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Abstract—With the increasing penetration of 

large-scale renewable energy sources into the power grid, 

distribution networks are facing significant challenges, 

including intensified voltage fluctuations and increased 

network losses. Although deep reinforcement learning has 

made considerable advancements in addressing optimi-

zation problems compared to traditional algorithms, 

there has been limited focus on enhancing convergence 

and safety in cooperative optimization scenarios, partic-

ularly those involving topological reconstruction. To 

overcome these challenges, this paper proposes a distri-

bution network optimization model that incorporates 

topological security-constrained integrated reinforcement 

learning. The model improves the encoding of topologies 

by representing them in a multi-dimensional discrete 

space and introduces a topological masking mechanism to 

achieve high safety and computational efficiency. Addi-

tionally, an ensemble strategy is utilized to develop an 

action network group, improving action prediction and 

screening, thereby achieving better training stability. 

Experiments conducted on an enhanced IEEE33-node 

distribution network system indicate that the proposed 

improvements significantly enhance training stability and 

support the safe and efficient operation of the system. 

Index Terms—Distribution network optimization, en-

semble learning, reinforcement learning, topology recon-

struction. 

 

Ⅰ.   INTRODUCTION 

ith the gradual reduction of fossil fuel reserves, 

the push for a low-carbon energy transition has 
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attracted widespread attention from the international 

community, promoting the extensive integration of 

large-scale renewable and distributed energy sources 

into power grids to meet growing local energy demands 

[1][3]. Nevertheless, the inherent randomness and 

volatility of renewable energy generation often pose 

great challenges, such as system voltage deviations and 

changes in power flow, presenting substantial obstacles 

to the secure and stable operation of distribution net-

work systems [4]. 

To effectively overcome the challenges brought by 

the uncertainty of renewable energy sources, existing 

studies on dispatch optimization emphasize the inte-

gration of various schedulable resources on both gen-

eration and load sides, including energy storage systems, 

reactive power compensation devices, as well as flexi-

ble loads, while incorporating dynamic reconfiguration 

strategies on grid side [5][7]. This integrated method 

aims to achieve coordinated system optimization by 

directly controlling power flow distribution within the 

network. Traditional research frameworks typically rely 

on mathematical modeling and optimization algorithms, 

especially robust optimization and dynamic program-

ming methods that employ convex relaxation or line-

arization of power system models to provide stable and 

reliable solutions for general scenarios [8]. Nevertheless, 

when dealing with complex optimization problems 

under uncertain conditions, the computational effi-

ciency of these traditional optimization algorithms is 

significantly reduced, making it difficult to meet the 

strict requirements of real-time power grid scheduling. 

Although heuristic algorithms, such as particle swarm 

optimization and genetic algorithms, demonstrate cer-

tain search capabilities in high-dimensional spaces, 

their solution time still increases dramatically with the 

complexity of the problem, and they have limited ability 

to ensure global optimality. 

In this context, deep reinforcement learning (DRL) 

theory has become a promising approach for optimizing 

the dispatch of complex power grids. A plethora of studies 

have investigated the development of optimization 

W 
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frameworks based on DRL [9]. Reference [10] uses 

deterministic policy gradient algorithms (DDPG) with a 

bi-level optimization structure to address economic 

dispatch and reconfiguration challenges, while refer-

ence [11] demonstrates strong control over voltage 

violations by incorporating voltage sensitivity analysis 

into gradient calculations. Reference [12] uses DRL to 

simulate the mixed integer linear programming (MILP) 

solver instead of from-scratch training, which can ac-

curately determine the optimal load energy allocation 

strategy. These methods do not rely on precise system 

parameters or physical models. On the contrary, they 

can quickly adapt to environmental changes by ex-

tracting and representing the key characteristics and 

knowledge models of power systems. This capability 

enables them to train general decision-making models 

to directly solve complex optimization problems, 

avoiding the need for single-use strategies and achiev-

ing extremely fast solution times [13]. 

Although reinforcement learning (RL) has impressive 

decision-making efficiency in managing the complexity 

of dimensions, few studies have directly applied it to 

optimization scenarios such as distribution network 

reconfiguration (DNR) [14] or distribution network 

fault restoration [15]. In the domain of topology opti-

mization for complex power systems, effectively char-

acterizing the topological action space is a key chal-

lenge in RL applications. System topology reconstruc-

tion is essentially a constrained combinatorial optimi-

zation problem, where the solution space includes a 

large number of infeasible topologies that violate 

physical constraints (such as loop structures and is-

landed operation states in power systems). To convert 

the discrete combinatorial optimization problem to a 

form amenable to RL, topology encoding mechanisms 

map system topology information into a fi-

nite-dimensional parameter space [16]. The design of 

these encoding mechanisms directly affects the opti-

mization dimensionality and computational efficiency 

of the model. Binary encoding based on traditional 

optimization algorithms meets the requirements of di-

mensionality reduction. Nevertheless, its 

high-dimensional sparsity results in effective actions 

occupying only the smallest portion of the search space, 

which reduces the validity of topological decisions. 

One-hot encoding, derived from filtering valid topology 

sets, ensures action validity, but it faces challenges such 

as dimensionality explosion and the disruption of top-

ological adjacency relationships. The continuous 

space-based encoding mechanism achieves topological 

decision-making through interval discretization but is 

highly sensitive to parameter perturbations [17]. Ref-

erence [18] proposes using a topology mask to map the 

initial topology, but the computation of the mask ele-

ments relies on general connectivity detection algo-

rithms, and exhaustive enumeration of the action space 

requires massive computations, which to some extent 

limits the generalization of the method to practical ap-

plication scenarios. These contradictions highlight the 

necessity of topology encoding mechanisms to address 

the following key elements: 1) limiting encoding di-

mensionality to avoid the curse of dimensionality; 2) 

ensuring encoding space continuity, where similar en-

codings correspond to adjacent topologies in the elec-

trical characteristic space; and 3) establishing rigorous 

mathematical mappings to ensure the integrity and va-

lidity of the action space while maintaining computa-

tional efficiency. Although significant progress in to-

pology encoding design, existing studies still have 

shortcomings in systematically integrating these ele-

ments to construct a comprehensive encoding mechanism. 

Additionally, when dealing with large-scale optimi-

zation problems such as distribution network reconfig-

uration, the learning process may be very sensitive to 

the action trajectories guided by the initial parameters. 

This sensitivity may not only reduce learning efficiency 

but also cause the formation of inherent biases in the 

policy network at the early stage of training, thereby 

increasing the risk of the model falling into local optima 

[19]. To address this issue, researchers have attempted 

to improve the performance of DRL algorithms by op-

timizing the decision structure [20]. Reference [21] 

applies noisynet to deep Q-network (DQN), automati-

cally adjusting the exploration efficiency of the topol-

ogy during training by adding perturbations to the 

network weights to alleviate the adverse effects of 

large-scale action spaces on intelligent learning per-

formance. Reference [22] introduces the concept of 

“switch contribution” and constructs a multilayer 

learning architecture based on a reward-sharing mech-

anism, which removes low-contributing branch 

switches in the preliminary reconstruction process by 

quantizing and assigning multi-intelligence weights, 

gradually accelerating the intelligence training process. 

Following the principle of imitation learning, a safe RL 

method is proposed based on tutorial learning to help 

accelerate and fit the cases in the expert knowledge base 

to construct a tutorial learning model [23]. By providing 

scheduling decision guidance to the intelligences, it 

significantly improves the convergence efficiency of 

RL and the safety of the initial decision-making. Nev-

ertheless, the multi-intelligence training approach re-

quires more computational resources, and the cost of 

collecting grid expert strategy data is also extremely 

high. As a result, under the constraints of limited 

computational and data resources, it is crucial to con-

sider constructing algorithms that can effectively guide 

the decision-making of distribution grid reconfiguration 

at the early stage of training. 

To overcome these challenges, this paper proposes a 

power system dispatching strategy that integrates 
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topology safety constraints with RL. The contributions 

of this paper are as follows. 

1) A low-dimensional safety-aware topology encod-

ing method is proposed to reduce the significant risks 

brought by out-of-limit actions generated by RL models 

in power systems. This method introduces a masking 

mechanism to dynamically prune branches in each cycle 

to generate tree-like topologies. Meanwhile, reparame-

terization techniques are utilized to improve the prac-

ticality of the encoding. 
2) A specialized topology detection algorithm and 

hash mapping strategy are put forward to meet the strict 
computational efficiency requirements of real-time 
optimization in distribution network reconfiguration. 
Compared with traditional topology connectivity de-
tection algorithms, this method shows significantly 
higher computational efficiency. 

3) An integrated mechanism for policy optimization 
in complex scenarios is devloped. To overcome the 
convergence challenges of policy optimization in com-
plex distribution network scenarios, an integrated 
mechanism integrating multi-network prediction, soft 
parameter updates, and network pruning is devised. 
This mechanism ensures the rationality of initial action 
policies while occupying minimal computational re-
sources, leading to higher training efficiency of the 
optimization model. 

The structure of the remaining part of this paper is 
organized as follows. Section Ⅱ introduces the compu-
tational principles of topological coding and security 
constraints, as well as an improved reinforcement 
learning algorithm. Section Ⅲ constructs a Markov 
decision-making environment for collaborative opti-
mization of distribution networks and presents the cor-
responding constraints. Section Ⅳ demonstrates the 
experimental parameters and application framework, 
evaluating the proposed method. Section Ⅴ provides the 
main conclusions of this paper. 

Ⅱ.   TOPOLOGICAL SECURITY-CONSTRAINED 

INTEGRATED RL MODEL 

A. Topological Encoding and Security Constraints 

In traditional DNR, a “closed-loop design and 
open-loop operation” approach is usually employed to 
balance economy and security. The dimension explo-
sion problem due to the increase in the number of its 
system branches and the radial topological constraints 
in the operation process make it highly challenging for 
the existing RL techniques to solve optimization prob-
lems involving discrete topological spaces [24]. In 
contrast, integrating domain knowledge and priori in-
formation to encode the distribution network topology 
can structure the solution space of switching states and 
enhance the solution efficiency of optimization algo-
rithms. For this reason, this paper aims to construct a 
novel topology coding mechanism for distribution 
networks based on loop coding [25]. Loop coding, 
which is investigated in terms of basic loops, inherently 
correlates topological similarity with coding similarity 

and can greatly reduce the topological space dimension. 
Based on this, topology masks are introduced to map 
multiple discrete topologies into a secure multidimen-
sional discrete space, but the computation of the mask 
inevitably increases the computational burden of the 
optimization solution. Considering the computational 
efficiency of topological coding, this paper further de-
vises a unique connectivity detection algorithm fol-
lowing the branch-switching principle, which substan-
tially improves the computational efficiency of the 
mask elements. Additionally, a hash mapping strategy is 
embedded to achieve high timeliness of the solution 
under sufficient storage space. 

According to graph theory, when all contact switches 
in a distribution network are closed, the topology of the 
network consists of a series of interconnected inde-
pendent loops. A necessary but not sufficient condition 
for the transition from a ring topology to a radiant to-
pology is that at least one branch switch must be acti-
vated in each independent loop. Once this condition is 
satisfied, the model can be configured to selectively 
disconnect a controllable branch in each different in-
dependent loop in sequence. Let N  represent the total 

number of branches; switchN represent the total number 

of controllable switches; LN  represent the total number 

of independent loops; the number of controllable 
switches within each independent loop is denoted as 

switch, ;lN  the total number of possible solutions is 
topo ;N  

and the corresponding multidimensional discrete action 

space is 
topo

, which can be given by: 

 topo l l a                                  (1) 

 switch , ,
,1 ,2 , , 0,1
, , ,

l l i
l l l l i i a

a a a
 

   a              (2) 

topo switch,‍ lN N                                 (3) 

where  denotes the set of independent loop indices; 

switch,l  represents the set of all controllable switch in-

dices within the lth independent loop; vector la  stands 

for the discrete action executed within the lth inde-

pendent loop; and 
,l ia  denotes the action code for the 

controllable switch in the lth independent loop, with 0 
indicating that the switch is connected and 1 indicating 
that the switch is disconnected. 

This method inherently adheres to certain topological 
constraints, thereby improving the efficiency of ob-
taining feasible solutions. Nevertheless, it may not al-
ways meet the requirements for radial topology in arbi-
trary scenarios. To ensure operational safety and effec-
tively reduce the operation space, this paper introduces 
the concept of action masks to eliminate illegal opera-
tions that violate topological constraints. The computa-
tional framework is illustrated in Fig. 1, and the fol-
lowing equations are provided: 

 switch ,
,

,1 ,2 ,
0,

, , ,
l

l i

l l l l N
m

m m m
 

 
 

m            (4) 

outswitch ,
,

out out out out

,1 ,2 ,, , ,
l

l i

l l l l N
a R

a a a


 
 

a                 (5) 
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switch ,

mask out mask mask mask

,1 ,2 ,, , ,
ll l l l l l Na a a   

 
a a m       (6) 

where lm  represents the mask vector for loop l , with 

,l im  denoting the mask for branch switch i  within this 

loop; out

,l ia  and mask

,l ia  stand for the original data and 

masked action data for branch switch i  in this loop, 

respectively; out

la  denotes the original output from the 

action network; and mask

la  denotes the masked action 

output. 

    log log ,  0,1i i ig u u U                  (7) 

switch ,

mask

.

, mask

,

1

log
exp

log
e‍ xp

l

i l i

l i

N j l j

j

g a

g a
a





 
 
 


 
  
 



              (8) 

where reparameterization techniques are utilized to 
randomly sample the action outputs to ensure con-

sistency in action probabilities, with ig  representing 

the random distribution noise [26]; iu  is a random 

variable following a uniform distribution; and   rep-
resents the temperature coefficient. 

 
Fig. 1.  Topology mask generation framework. 

Masked elements are acquired through connectivity 
detection by traversing branches, which has a large 
impact on model training efficiency. To address this 
issue, this paper proposes a more efficient detection 
algorithm to rapidly identify topological constraints. 

As shown in Fig. 2, a tree node is defined as a node 
where the number of connected non-tree branches is less 
than or equal to one. A tree branch is characterized as a 
branch containing a tree node. Initially, all branches are 
characterized as non-tree branches. 

 
Fig. 2.  The structure of the topology detection algorithm. 

The new detection algorithm regards topology gen-

eration as the process of extracting the tree topology 

from the original closed topology. Its core feature is that 

once tree nodes and tree branches are constructed, they 

become part of the final tree topology. Disconnecting 

any tree branch will inevitably form an island, elimi-

nating the need for repeated connectivity checks for tree 

branches. Moreover, with islands, a closed-loop topol-

ogy cannot be formed, ensuring that the tree topology 

has no islands or closed loops. Therefore, this mecha-

nism simplifies the tree topology constraint of the grid 

into a constraint on tree branch connectivity. The action 

mask only needs to ensure that tree branches are not 

disconnected by subsequent loops. The algorithm, by 

dynamically updating all branch categories, can deter-

mine all mask elements for the corresponding loop in a 

single pass, thereby avoiding redundancy. 

Without loss of generality, the general pseudocode of 

the algorithm is presented in Algorithm 1. 

Algorithm 1  Topological Mask Action Generation 

1. Initialize temporary node set  , tree branch set 

tree   

2. 0 switch,0Sample( )a  ; sample controllable branch elements 

0a  from the loop set switch,0  and store them as 0 0( , )i j  

3. for 0n   to  do 

4. Add branch elements na  to the end of list A; 

 na  ;  ,n ni j  

5. while 1≥  do 

6. 

Take any node element k  from node set 

,  k  ,  calculate the total number connectN  of 

branches in set  containing node k  

7. if connect 1N   then 

8. Use ( , )v k  to represent this branch;  ( , )v k  ; 

 tree tree ( , )v k ;  v  

9. end if 
10. end while 

11. Mask the branch elements contained in list A  or set  in 

switch, 1n  , and sample the branch element 1na   to be dis-

connected from the next loop 

12. end for 

13. return A 
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Since loop encoding inherently compresses the top-

ological space effectively and some loop encodings 

exhibit decoupling relationships, a hash mapping 

strategy can be naturally established to store the topol-

ogy mask, thereby further improving the computational 

efficiency of the algorithm. 

switch switch switch switch ,

mask,

':
l

l

n N n Nf  B M              (9) 

where switch 'N  denotes the total number of switches that 

can operate before the current loop; and switchn  repre-

sents the total number of valid topologies that can be 

generated by these switches; matrix B  stores all valid 

states in multi-hot encoding; while matrix M  stores the 

corresponding mask elements; function mask,lf  defines 

a mapping process that transforms the corresponding 

operation encoding into a set of mask vectors, it 

traverses the action space using the aforementioned 

algorithm and randomly stores the results into the ma-

trices B  and M . 

The data volume of this type of hash structure in-

creases with the number of controllable branches, ac-

companied by a certain degree of spatial redundancy. 

To alleviate this issue, this paper preemptively prunes 

the state encoding and the calculations are given by: 

 select, switch

select, , select, , , ,

, 1,2, , ( ),

s.t. 

( )

 and    

l

l i l j l i l j

R i j n i j   

 B B M M
        (10) 

switch switch select ,'(, )
[ ]

l
l i k n N

b
 

T                         (11) 

where ( )R   denotes a necessary condition for the ex-

istence of the mapping; 
select,l  is a set, and each column 

of matrix B  is encoded into this set, resulting in matrix 

select,lB ; 
,l iM  and 

,l jM  are the original corresponding 

mapping values; lT  stores the mask vectors for all valid 

states; and ,i kb  is the row vector element of matrix lT . If 

the necessary condition ( )R   is met, the branch is con-

sidered redundant and its encoding is added to the set 

select,l ; otherwise, the encoding is eliminated from the 

set, the state data of the removed branch are restored, 

and the next branch encoding is chosen for inclusion. 

This process is repeated until all columns are traversed, 

leading to the formation of the reduced mapping matrix 

lT . 

1

mask ,( ) 2k

i i kh b b                          (12) 

mask ( )m (ask )
ii h bb  M                          (13) 

In this process, ib  is inserted into the hash function 

mask ( )h   to obtain the index remapping, thereby rapidly 

calculating the mask vector for the current independent 

loop; in this context, the hash function is implemented 

using direct addressing, achieving a balance between 

space complexity and time complexity for the corre-

sponding hash table lH . 

B. Twin Delayed Deep Deterministic Policy Gradient 

Algorithm Based on Ensemble Learning 

The twin delayed deep deterministic policy gradient 

(TD3) algorithm is designed based on the actor-critic 

(AC) architecture. By incorporating dual networks, 

policy smoothing, and delayed updating mechanisms, it 

has significantly imprved the handling of 

low-dimensional continuous control problems across 

various power system applications [27]. However, its 

suboptimal performance in high-dimensional topolog-

ical spaces makes it difficult to achieve effective topo-

logical reconfiguration in distribution networks. This 

limitation is due to the constraint of randomly initialized 

parameters on the agent. Even if an action is feasible at a 

certain moment, the agent may still deviate from 

suboptimal action trajectories over time, leading to 

extensive ineffective exploration in the early stages and 

delaying convergence to the optimal strategy [28]. 

To deal with this issue, this paper introduces an en-

semble strategy to predict outcomes before executing 

actions, thereby improving overall exploration effi-

ciency through prior action selection. As demonstrated 

in Fig. 3, action networks with identical structures but 

different initialization parameters are stacked within the 

policy network. Taking the current state as input, var-

ying scheduling policies are generated and transmitted 

to a parallel pseudo-environment group. Then, the op-

timal action is selected and applied to the actual power 

grid environment. Although the pseudo-environment is 

designed to mimic the real environment, it can be sim-

plified to improve computational efficiency, as the al-

gorithm aims to discard poor scheduling policies instead 

of calculating precise reward values. In this paper, dis-

tributed power flow is utilized in place of AC power 

flow to rapidly compute the steady state of the system. 

 

Fig. 3.  The structure of the ensemble learning (EL)-TD3 network. 



ZANG et al.: DISTRIBUTION NETWORK OPTIMIZATION BASED ON TOPOLOGY SECURITY-CONSTRAINED… 53 

Due to random parameter initialization, certain ac-

tor-networks may always perform suboptimally in spe-

cific scenarios, significantly decreasing the efficiency 

of action selection. To fully utilizing decision data while 

perserving both the uniqueness and diversity of network 

parameters, a parameter perturbation mechanism is 

introduced to adjust the parameters of suboptimal 

models. The algorithm utilizes a period counter to track 

the number of optimal actions of each actor-network 

over a defined period bestT . At the end of this cycle, the 

parameters of the best-performing actor-network un-

dergo soft updates across the other actor-networks, 

guiding them to achieve optimal performance while 

maintaining diversity. The equation governing this 

process is given by: 

bestothers best best others(1 )i                     (14) 

where others  denotes the parameters of the ac-

tor-networks excluding the optimal network; 
besti  rep-

resents the parameters of the optimal actor-network; and 

best  indicates the soft update coefficient. 

For each actor-network, parameter updates rely only 

on the value network’s output for gradient ascent opti-

mization. Considering that all actor-networks have the 

same value network, without appropriate intervention, 

the actions produced by the policy network tend to 

converge as the training process continues. Since the 

likelihood of suboptimal scheduling strategies de-

creases over time and the soft update method affects the 

convergence of model parameter training, a policy 

network reduction mechanism is further introduced to 

guarantee that the ensemble policy mainly operates 

during the early stages of training. This mechanism 

tracks the frequency at which each network is selected 

as the optimal network over an extended period cutT . At 

the end of each period, the actor-network with the 

lowest selection frequency is eliminated. This process 

continues until only one actor-network remains, re-

turning the architecture to the original TD3 framework. 

This method effectively minimizes redundancy, refines 

the policy network structure, and significantly enhances 

computational performance. 

The pseudocode of the complete training process 

under the action integration mechanism is presented in 

Algorithm 2. 

Algorithm 2  EL-TD3 

1. Initialize critic networks 1Q , 2Q , and actor networks 

1:n with random parameters 1 , 2 , 1:n , initialize target 

networks 1 1'  , 2 2'  , 1'   

2. Initialize list   as a sequence from 1 to n , optimal identi-

fication bit best 1i  , optimal counting parameter 

best 0N   , cut 0N  , reset the relay buffer B , environ-

ment E , and pseudo-environment group 1: 'nE  

3. for 1n  to T do 

4. Select action with exploration noise 
1:1: ( )

nna s   , 

(0, )N  , and based on the reward 1: 'nr  from the pseu-

do-environment group, select the action besta  corresponding 

to the highest reward, observe the reward r  and new state 

's  from the real environment, store them in the experience 

buffer B  in the form  , , , 's a r s , and update the index besti  

using the optimal network, 
best bestbest, best, 1i iN N   

5. Sample mini-batch of N  transitions  , , , 's a r s  from B  

6.  ' 'a s   ,  clip (0, ), ,N c c    

7. 1,2 'min ( ', )
iiy r Q s a    

8. if t  mod  d  then 

9. for i  in   do 

10. 
1 ( )

1 ( , ) ( )
i s i ii

aa aJ N Q s a s
    



    ; update   by 

network policy gradient 

11. end for 

12. ' (1 ) '      , 
best

' (1 ) 'i       

13. end if 

14. if t  mod  bestT  then 

15. Select optimal params 
besti  based on bestN  

16. 
bestothers best best others(1 )i       , 

best bestcut, cut, 1i iN N   

17. end if 

18. if t  mod  cutT  then 

19. Select the worst action network based on cutN , and remove it 

from the list   

20. end if 
21. end for 

Ⅲ.   MODEL FOR DYNAMIC DISTRIBUTION NETWORK 

RECONFIGURATION CONSIDERING PHOTOVOLTAICS 

AND ENERGY STORAGE 

In distribution systems with high penetration rates, it 

is a common and practical solution to use topology 

reconstruction technology and energy storage devices 

for energy management. However, research often 

overlooks the uncertainty of scenarios. To achieve dy-

namic coordination between topology and energy 

storage, this paper considers the fluctuation character-

istics of photovoltaics and loads, thereby providing 

reliable and effective scheduling solutions for operators. 

A. Markov Decision Model 

The optimization problem of dynamic distribution 

network reconfiguration is formulated as a Markov 

decision environment that can be solved using RL. To 
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model this environment, various components are de-

scribed in detail as follows. 

1) Action 

In this optimization problem, the model actions in-

clude system topology reconstruction and adjustment of 

energy storage charging and discharging strategy. 

 ess

topo,t tA P A                         (15) 

where ess

tP  denotes the charging and discharging power 

of the energy storage device at time t , with a positive 

value indicating discharging and a negative value indi-

cating charging; 
topo

tA  represents the topological action 

of the model at time t . 

2) State  

The state space defined in this paper includes: 

 pv , ,t t t tS P G E                        (16) 

where tS  represents the system state space at time t ; 

pv

tP  denotes the vector of PV power output from the 

previous period; tG  indicates the system topology code; 

and tE  reflects the current energy storage capacity. 

3) Reward  

The reward function evaluates both the upper-level 

power purchase cost of the system during the day-ahead 

scheduling period and the cost associated with switch-

ing times in the network reconstruction process. The 

reward is represented by: 
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where L  represents the length of the scheduling period, 

which is 24 h; 
pur

tc  is the power purchase cost parameter 

from the superior grid; while load

tP , 
pv

tP , and 
loss

tP  re-

spectively indicate the load power, PV output, and 

system network loss at time t ; essN  denotes the number 

of energy storage devices; while 
c, j  and 

d, j  are the 

charging and discharging coefficients of the jth energy 

storage device, respectively; swc  is the cost coefficient 

associated with switching actions; and 
oprn  represents 

the total number of switching operations at time t ; 

additionally, constn  represents the number of violations 

of constraints, with k  being the corresponding penalty 

coefficient; and b  is a bias parameter for reward shap-

ing; ess

,j tP  represents the output of the jth energy storage 

at time t. 

B. Constraints 

The constraint factors include topological constraints, 

energy storage constraints, and power flow constraints, 

with topological radial constraints being guaranteed by 

the security layer. Nevertheless, due to the wear and tear 

of branch switches during topology reconstruction, it is 

necessary to limit the number of switch operations 

within a reasonable range. 
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where oprN  represents the total number of actions per-

formed by all switches during the scheduling period; 
opr

mN  denotes the number of actions for switch m  

within that period; sw

,m tS  represents the state of switch m 

at time t , where 0 indicates that the switch is on and 1 

indicates that the switch is off; opr

maxN  denotes the 

maximum allowable number of actions for all switches 

during the scheduling period; and opr

max,mN  denotes the 

maximum allowable number of actions for switch m . 

Energy storage constraints and power flow con-

straints are defined as follows [29]: 
ess,min ess ess,max
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where ess,min

jP  and ess,max

jP  are the minimum and max-

imum limits of energy storage charging and discharging 
power, respectively; E  denotes the energy storage 

capacity; min

jE  and max

jE  are the lower and upper limits 

for the  jth energy storage, respectively; and SOC,t  

represents the state of charge (SOC) of the stored energy 
at time t . 
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where 
,i tP  and 

,i tQ  denote the active and reactive power 

injected at nodes, respectively; 
,i jG  and 

,i jB  represent 

the branch conductance and susceptance between nodes 

i and j, respectively; 
,i j  is the corresponding phase 

angle between nodes i and j; ,i tV  is the voltage at node 

i  at time t , with maxV and minV  representing the upper 

and lower limits of the voltage, respectively. 
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Ⅳ.  CASE ANALYSIS 

A. Experimental Setup 

In this study, the enhanced IEEE33-node system is 
taken as a reference case for simulation. The system 
incorporates distributed PV generation at 16 nodes to 
model the uncertainty factors associated with new en-
ergy sources. Meanwhile, it consists of 3 energy storage 
devices and 12 branch switches to realize secure and 
economical system operation. The PV power generation 
data are based on typical summer conditions, and addi-
tional proportional noise is applied to satisfy the scale 
requirements for RL training. The noise characteristics 
are modeled based on measured PV data from a region 
in Belgium, to make the simulated environment accu-
rately reflect real-world conditions [30]. The detailed 
parameters for the power system equipment and models 
are listed in Table Ⅰ. 

TABLE Ⅰ 

MODEL PARAMETER 

Parameter Value Parameter Value 

PV distribution   0.778 Discount rate   0.99 

PV distribution   0.854 Soft update critic  0.05 

Hidden layer size 128 Soft update best  0.1 

Batch size 64 
bestT  120 

Learning rate criticl  0.001 
cutT  1200 

Learning rate actorl  0.0001 
atorN  5 

ES capacity (MW) 0.8/0.6/0.4 Buffer size 20 000 

ES charging efficiency 0.95 ES charging efficiency 0.95 

For the hyperparameters in the reward function, swc  

comprehensively accounts for the actual switching 
losses and operational costs; it is normalized to the same 
magnitude as the electricity purchase cost, and its value 
is set to 0.004. The constraint penalty coefficient k and 

the bias coefficient b  are determined using a grid 

search experiment, with the former being set to 0.5 and 
the latter being set to 2. A parameter sensitivity heatmap 
was utilized to visualize the impact of the joint variation 
of these hyperparameters on the optimization cost, as 
illustrated in the following Fig. 4. 

 
Fig. 4.  Hyperparameter grid search heatmap. 

As shown in Fig. 4, the optimization performance 
increases significantly with the bias coefficient. This 
phenomenon is due to the inherent cost associated with 
user load in the power grid operation reward function. 
An appropriate bias guides the reward function to focus 
more on the relative differences between states and 
actions, thus balancing the number of positive and 
negative samples and ensuring precise convergence of 
model parameters during the training process. And in 

addition, under the same bias coefficient, as the penalty 
coefficient decreases, the agent model is better at cap-
turing constraint correlations in system operations, 
thereby improving the effectiveness of strategy opti-
mization. Nevertheless, when the penalty coefficient 
drops below a certain threshold, the optimization cost 
begins to increase. This is because a too small penalty 
coefficient leads the model to focus too much on the 
feasibility of decisions while ignoring other critical 
optimization factors. 

Figure 5 visually demonstrates the embedding 
mechanism of the proposed algorithm in the actual 
model training process. When there are sufficient stor-
age resources are available, a hash mapping strategy is 
employed for rapid lookup, while in lightweight sce-
narios, the proposed topology mask dynamic generation 
algorithm is used for computation. Network pruning and 
parameter update operations are triggered and executed 
by a periodic timer. The overall framework of the model 
network is depicted in Fig. 6. The hardware platform is 
equipped with an Intel Core i7-9750H processor and an 
NVIDIA RTX 2060 6GB graphics card. The RL model 
is developed using Python 3.6 with the Tianshou 1.0 
framework. In the experiments, AC power flow calcu-
lations are conducted to simulate the actual operating 
environment. 

 
Fig. 5. Algorithm implementation flowchart. 
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Fig. 6.  Framework for environment interaction. 

B. Topology Algorithm Experiment 

To evaluate the computational efficiency and effec-
tiveness of different topological encoding methods and 
mask generation algorithms, 100 000 iterations of in-
teractive experiments are carried out for each algorithm 
using random actions. For each algorithm, the proba-
bility of generating valid topological actions and the 
additional computational overhead associated with 
topological mask computation are recorded and sum-
marized in Table Ⅱ. 

TABLE Ⅱ 

COMPARISON OF TOPOLOGY COMPUTATIONAL OUTCOMES FOR 

DIFFERENT ALGORITHMS 

 Algorithm Random 
Loop 

section 
DFS BFS Non-hash Hash 

 Action mask No No Yes Yes Yes Yes 

 Extra time (s) 0 0 1720 1547 80 37 

 
Success rate  

(%) 
19.1 67.2 100 100 100 100 

From the detailed data in Table Ⅱ, it can be seen that 
the traditional binary encoding embedding method has 
significant difficulties in generating valid topologies, 
obtaining a success rate of only 19.1%. This suggests 
that valid topological actions are nearly lost within the 
complex high-dimensional discrete space, making their 
effective identification and utilization challenging. By 
contrast, the use of a sequential loop-disconnection 
strategy substantially improves the probability of gen-
erating valid topologies, and the success rate exceeds 
60%, and with the addition of the topological mask 
mechanism, this rate increases to 100%. Indeed, this 
enhancement results in longer training times, and the 
generic topological connectivity detection algorithm 
increases the total training time by about 30 min, over 
20% of the total training time (approximately 1.5 h) for 
the RL model. As the number of training steps increases, 
this additional computational load becomes increas-
ingly heavy. However, in contrast, the novel topological 
detection algorithm requires only 80 s for mask 

computation across 100 000 interactions, and this time 
is further reduced to 37 s when using hash tables. 

Figure 7 shows a simplified example of the tree-based 
topological detection algorithm, highlighting its higher 
computational efficiency. By continuously transferring 
tree branches from the original network to the tree to-
pology set, this approach minimizes the number of de-
tection iterations required to identify the branches that 
need masking for all loop disconnections. The reduction 
in computational overhead is owing to the use of prior 
knowledge of the network topology. By deriving the 
topology through sequential loop operations, the algo-
rithm can utilize a targeted retrieval method, such as 
radiating outward from the node of a disconnected 
branch, thereby avoiding unnecessary tree branch de-
tection. Through this strategic approach, randomness in 
selecting branches is eliminated, and the algorithm can 
terminate early with fewer steps. By contrast, generic 
connectivity detection algorithms need to traverse all 
branches, especially in the absence of loops, to identify 
the topology type. Therefore, they fail to quickly de-
termine the topological mask needed for the next loop 
operation based on the current loop manipulation. 

 
Fig. 7.  Algorithm implementation flowchart. 
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C. Performance Analysis of the Improved EL-TD3 

Algorithm 

To validate the effectiveness of the improved 

EL-TD3 algorithm, it is compared with TD3 and DDPG 

algorithms in solving the cooperative scheduling prob-

lem of PV systems [31]. All models are trained five 

times using fixed random seeds, and the average re-

wards for every 1000 interaction rounds are recorded. 

The results are illustrated in Fig. 8. 

 
Fig. 8.  Comparison of reward for different algorithms. 

Figure 8 compares the performance of the proposed 
algorithm in learning scheduling policies with other 
algorithms in the same scenario. In Fig. 8, the solid line 
represents the average rewards, while the shaded area 
indicates the range of reward fluctuations. It can be seen 
that the proposed algorithm demonstrates excellent 
training efficiency, especially in the early stages, owing 
to the ensemble strategy for a prior action screening. 
This strategy ensures consistent selections of actions 
from a better-performing range, accelerating the learn-
ing process. Additionally, the proposed model tends to 
converge after approximately 10 000 interactive train-
ing sessions, earlier than the other models. Although the 
improved algorithm initially requires more computing 
power, its faster training speed compensates for this. By 
contrast, the TD3 and DDPG algorithms sometimes 
exhibit comparable performance to the proposed algo-
rithm, but their reward values fluctuate greatly, and the 
final reward is usually lower. The emergence of this 
discrepancy is due to the fact that these models rely on 
random strategies in certain experiments, which may 
temporarily remain consistent with the environment, 
producing favorable results. Nevertheless, as the envi-
ronment updates and state shifts, the quality of subsequent 

actions deteriorates, resulting in suboptimal trajectories. 
These poor trajectories will be trained repeatedly, 
making it difficult for the model to find the optimal path, 
often leading to local optima. 

Table Ⅲ highlights the statistical indicators of the 
dispersion of reward values for the three algorithms, 
showing the reliability and convergence characteristics 
of the proposed algorithm during the training process. 
The standard deviation of the proposed algorithm is 
6.05, substantially lower than that of the other algo-
rithms, demonstrating better consistency. The kurtosis 
is 1.07, indicating that the reward values are a more 
concentrated distribution around the mean, with a 
steeper peak compared with a normal distribution. It is 
interesting that although the TD3 algorithm shows a 
higher standard deviation than DDPG, this is not an 
indicator of poorer performance. On the contrary, it 
reflects TD3’s more precise fitting and stronger capa-
bility to explore random noise, enabling the model to 
discover optimal actions through gradual exploration in 
certain experiments. By contrast, DDPG always re-
mains within the suboptimal action space, resulting in 
more reliable but lower overall rewards. The proposed 
algorithm, however, achieves both reliable convergence 
and optimal results, outperforming the other algorithms 
without such trade-offs. 

TABLE Ⅲ 

REWARD FLUCTUATION ANALYSIS 

Algorithm 
 Reward  

Standard deviation Skewness coefficient Peak value 

DDPG 13.91 0.19 1.22 

TD3 21.74 0.50 0.92 

MP-TD3 6.05 0.64 1.07 

D. Model Optimization Strategy Analysis 

1) Optimization Efficiency Analysis 

To analyze the advantages of the RL algorithm in 

terms of optimization efficiency and accuracy, this pa-

per utilizes the second-order cone relaxation (SOCR) 

technique to convexify the optimization problem and 

employs the Gurobi solver to solve the mixed-integer 

second-order cone programming (MISOCP) problem. 

The optimization results and computation times for 

multi-time sections are listed in Table Ⅳ. 

TABLE Ⅳ 

SOLUTION INFORMATION COMPARISON 

Optimization metrics 

Optimization problem types 

1 h section (MISOCP) 
4 h sections 

(MISOCP) 
8 h sections (MISOCP) 

24 h sections 

(MISOCP) 

24 h sections  

(proposed approach) 

Daily operating cost ($) 4650.26 4571.99 4544.66 4467.42 4524.89 

Model solution time (s) 29 167 7452 236 736 4 

Average memory usage (%) 5 12 37 41 2 

Network loss (MW) 0.897 0.863 0.819 0.782 0.788 

The comparison of the data in the table indicates that 
as the coupling factors of multi-time sections increase, 
the power system can more fully consider the 
time-varying characteristics of source-load interactions, 
resulting in a gradual reduction in overall costs. How-
ever, the MISOCP approach exhibits limited optimization 

performance only when a small number of multi-time 
sections are considered. With the expansion of the 
problem scale, the model’s computation time increases 
substantially. In contrast, the decision-making agent 
constructed through RL is not constrained by the scale 
of the optimization problem and can provide precise and 
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complete scheduling actions within seconds, with its 
optimization cost and network loss only slightly higher 
than the optimal results of scheduling 24 hour sections. 
2) Switch Action Analysis 

Table Ⅴ shows the topology reconstruction strategy 
of the model within the optimized periods. From this 
table, it can be seen that the RL model successfully 
identified four distinct types of topologies suitable for 
reconstruction to meet system demands at different 
times. The neural network, by incorporating switch 
status and system topology into the state and reward 
functions, effectively captures the relationship between 
the network structure before and after each period. It 
operates only a subset of line switches during recon-
struction, gradually transforming the system topology 
into an optimal configuration. This approach substan-
tially alleviates the negative impacts of frequent switch 
operations on both switching performance and system 
economic operations. 

TABLE Ⅴ 

TOPOLOGY STRATEGY ANALYSIS 

Refactoring period 
Disconnect branch 

number 
Number of operations 

00:00–04:00 36, 37, 6, 35, 13 0 

04:00–06:00 36, 27, 6, 10, 13 4 

06:00–10:00 36, 37, 6, 35, 13 4 

10:00–13:00 36, 37, 6, 35, 34 2 

13:00–18:00 36, 37, 6, 35, 13 2 

18:00–20:00 36, 37, 6, 35, 34 2 

20:0021:00 36, 27, 6, 35, 13 4 

21:00–00:00 36, 37, 6, 35, 13 2 

Figure 9 depicts the changes in system network loss 
after topology reconstruction. Overall, the network loss 
is lower during the day and increases at night. This is 
because the PV output is higher during the day and the 
storage regulation is stronger. In this case, most of the 
power can be quickly consumed locally, while the load 
reaches the peak at night. Even though energy storage 
regulation, the overall load is still high, resulting in a 
sharp increase in network loss. The algorithm in this 
paper adjusts the system topology at the right time to 
reasonably configure the power transmission path, ef-
fectively reducing the system network loss in different 
time scenarios. The average network loss reduction ratio 
reaches 23.8%, and the minimum network loss reduc-
tion ratio is 8.2%. 

 
Fig. 9.  Comparison of network loss in different topologies. 

The voltage deviation problem under high PV pene-
tration is a key issue in distribution network optimiza-
tion. Figure 10 shows the voltage at each node under 

different topologies. Initially, the voltage is concen-
trated between 0.95 p.u. and 1.02 p.u. After reconstruc-
tion, the voltage distribution at each node is more cen-
tered around the rated voltage. The voltage fluctuation 
amplitude during the optimization cycle is significantly 
reduced, and the local voltage increase during PV out-
put peaks is effectively suppressed, leading to better 
power quality of the distribution network system. These 
subtle structural adjustments further enhance the sys-
tem’s ability to absorb PV power. 

 
Fig. 10.  Comparison of node voltage in different topologies. 

3) Energy Storage Action Strategy Analysis 
While performing topological reconfiguration, the 

model provides corresponding charging and discharging 
strategies for energy storage. As illustrated in Fig. 11, 
energy storage is charged at night and is discharged 
during the morning peak hours to achieve peak shaving 
and valley filling. Meanwhile, it prepares for the ex-
pected peak output of photovoltaic generation. The 
study utilized variance, peak-to-valley difference, and 
peak-to-valley difference ratio as key optimization 
metrics to comprehensively evaluate load fluctuations 
before and after optimization. As detailed in Table Ⅵ, 
the findings indicate that all metrics have undergone 
notable enhancements. Specifically, the variance metric 
decreased by about 10%, while the peak-to-valley dif-
ference (P-V difference) metric decreased by approxi-
mately 6%. The main constraint hindering further ad-
vancements in this context is the limitation posed by 
energy storage capacity and the amplitude of charging 
and discharging power. 

 
Fig. 11.  Load and energy strage strategies. 



ZANG et al.: DISTRIBUTION NETWORK OPTIMIZATION BASED ON TOPOLOGY SECURITY-CONSTRAINED… 59 

TABLE Ⅵ 

COMPARISON OF PAYLOAD EVALUATION INDICATORS 

Algorithm Variance P-V difference 
P-V difference rate 

(%) 

Not optimized 0.951 3.435 92.5 

Proposed approach 0.862 3.228 90.7 

Ⅴ.   CONCLUSIONS 

This paper proposes a decision-making solution 

framework based on RL, which introduces a topology 

masking mechanism and an action ensemble screening 

strategy during the training phase to achieve real-time 

reconfiguration and operation of distribution network 

systems integrated with distributed photovoltaic sources. 

Experimental results indicate that the proposed sched-

uling strategy can effectively reduce system line losses 

and stabilize node voltage. Future studies can consider 

embedding physical constraints directly into neural 

networks to improve the exploration efficiency and 

safety of the algorithm. 
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