecasts and estimation. Then,
to speed up the training process of DRL, this paper adopts
imitation learning and develops a safe topology search algorithm.
Finally, an improved Soft Actor Critic (SAC) algorithm is
proposed for continuous learning and training. The proposed
method is tested on a modified CIGRE 15-bus medium-voltage
distribution network, and the results verify the effectiveness of
the proposed model and method.

Index Terms—Deep reinforcement learning, distribution
networks, extreme weather events, resilience enhancement, Soft
Actor-Critic.

I. INTRODUCTION

THE frequent occurrence of extreme weather events due
to global warming has led to a significant increase in

operating uncertainty and significantly reduced the system
security [1]. Power system resilience refers to the ability of
power grids to adapt to and recover quickly from disaster
scenarios [2]. Therefore, it is vital to develop appropriate
countermeasures to enhance grid resilience.

As an HILP event, extreme weather is considered to be one
of the major threats to the security of power systems [3]. It
has been observed that the grid modernization efforts in the
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power industry have the potential to enhance grid resilience.
In recent years, many grid modernization efforts have been
made to improve the situation awareness and controllability of
distribution networks. Considering the high impact of weather-
related transmission permanent outages on the frequency,
duration, and severity of power supply interruption and the
grid modernization improvement of distribution networks, this
paper focuses on the resilience enhancement of distribution
networks under extreme weather events.

A great deal of research has been conducted to assess and
enhance the power system resilience. In [4], the resilience
response is divided into four stages, including the disaster fore-
cast and estimation, the preventive response, the emergency re-
sponse, and the resilience restoration. In [5], a novel two-stage
mixed-integer optimization model is proposed to integrate
preventive and emergency responses to enhance power system
resilience. In [6], a novel mixed-integer linear programming
model is proposed for multi-time step restoration response.
Among different stages, different strategies and equipment can
be used to enhance power system resilience, such as topology
switching [5], generator re-dispatching or unit commitment
[7], microgrids formation [8], [9], load shedding or demand
response [10]. In [11], [12], an integrated optimization model
is formulated to route and dispatch the repair crews and
mobile power sources (MPSs) for resilience enhancement. In
[13], [14], the operation and control of individual and net-
worked microgrids are studied for grid resilience enhancement.
However, the above resilience enhancement methods are all
model-based, which requires precise component parameters
for system modeling and some relaxed constraints for solving
the optimization problem. Such limitations lead to model-
based resilience enhancement methods lacking the flexibility
to utilize scalable resources to enhance grid resilience, and
make them unsuitable for large-scale grids.

With excellent performance in problem formulation and
optimization solving, DRL-based methods have attracted the
attention of scholars in resilience enhancement. In [15], a
DRL-based multi-agent framework is proposed to enhance
power system resilience using shunt resources. In [16], a DRL
based framework is proposed to reschedule distributed genera-
tors for resilience enhancement. In [17], a DRL-based method
is proposed to construct resilient distribution networks using
microgrid formation. In [18], the multi-microgrid formation is
used to establish a DRL-based resilience enhancement model.
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However, these DRL-based resilience enhancement models
do not comprehensively utilize various resilience response
strategies and pay little attention to the probabilistic hazard
characteristics of extreme weather events.

A new DRL-based resilience enhancement framework con-
sidering the probabilistic hazard characteristics of extreme
weather events is proposed in this paper. The main contri-
butions can be summarized as follows:

• The situation awareness and controllability of modern
power systems are well modeled, and a DRL-based re-
silience enhancement framework is proposed to integrate
different strategies and system situational awareness.

• The probabilistic effects of extreme weather events on
renewable energy and transmission lines are studied and
leveraged in the proposed DRL framework to improve the
performance of extreme weather forecasts and estimation.

• Imitation learning is adopted and a safe topology search
algorithm is developed to speed up the training process
of DRL.

• An improved SAC algorithm is proposed for continuous
learning and training.

The rest of this paper is structured as follows. Section II
briefly models the power system resilience enhancement prob-
lem. The DRL-based resilience enhancement model is estab-
lished in Section III. Case studies are presented in Section IV.
Section V concludes this paper.

II. PROBLEM FORMULATION

A. Power System Resilience Enhancement Framework

Power system resilience refers to the ability of power
systems to adapt to disaster events and recover quickly from
blackout state caused by disaster events. Based on the defini-
tion of resilience, the resilience enhancement framework under
extreme weather events can be divided into five parts, as de-
picted in Fig. 1. The five resilience enhancement strategies are

extreme weather forecast and estimation, resilience planning,
preventive response, emergency response, and restoration re-
sponse, respectively. Considering that the resilience planning,
which includes hardening programs, vegetation management,
and deploying sensors and switches, is a long-term hardware
infrastructure resilience enhancement strategy, this paper will
focus on the other short-term operation and control strategies.
The resilience response strategies can be defined as:

(EW,FP, P ) = fEF (M,OS)

(TS,GR,ESR,MPSD) = fPR(FP, P,OS)

if EW = 1

(TS,LS,GR) = fER(FP, P,OS)

if DW = 1

(TS,GR,CLPU,MPSD) = fRR(FP, P,OS)

if BW = 1

(1)

where EW,FP, P are the early warning status (1 for warning
and 0 for security), the transmission line failure probability
vector, and the predicted output vector for renewable energy;
M,OS are the meteorological data and the operating state of
power system; fEF (·) represents the extreme weather forecast
and estimation function; TS, GR, ESR, MPSD, LS, CLPU
are the topology switching, the generation re-dispatch, the
energy storage re-dispatch, the mobile power source dispatch,
the load shedding, and the cold load pickup, respectively;
DW,BW are the disaster warning and blackout warning (1 for
warning and 0 for security); fPR, fER, fRR are the preventive
response, emergency response, and restoration response func-
tion, respectively. The specific variable definitions and function
implementation are given in the subsequent sections.

B. Situation Awareness and Controllability Improvement for
Modern Power Systems

To ensure the security of power systems, many grid modern-
ization efforts have been made. The grid modernization efforts,
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Fig. 1. Timeline of resilience enhancement framework under extreme events.
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such as situation awareness and controllability improvement,
provide the infrastructure to construct a smart grid and utiliz-
ing the AI technology to enhance the power system resilience.
1) Situational Awareness

The widely deployed smart meters have enabled the system
operator to detect the real-time operating state of power
systems. Smart meters and corresponding data acquirement
systems can provide multi-source heterogeneous data such
as power system data, geographical data, and weather data.
Based on the situational awareness ability of power systems,
the operating state OS can be described as:

OS = {V ,PG,QG,PL,QL,Topo,ρ} (2)

where V is the bus voltage vector, PG is the generator active
power vector, QG is the generator reactive power vector, PL

is the load active power vector, QL is the load reactive power
vector, Topo is the topological representation of the power
system, ρ is the loading rate vector for transmission lines and
transformers. The meteorological data M contains the real-
time and forecast data.
2) Grid Controllability

The development of a distribution automation system has
enhanced the controllability of power systems. This paper is
devoted to the comprehensive use of topology switching, load
shedding, generator scheduling, energy storage scheduling,
mobile power source scheduling, CLPU and other automated
means to control the distribution networks and enhance the
grid resilience.

In the rest of this paper, the bus index set is denoted by
B = {b1, b2, · · · , bN}; the mobile power source station set
is denoted by MPSS = {MPSS1,MPSS2, · · · ,MPSSM},
where MEGk

m is the k-th truck-mounted mobile emergency
generator of MPSSm; the power output at time t and maxi-
mum power output of MEGk

m are denoted by MPt
m,k, M̃P

t

m,k;
the distance between location i and j is denoted by Di,j ; the
average velocity of MEGk

m is denoted by v; the current load
demand for d-th load is denoted by P d

L; the power output
and maximum power output of h-th generator are denoted by
Ph
G, P̄

h
G; the ramp rate for h-th generator is denoted by Rh.

For topology switching, in addition to switching the on/off
of the transmission line, the topology of substation can also
be changed by adjusting the state of isolating switches. This
paper utilizes the IEEE 6-bus grid as depicted in Fig. 2(a) to
explain topology of the switching. As depicted in Fig. 3, the
topology adjustment from Fig. 2(a) to Fig. 2(b) can be realized
by switching bus1 to bus2 of the corresponding elements in
the substation S4.

For MPSD, two problems need to be solved, namely the
routing and scheduling of MPSs. Considering that the routing
problem can be solved by means of navigation software such
as Google Maps, this paper focuses on the scheduling of
MEGs. Assuming that any two locations are directly reachable
and the distance is determined by the straight-line distance be-
tween the two locations. Then the simplified MPSD command
{MEGk

m, i, j} can be represented as:
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Fig. 2. Topology adjustment for IEEE 6-bus grid. (a) Original Topology. (b) Adjusted Topology.
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

LoMt
m,k = i

RT =
dij
v

LoMt+RT
m,k = j

i, j ∈ {MPSSm, B}, i ̸= j

(3)

where LoMt
m,k is the location of MEGk

m at time t and RT is
the run time.

For LS and GR, the constraints can be formulated as:

0 ≤ P d
L,LS ≤ P d

L, d ∈ D (4)

Ph
G −Rh ≤ Ph

G,GR ≤ Ph
G +Rh, h ∈ H (5)

0 ≤ Ph
G,GR ≤ P̄h

G (6)

where P d
L,LS is the set value for d-th load after LS; Ph

G,GR is
the set value for h-th generator after GR.

For CLPU, the specific modeling of the load demand under
CLPU conditions can refer to [3]. For ESR, the specific
modeling of the energy storage system can refer to [19].

C. Modeling for Extreme Weather Events
The impact of extreme weather on the power system mainly

includes two aspects: component failures and renewable en-
ergy output fluctuations. This paper mainly focuses on the
weather-related line failures and weather-related generation
fluctuations of wind farms.
1) Weather-Related Line Failures

The fragility function is widely used to roughly describe
the component failure probability, conditioned on the loading
stress s related to the potential intensity of the event. For a
given event stress s, the probability of being in or exceeding
a damaged state is described by the lognormal function:

P (s) = Φ

(
1

λ
ln

s

S̄

)
(7)

where S̄ is the median value of engineering demand parameter
S when the stress s reaches the threshold of the damage
state; λ is the standard deviation of the natural logarithm of
engineering demand parameter when the stress s reaches the
threshold of the damage state; and Φ is the standard normal
cumulative distribution function. The detailed parameters of
fragility functions can be obtained based on expert experience
and domain knowledge [20].
2) Weather-Related Output Fluctuations of Wind Farms

To study the weather-related generation fluctuations of wind
farms, the wind turbine (WT) output curve [21] is introduced
to quantify the relationship between wind speed and the output
power:

PWT =



0, if v < vcut-in

1

2
αACpv

3, if vcut-in ≤ v < vr

Pr, if vr ≤ v < vcut-out

0, if v ≥ vcut-out

(8)

where PWT is the output power (watts); α is the air density
(kg/m3); v is the wind speed (m/s); A is the swept area of the
turbine (m2); Cp is the power coefficient; vcut-in, vcut-out are the
designed cut-in and cut-out speed of the wind turbine; vr, Pr

are the rated speed and rated output power of the wind turbine.

D. MDP Formulation
With the remarkable performance in studying the sequen-

tial optimization of discrete-time stochastic systems, MDP is
leveraged to model the interaction paradigm and the detailed
definition can refer to [17]. In the power system resilience
enhancement framework, the power system control center is
treated as the agent. The operating constraints of the distri-
bution network are considered in the environment, including
power flow constraints, topology constraints, generator capac-
ity constraints, etc. The specific definitions of state space,
action space and reward function are designed as follows:
1) State Space

Based on the definition of resilience enhancement problem
in (1), the state of the environment contains meteorological
data, failure probability, the predicted power output for wind
farm, the operating state of power system, the early warning
status, the disaster warning status, and the blackout warning
status:

S = {M ,FP ,P ,OS, EW,DW,BW} (9)

2) Action Space
Based on the definition of resilience enhancement problem

in (1), the action space contains topology switching, generation
dispatch, energy storage dispatch, mobile power resources
dispatch, and load shedding:

A = {TS,GR,ESR,MPD,LS,CLPU} (10)

Illustration of the improved exploration strategy.
3) Reward Function

The goal of power system resilience enhancement is to meet
the load demand as much as possible under the condition
that the power system operates safely and economically. The
reward function is formulated as follows:

R = R1(TS) +R2(LS,GR) +R3(ESR)+ (11)
R4(MPSD) +R5(V, ρ) (12)

where R1(TS), R2(LS,GR), R3(ESR), R4(MPSD) are
the rewards for different resilience response strategies. And
R5(V, ρ) =

∑
r1(Vi)+

∑
r2(ρj) is the reward for evaluating

the security state of the system, which can be defined as:

r1(Vi) =



rv, if Vi < 0.95

Vi − 0.95

0.98− 0.95
(r − r) + r, if 0.95 ≤ Vi < 0.98

r, if 0.98 ≤ Vi < 1.02

1.05− Vi

1.05− 1.02
(r − r) + r, if 1.02 ≤ Vi ≤ 1.05

rv, if Vi > 1.05
(13)

r2(ρj) =


r, if ρj < 0.8

ρj − 0.8

1.0− 0.8
(r − r) + r, if 0.8 ≤ ρj ≤ 1.0

rv, if ρj > 1.0

(14)

where r, r, rv are the maximum, minimum and violation
rewards, respectively. The violation rewards will limit the
voltage and loading rate within the normal range.
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III. DRL-BASED RESILIENCE ENHANCEMENT MODEL

A. Framework Outline
To implement the {fPR(·), fER(·), fRR(·)}, a DRL-based

resilience enhancement model (DRL-REM) is proposed as
shown in Fig. 4. With excellent sampling and convergence
performance, SAC is adopted to train the agent. For power
system operation, bad control strategies may lead to non-
convergence of power flow calculations, which will greatly
slow down the convergence speed of training. Thus, this paper
adopts imitation learning to speed up the training process.
Considering that the complex action space poses a great
challenge to the training of DRL-REM, some practical tricks
are introduced for action space reduction, and the specific
implementation can refer to our previous work [22].

B. Imitation Learning
Imitation learning trains an agent based on a set of expert

demonstrations, thereby attempting to learn an optimal policy
by imitating the expert’s decisions. Considering the similar
problem formulation between imitation learning and DRL, the
result of imitation learning can be used as an excellent initial
policy for DRL. During many extreme weather events, multi-
ple power infrastructure outages may coincide, which will pose
great challenges to the power system and rapid responses are
required. However, most actions in the action space contribute
little to the problem and even cause non-convergence of the
power flow calculation, which will greatly slow down the
training process. Therefore, for extreme weather events, a
parallel safe topology search algorithm is developed, as shown
in Algorithm 1. In the action space, topology switching actions
have a critical impact on the safe operation of power systems,
so this algorithm mainly focuses on the topology switching
action.

C. Soft Actor-Critic
SAC is an off-policy DRL algorithm based on the

maximum-information-entropy architecture, which can obtain

Algorithm 1: Parallel Safe Topology Search Algorithm for
Extreme Events

Initialize: parameters: Processn, Itern,Topo,Actionn, ρ̄,
Security topology set Ω

1 for process ← 0 to Processn do
2 Action space: A← sample Actionn actions from

original topology switching action space
3 for iter ← 0 to Itern do
4 topo← randomly choose a topology in Topo
5 if ρmax < ρ̄ then
6 Add topo into Ω
7 break
8 end
9 for each action in A do

10 topo′ = topo← action
11 ρ′ = env← topo′

12 if ρ′max < ρmax then
13 ρmax = ρ′max

14 topo = topo′

15 end
16 end
17 end
18 if ρmax < ρ̄ then
19 Add topo into Ω
20 else
21 Add topo into Topo
22 end
23 end

stable convergence properties and high sampling efficiency
[23]. The information entropy H of policy π at state s
is calculated from the probabilistic distribution and can be
defined as H(π(·|s)) = −

∑
a π(a|s) lnπ(a|s), where a is the

action.
Unlike traditional DRL algorithms, SAC augments the

conventional cumulative reward with expected information
entropy, thereby introducing randomness in policy updates.
The augmented objection function is defined as:

J(π) = E
τ∼π

[
T∑

t=0

γt[(Rt + αH(π(·|st)))]

]
(15)
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where τ is the trajectory of a specific policy; γ is the discount
factor; α represents the weight of information entropy, which
controls the randomness of policy updates. In this way, the
state value function can be calculated as:

V π
h (s) = E

τ∼π

[
T∑

t=0

γt(Rt + αH(π(·|st)))|s0 = s

]
(16)

and the information entropy bonuses are added to the modified
action value function as:

Qπ
h(s, a) = E

τ∼π

[ T∑
t=0

γtRt

+ α

T∑
t=1

γtH(π(·|st))|s0 = s, a0 = a

]
(17)

Based on these definitions, the soft Bellman iteration can
be derived as:

Qπ(st, at) = E
st+1∼P

[r(st, at, st+1) + γV π(st+1)]

= E
st+1∼P
at+1∼π

[r(st, at, st+1) + γ(Qπ(st+1, at+1)

+ αH(π(at+1|st+1)))]

= r(st, at, st+1) + αγH(π(·|st+1))

+ E
at+1∼π

[γQπ(st+1, at+1)]

= r(st, at, st+1) + γ E
at+1∼π

[Qπ(st, at)

− α lnπ(at|st)] (18)

where P is the distribution of the state space.
Considering that the policy distribution is parameterized

and direct sampling will be non-differentiable for policy
updates, a reparameterization trick is introduced to modify the
implementation. As a reparameterization trick for continuous
action space, the squashed Gaussian policy is defined as:

ãθ(s, ξ) = tanh(µθ(s) + σθ(s) · ξ), ξ ∼ N(0, I) (19)

where ξ, µθ(s), σθ(s) are independent noise, mean value and
standard deviation, respectively. Then, policy updates can be
implemented by:

max
θ

E
s∼D
ξ∼N

[ min
j=1,2

Qϕj (s, ãθ(s, ξ))− α log πθ(ãθ(s, ξ)|s)] (20)

D. Improved Exploration Strategy and Policy Update Design

The safe operation of power grids is susceptible to major
topology changes, especially under extreme events [24]. In
the action space, poor topology-switching actions can lead to
large-scale blackouts. During the sampling process, the orig-
inal exploration strategy will inevitably select poor topology-
switching actions to generate trajectories. Therefore, episodes
may be terminated prematurely, which poses a significant
challenge to the policy training process. In [24], an adaptive
early warning mechanism is developed to help the agent
choose better actions, thus enhancing the robustness of the
power grid. The early warning method first samples several
actions with high Q values, and then simulates and selects
the optimal action. However, all sampled high-Q actions can
be bad topology-switching actions, which may lead to poor
convergence at the beginning of training. Thus, this paper
develops an improved exploration strategy as shown in Fig. 5,
which builds a reduced safe topology database for different
extreme events and constructs an action discriminator (AD)
to identify safe actions. Apply the action to the simulation
environment, the power flow result can be obtained and the
AD can be defined as follows:

AD =


if ρ′max < max{1.0, ρmax}

True, and v′max < max{1.05, vmax}
and v′min > min{0.95, vmin}

False, else

(21)

where ρmax is the maximum of all ρ; vmax is the maximum
of all V ; ρ′max, v

′
max are the corresponding simulation results.

Applying the proposed exploration strategy to the sampling
process will result in better trajectories being stored. In this
way, the stability and convergence of the SAC algorithm will
be greatly improved.

In addition, additional policy updates are designed for
extreme events to further speed up the learning and training
process. In each gradient update, samples related to extreme
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events are selected, and the modified loss function is formu-
lated as:

Jπ(θ) = log πθ(ãθ|s)− log πθ(aexpl|s) (22)

where ãθ, is given by the original policy, and aexpl is deter-
mined by the proposed exploration strategy. Therefore, policy
updates are more robust to extreme events and can be more
effective in avoiding premature endings of episodes.

IV. CASE STUDIES

The proposed DRL-REM is demonstrated on a modified
medium voltage distribution network from CIGRE as shown
in Fig. 6. The open-source power system simulation platform,
pandapower, is adopted to establish the environment. The
DRL algorithms are trained on a Windows workstation with
double 26-core, 2.1 GHz CPU, an RTX5000, 16 GB GPU,
and 128 GB memory.
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Fig. 6. One-line diagram of CIGRE MV network.

A. Description and Modification for Test System

The test network contains 15 substations, where the 4th and
5th substations are double-busbar substations. A 5 MWh ESS
is added at 6-th substation and an MPSS with three 1.5 MW
MEGs is deployed in this region. The average velocity of
MEG is set as 60 km/h.

The test network contains 18 loads, including residential
loads, commercial loads, and industrial loads. The locations
and typical load demand of loads are shown in Table I, and
the profiles of all types of load are shown in Fig. 7(a).

The test network contains 9 distribution energy resources
(DERs) as shown in Table II, including 8 PV panels and 1 wind
farm. The typical profiles of wind and solar power generations
are given in Fig. 7(b).

B. Performance of Proposed Model

1) Baseline Methods
To evaluate the performance of the proposed model com-

prehensively, the following methods are introduced as baseline
methods.

TABLE I
LOAD PARAMETERS

Type Substation P (MW) Q (MVAR)
Industrial 1 14.99 3.04
Industrial 12 14.99 3.04
Residential 3 0.28 0.07
Residential 4 0.43 0.11
Residential 5 0.73 0.18
Residential 6 0.55 0.14
Residential 8 0.59 0.15
Residential 10 0.48 0.12
Residential 11 0.33 0.08
Residential 14 0.21 0.05
Commercial 1 4.85 1.59
Commercial 3 0.23 0.14
Commercial 7 0.08 0.05
Commercial 9 0.57 0.36
Commercial 10 0.07 0.04
Commercial 12 5.02 1.65
Commercial 13 0.03 0.02
Commercial 14 0.33 0.21
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Fig. 7. Profiles for loads and DERs. (a) Load. (b) DER.

• MPC: Power system resilience enhancement under ex-
treme weather is a sequential decision problem with
uncertainty and MPC is an effective method to solve
such problem. The MPC-based resilience enhancement
strategy in [25] is chosen as a baseline.

• DQN: The Q-learning algorithm has been used to update
the network topology for resilience enhancement of the
power grid [26]. Thus, the Q-learning algorithm is chosen
as a baseline to control the TS action.

• PPO: PPO, as a state-of-the-art policy gradient-based
DRL method, is adopted as a baseline to control the
discrete and continuous actions, including TS, GR, LS,
and ESR.
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TABLE II
DER PARAMETERS

Type Substation Capacity (MW) Power Factor
PV 13 0.2 1
PV 4 0.2 1
PV 5 0.3 1
PV 6 0.3 1
PV 8 0.3 1
PV 9 0.3 1
PV 14 0.4 1
PV 11 0.1 1
WT 6 1.5 1

2) Training Performance Comparison of Different DRL-Based
Methods

All the DRL algorithms are implemented based on the
open-source framework RLib [27]. The trial-and-error strategy
determines the hyperparameters of different DRL-based meth-
ods. Based on the reduced topology space and the MPC-based
method, a resilience enhancement strategy can be obtained and
adopted as the initial policy to pre-train the proposed DRL-
REM. And the detailed training performance comparison is
depicted in Fig. 8. It can be found that DQN, PPO, and
DRL-REM converge after about 320, 500, 750 iterations,
respectively. The average rewards converge at 1090, 1120, and
1520, respectively. Compared to DQN, the PPO-based method
has a slight increase in average reward, implying that TS is
the main strategy for enhancing grid resilience. By means
of imitation learning, the proposed DRL-REM has a good
average reward at the beginning of training and has good
convergence performance. And by introducing MPSD, the
proposed DRL-REM has a great improvement in the optimal
average reward.
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Fig. 8. Training performance comparison of different DRL-based methods.

C. Resilience Enhancement Under Typhoon Condition

To further validate the resilience enhancement performance
under extreme events, a typhoon scenario is constructed as
depicted in Fig. 9. The wind speed and failure probability
curves of affected lines are shown in Fig. 10. The simulation
interval is set to 10 minutes, and broken lines will be repaired
after 2.5 hours.

All the well-trained baseline methods and our proposed
DRL-REM are used to control the power grid, and the per-
formance comparison is shown in Fig. 11. It can be seen that
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Fig. 9. Illustration of the typhoon path.

the MPC-based method mainly uses the emergency response
strategy to control the grid. And all DRL-based methods
can perform preventive response strategy for better perfor-
mance. For system modeling, MPC-based methods are model-
based and require precise component parameters. Therefore,
predicted component failure probabilities and mobile power
source dispatch (MPSD) are not modeled and applied to MPC-
based methods. For computational efficiency, the MPC-based
method and the proposed DRL-REM take an average of 300 s
and 0.001 s, respectively, to provide the control policy. Com-
pared to DQN, the PPO-based method can further schedule
storage and achieve better performance when some DERs are
disconnected. For the proposed DRL-REM, the introduction
of MPSD further enhances gird resilience, especially when
line outages would lead to the appearance of islands.

The scheduling sequence optimization is of great signif-
icance to the power grid control. Therefore, the detailed
sequential control actions of our proposed DRL-REM and
the corresponding power grid state trajectories between 18:20
and 23:40 are shown in Figs. 12 and 13. From the sequential
TS actions in Fig. 12(a), it can be seen that our proposed
model turns on the S1 and S2 as preventive responses. In
this way, the two feeders are connected to each other, and
the distribution network operates in a ring manner, avoiding
sudden local power outages due to line interruptions. From
the sequential MPSD actions in Fig. 12(a), it can be seen that
our proposed model dispatched an MEG to bus 13 three steps
ahead. Then bus 13 and bus 14 will operate in island mode
during the outages of line 8–14 and line 12–13. As can be
seen from Fig. 12(a), the WT would be disconnected when the
wind speed reaches vcut-out. From the sequential ESR actions
in Fig. 12(a), it can be seen that our proposed model schedules
ESS to be charged when extreme events are imminent and to
discharge during power outages. As can be seen from Fig. 13,
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Fig. 10. Wind speed and failure probability profiles for affected lines. (a) Wind speed of all day. (b) Wind speed during the study period. (c) Line failure
probability of all day. (d) Line failure probability during the study period.
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our proposed model can guarantee the operation of the grid
within a safe range under extreme weather events.

V. CONCLUSION

In this paper, a data-driven DRL framework is proposed to
integrate different strategies and system situational awareness

to enhance grid resilience. The probabilistic effects of extreme
weather events on renewable energy and transmission lines are
studied and exploited to improve the extreme weather forecast
and estimation performance of the proposed model. An im-
proved SAC algorithm is developed to accelerate the training
process. The case study results show that, compared with
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Fig. 13. The power grid state trajectory. (a) Bus voltage. (b) Line loading rate ρ.

existing methods, the proposed model can integrate different
strategies and give resilience responses in advance to enhance
grid resilience. It is also found that before the occurrence of
extreme weather events, the proposed DRL-REM can operate
the distribution network in a weakly meshed manner to avoid
sudden local power outages due to line interruptions.

This paper validates the feasibility and efficiency of the
DRL-based method in leveraging the situation awareness and
controllability of distribution networks for resilience enhance-
ment. It also opens new directions for developing smarter
resilience controllers.
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