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The continuous fluctuations in electricity demand across different locations in the 

distribution network led to variations in power flow in the lines and, consequently, 

changes in power losses and voltage drop. With technological advancements and 

restructuring of the electricity industry, these changes have become more serious. So, 

maintaining a single network configuration at all hours may not be optimal. To address 

this, researchers have proposed and implemented dynamic reconfiguration of 

distribution networks as an effective solution. This study investigates the dynamic 

reconfiguration of radial distribution systems, using reinforcement learning to minimize 

the number of switches. The primary objectives of dynamic reconfiguration are to 

minimize power losses and enhance bus voltage profiles. A case study is conducted on 

the IEEE 33-bus standard network. Initially, it is assumed that remotely controllable 

switches are installed on all lines, allowing full participation in the reconfiguration 

process. Subsequently, the proposed algorithm for reducing the number of switches 

identifies critical switches that should be eliminated at each stage, followed by another 

round of dynamic reconfiguration. For each stage of switch reduction, an economic 

analysis over 20 years is performed, considering installation and annual maintenance 

costs alongside power loss costs. Finally, a sensitivity analysis determines the optimal 

number of switches based on switch costs and electricity tariff rates. The results indicate 

that lower electricity tariffs and higher switch costs improve the effectiveness of the 

proposed switch reduction method. 
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1. Introduction 
 

Facing challenges in power systems, such as load 

imbalance, reliability, and power losses, 

necessitates automation operations like 

reconfiguration of the distribution system. 

Reconfiguration involves optimizing the 

operational state of tie switches installed along 

distribution feeders. These switches can be 

strategically opened or closed to achieve better 

performance while meeting power flow constraints, 

ensuring a radial network topology, and maintaining 

required voltage levels. 

Researchers have focused on several key 

objectives when optimizing distribution network 

reconfiguration, including minimizing energy 

losses [1], load balancing [2], improving voltage 

profiles [3], and enhancing system reliability [4]. In 

some studies, reconfiguration is approached as a 

multi-objective optimization problem, aiming to 
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satisfy multiple operational goals simultaneously 

[5]. 

Given its complexity, network reconfiguration is 

inherently an optimization challenge, requiring 

advanced optimization algorithms for effective 

solutions [6]. Over time, heuristic and metaheuristic 

techniques have gained popularity in tackling this 

problem. Some of the most widely used methods 

include colonial competitive algorithms, binary bat 

algorithms, genetic algorithms, particle swarm 

optimization, adaptive reconfiguration, and 

reinforcement learning-based approaches [1-7]. 

The increasing integration of renewable 

distributed generation, energy storage systems, and 

electric vehicles (EVs) in modern power grids has 

introduced new technical challenges. The time-

dependent nature of EV charging patterns, along 

with the uncertainties in distributed generation and 

load demand, significantly impacts the optimal 

configuration of the network. As a result, a fixed 

network topology may not be sufficient to ensure 

efficiency at all times, making dynamic 

reconfiguration a necessity [8]. In [9] dynamic 

reconfiguration leverages remotely controllable 

switches to adjust the distribution network’s 

configuration hour by hour, optimizing power flow 

based on changing conditions. 

Some studies propose placing reconfiguration 

switches on every feeder, allowing continuous 

adaptations in response to load variations. However, 

while increasing switch numbers may enhance 

operational flexibility, it is often financially 

impractical due to installation and maintenance 

costs. On the other hand, minimizing the number of 

switches reduces expenses but may limit the 

available reconfiguration options, potentially 

increasing system losses. 

Thus, a trade-off must be established between 

reducing switch deployment costs and ensuring 

network efficiency. The optimal allocation of 

remotely controllable switches in dynamic 

reconfiguration remains an open research challenge, 

requiring a technical and economic optimization 

approach. 

Some studies have explored different strategies 

for dynamic distribution network reconfiguration, 

including: 

• Markov Decision Process-Based Dynamic 

Reconfiguration [10]: Considering practical 

operational constraints, this approach minimizes 

renewable generation curtailment and load 

shedding. 

• Reinforcement Learning for Reconfiguration 

[11]: Applied to reduce network line losses, 

optimize load distribution, and enhance 

distributed energy resource capacity. 

• Binary Integer Programming-Based 

Optimization [12]: Formulates the 

reconfiguration problem as an optimization task, 

evaluating switching operations between feeders 

under different load scenarios. 

• Critical Switch Identification for 

Reconfiguration [13]: Develops a method for 

selecting key switches based on daily load 

curves, focusing on minimizing switching costs 

and balancing loads across feeders. 

• Smart Grid Optimization with Remote-

Controlled Switches [14]: Examines the 

replacement of manual switches with automated 

remote-controlled switches, integrating energy 

storage and renewable energy sources for 

improved reliability. 

• Optimization of Renewable Energy Integration 

via Reconfiguration [15]: Proposes an approach 

to identify critical switches that facilitate 

efficient integration of renewable distributed 

generation, while accounting for uncertainties in 

loads and generation capacity. 

• Remote-Controlled Switch Allocation for 

System Restoration [16]: Uses integer 

programming to optimize switch placement, 

improving system reliability while reducing 

operational costs. 

The related studies in the field of dynamic 

reconfiguration are summarized and compared in 

Table 1. 

 
Table 1. Review of the related papers 

Ref Objective(s) Method Dynamic reconfiguration Switch reduction 
[1] Loss reduction Ant colony No No 
[8] Reliability Reinforcement learning No Yes 

[11] Loss reduction Reinforcement learning No Yes 

[10] Minimizing renewable generation 

curtailment and load shedding 
Markov Decision 

Process No No 

[15] Maximizing integration of renewable 

distributed generation 
Mixed integer 

programming Yes Yes 

[16] Reliability Mixed integer 

programming Yes Yes 
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The review of existing literature reveals that 

most studies focus primarily on minimizing power 

losses, underscoring the critical role of energy 

efficiency and cost reduction. However, these 

studies often assume that all switches in the 

distribution network are remotely controllable, 

which is unrealistic due to high installation and 

maintenance expenses. Few studies have directly 

addressed the optimal number of remotely 

controllable switches. This paper aims to fill that 

gap by proposing an optimization framework for 

dynamic reconfiguration, leveraging reinforcement 

learning to optimize switch deployment and 

minimize distribution losses. Q-learning, being a 

widely studied and well-established off-policy 

algorithm, was chosen for its ability to handle 

discrete action spaces efficiently. Since the network 

reconfiguration problem inherently involves 

discrete switch operations. 

The key objectives of this research include: 

• Developing a reinforcement learning algorithm 

to optimize dynamic distribution network 

reconfiguration, achieving minimum system 

losses and voltage profile enhancement. 

• Identifying the optimal number of 

reconfiguration switches and the best locations. 

• Establishing a balanced trade-off between 

minimizing switch numbers and reducing system 

losses.  

Achieving the above objectives, the main 

contributions of the proposed method are: 

1) Three improvements in the reward function of 

reinforcement learning, leading to more 

efficient network reconfiguration results. 

2) A novel switch reduction algorithm, combined 

with economic sensitivity analysis, to determine 

the optimal number of switches under varying 

operational conditions. 

The rest of this paper is organized as follows. 

Section 2 presents reinforcement learning as an 

optimization method for switch allocation. The 

proposed switch reduction strategy is introduced in 

section 3, detailing its implementation in dynamic 

reconfiguration alongside an economic cost 

analysis. Section 4 provides a case study on the 

standard 33-bus distribution network, discussing 

results across different operating conditions. 

Section 5 concludes the paper, summarizing the key 

findings and implications of this research. 

 

2. Reinforcement Learning 
 

Reinforcement Learning (RL) is a subset of 

machine learning in which the problem is divided 

into two key components: the agent and the 

environment. The agent interacts with the 

environment by selecting actions based on its 

current state. In response, the environment provides 

feedback in the form of a reward and transitions to 

a new state, guiding the agent in learning the 

optimal decision-making process. 

RL algorithms are generally classified into On-

policy and Off-policy methods. One of the most 

widely used Off-policy algorithms is Q-learning, 

which plays a crucial role in reinforcement learning 

frameworks. In Q-learning, the agent first observes 

the environment and selects an action. The 

environment then returns the next state along with 

the reward associated with the chosen action. The 

agent processes this feedback to refine its decision-

making strategy, continuously iterating until it 

converges on an optimal policy. 

The optimal Q-value function in Q-learning is 

defined using the Bellman equation, as shown in 

Equation (1) [17]: 
𝑄∗(𝑠, 𝑎) = 𝐸(𝑟(𝑠, 𝑎) + 𝛾 max

𝑎′
𝑄∗(𝑠′, 𝑎′)) (1) 

This equation represents the expected 

cumulative reward, starting from state (s) and taking 

action (a), while subsequently selecting the optimal 

actions (a′) in future steps until reaching the 

maximum desired performance Q*(s,a). The 

discount factor γ, which falls within the range 

0≤γ≤1, is used to adjust the importance of future 

rewards, ensuring the learning process prioritizes 

immediate and long-term benefits effectively [18]. 

Once the optimal Q-value (Q*(s,a)) is determined, 

selecting the best possible action a* is 

straightforward. A greedy policy is often employed 

for this purpose, where the algorithm evaluates all 

available actions for a given state and chooses the 

one yielding the highest Q-value, as expressed in 

Equation (2): 
𝑎∗ = 𝑎𝑟𝑔 max

𝑎
𝑄∗(𝑠, 𝑎) (2) 

The Q-values, which store learned values, are 

typically structured in the form of a matrix, indexed 

by both states and actions. Initially, arbitrary values 

are assigned, and as the agent continues to interact 

with the environment, the function gradually 

approximates the optimal Q-values based on 

reinforcement learning principles. The Q-value of 

the current state and action are updated iteratively 

using Equation (3): 
Q(s, a) = (1 − 𝛼). 𝑄(𝑠, 𝑎) + 𝛼(𝑟

+ 𝛾 max
𝑎′

𝑄(𝑠′, 𝑎′)) 
(3) 

It is important to note that the updated Q-value 

for Q(s,a) depends not only on its previous value but 

also on the expected future rewards from 

subsequent actions. The learning rate parameter (α, 

where 0≤α≤1) determines the extent to which new 

information overrides past stored values. The term 

(1−α) signifies the proportion of prior Q-values 
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retained as memory in the function, ensuring a 

balanced learning process throughout multiple 

iterations [18]. 

 

3. Proposed Method of Switches Reduction 
 

This study presents a reinforcement learning-based 

approach to determine both the optimal number of 

switches and the most efficient network 

configuration under dynamic load conditions. The 

method starts by analyzing network data and 

providing hourly load values for each bus. Initially, 

it is assumed that every feeder contains remotely 

controllable switches, with all switches closed at the 

outset. The first objective of this approach is to 

identify the best network configuration that 

optimizes objectives without violating system 

constraints. This is accomplished using 

reinforcement learning algorithms.  

Since deploying remotely controlled switches 

across all feeders is highly cost-intensive, the 

second objective is to minimize the number of 

necessary switches in the network. To achieve this, 

the proposed switch reduction algorithm 

systematically eliminates switches that undergo 

minimal state changes over 24 hours. Once a switch 

is removed, the network is reconfigured using the 

remaining switches, and this process is repeated 

until a violation of system constraints occurs. At 

each elimination step, an economic analysis is 

conducted to evaluate the trade-off between 

installation costs and energy losses. Ultimately, the 

optimal number of switches is determined by 

examining various electricity pricing scenarios.  

The method follows four main steps: 

1) Developing a reinforcement learning model to 

identify the optimal network configuration for 

static load. 

2) Expanding the model for dynamic network 

reconfiguration without restrictions on switch 

numbers. 

3) Gradually reducing the number of switches 

based on optimization results. 

4) Conducting an economic evaluation to 

determine the optimal switch count.  

 

3-1. Reinforcement Learning Model for Static 

Load 

 

This section outlines a reinforcement learning-

based strategy for determining the most efficient 

network configuration for static load. In 

reinforcement learning, the problem is represented 

using states, actions, and rewards. Since the primary 

goal is minimizing losses while maintaining voltage 

constraints, the states are defined based on voltage 

violations across network buses. If the voltage 

exceeds allowable limits due to load variations, the 

algorithm must adjust the network configuration to 

restore compliance. This is achieved by modifying 

switch states, either opening or closing them. 
• State Representation 

If the system has n voltage variables, the total 

number of possible states, each representing either 

constraint violation or compliance, will be 2n. 

However, defining states at the bus level leads to an 

excessively large state space (e.g., in a 33-bus 

system, over 8.5 billion possible states exist). To 

simplify the model, voltage constraint violations are 

instead evaluated at the loop level rather than at 

individual buses. 

Network loops are identified using the graph of 

the network, taking into account that all possible 

switches are closed. If voltage values across an 

entire loop remain within permissible limits, that 

loop is marked as constraint-compliant (binary 

value=0). Conversely, if a voltage constraint 

violation occurs within a loop, its corresponding 

binary variable is set to 1. Thus, in a network with 

m loops, the state is represented as an m-bit binary 

number, where each bit reflects the voltage 

compliance for a specific loop. The optimal state 

corresponds to a fully zero binary representation, 

indicating no constraint violations. 
• Action Selection 

Whenever voltage violations occur in the network, 

an action must be selected from the available action 

set (A) to restore voltage compliance. This is 

achieved through switch reconfiguration, ensuring 

that voltage constraints across all loops are satisfied. 

Each switch modification represents an 

individual action. However, maintaining a radial 

network topology is a key requirement. To preserve 

radial connectivity, only one switch per loop may be 

opened at any given time. The total number of 

possible actions is determined by Equation (4): 

𝐴 = ∏ 𝑑𝑘  

𝑚

𝑘=1

 (4) 

where m represents the total number of loops, and 

dk denotes the number of branches in the kth loop. 
• Reward Function 

Since loss minimization is a critical objective, the 

reward function in base reference [19] is simply the 

negative of total system losses. After each action, 

the agent receives a higher reward if the loss is 

reduced. 
• Enhanced Reward Function 

To improve the method for dynamic load, this study 

introduces three key improvements to the baseline 

reward function: 

1) In standard approaches, rewards are negatively 
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correlated with total energy losses. However, 

under dynamic load conditions, a reduction in 

total losses may simply result from lower system 

demand, rather than an improved switch 

configuration. To address this, we redefine the 

reward function using relative loss, calculated as 

the inverse of the ratio of losses to load variation, 

as shown in Equation (5): 
𝑟 = 1/𝑃𝐿  (5) 

where PL, the relative loss, is computed using 

Equation (6): 

𝑃𝐿 =
 𝑝𝑙𝑜𝑠𝑠

𝑝𝑡

 (6) 

Here, ploss represents total system losses, while pt 

denotes total load demand. 

2) To further enhance voltage stability, an 

additional voltage deviation term is incorporated 

into the reward function. If an action reduces 

average voltage deviation, an extra reward is 

assigned, as defined in Equation (7): 

𝑟 = (1/𝑃𝐿) + 1/(∑|𝑉𝑖 − 1|)/𝑛𝑏) (7) 

where nb is the total number of buses, and Vi 

represents the per-unit voltage at each bus. The 

refined reward function prioritizes configurations 

that simultaneously minimize losses and voltage 

deviations, leading to better switch selection. 

3) In Q-learning, the learning rate α determines the 

balance between new learning and stored 

knowledge. During early training iterations, 

past experiences have limited significance. 

However, as training progresses, previously 

learned information becomes more valuable, 

necessitating a gradually decreasing α. The 

adaptive learning rate proposed in this study is 

defined in Equation (8): 
α = (0.9K + k)/(K + 10 × k) (8) 

where k is the current iteration, and K represents the 

total number of training iterations. 
• Problem-Solving Process 

The learning process begins with initializing input 

data and constructing the Q-matrix. The number of 

Q-matrix rows equals the total states, while the 

columns correspond to the available action set. first, 

all Q-values are set to zero, indicating no prior 

system knowledge. 

The algorithm then enters an iterative training cycle, 

where each step involves: 

1) Random selection of switch configurations. 

2) Power flow analysis if the system is radial. 

3) Calculating rewards and updating Q-values. 

4) The state transition to the next state 

5) Repeating the process until optimal Q-values 

are learned. 

 

3-2. Dynamic Reconfiguration 

 

In power distribution networks where bus loads 

fluctuate over time, a single fixed network 

configuration may not consistently deliver optimal 

performance. To adapt to these variations, an hourly 

reconfiguration process is required to ensure the 

system is always operating in its most efficient state. 

This approach involves training a Q-learning 

algorithm and providing it with hourly load data for 

all buses within the distribution network. At each 

time interval, power flow analysis determines the 

system’s current state. The trained Q-matrix then 

suggests the optimal reconfiguration action based 

on the state. After implementing the action, another 

power flow calculation refines the network structure 

and evaluates the corresponding energy losses. This 

process repeats for every hour in a full daily cycle, 

maintaining an adaptive and efficient system. 
 

3-3. Optimizing the Number of Remote-

Controlled Switches 
 

In the previous section, it was assumed that every 

feeder had remote-controlled switches, allowing full 

participation in dynamic reconfiguration. However, 

while this approach offers flexibility, it significantly 

increases system costs, making it economically 

impractical. To reduce expenses while still 

preserving the benefits of dynamic reconfiguration, 

this study proposes a switch optimization strategy 

that eliminates switches with minimal impact on 

network efficiency. 

The process begins by executing the dynamic 

reconfiguration algorithm and identifying switches 

that remain unchanged throughout the day-these 

switches are the first candidates for removal. Next, 

the method systematically eliminates switches that 

undergo the fewest open-close operations within the 

daily cycle. After each switch removal, the network 

reconfiguration process is repeated, ensuring the 

remaining switches maintain optimal system 

performance. This iterative elimination process 

continues until all remaining switches are deemed 

essential for operational efficiency. 
 

3-4. Economic Analysis 
 

To determine the optimal number of switches, this 

study evaluates their impact on total system costs 

over the operational lifespan. These costs include 

investment and operational expenses for remote-

controlled switches and energy loss costs incurred 

throughout the project’s duration. 
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During the switch reduction process, system 

performance is simulated at each stage, calculating 

the combined cost of switch deployment and energy 

losses over the project’s lifetime. The configuration 

that minimizes costs is selected as the optimal 

solution. 

The total system cost is expressed as the Net 

Present Cost (NPC), defined in Equation (9): 
𝑁𝑃𝐶𝑡𝑜𝑡𝑎𝑙 = 𝑁𝑃𝐶𝑙𝑜𝑠𝑠 + 𝑁𝑃𝐶𝑐𝑎𝑝,𝑠𝑤 + 𝑁𝑃𝐶𝑚,𝑠𝑤 (9) 

Where 𝑁𝑃𝐶𝑙𝑜𝑠𝑠 is the net present cost of energy 

losses,  𝑁𝑃𝐶𝑐𝑎𝑝,𝑠𝑤 is the net present cost of switch 

investment, and 𝑁𝑃𝐶𝑚,𝑠𝑤Net present cost of switch 

maintenance. 

The annual cost of energy losses, Closs, is 

determined by multiplying the total annual energy 

loss, Eloss, by the electricity tariff, Telec, as shown in 

Equation (10). Annual energy losses are derived 

from daily loss values, using Equation (11), where 

loss24 represents daily network losses. 

𝐶𝑙𝑜𝑠𝑠 = 𝐸𝑙𝑜𝑠𝑠 × 𝑇𝑒𝑙𝑒𝑐 (10) 

𝐸loss = 𝑙𝑜𝑠𝑠24 ∗ 365 (11) 

On average, annual maintenance costs for 

switches amount to 3% of the total switch 

investment, Ccap,sw. The total annual maintenance 

cost, Cm,sw is given in Equation (12): 
𝐶𝑚,𝑠𝑤 = 0.03 × 𝐶𝑐𝑎𝑝,𝑠𝑤 × 𝑁𝑠𝑤 (12) 

where Nsw represents the number of remote-

controlled switches utilized in dynamic 

reconfiguration. The total investment cost for 

switches depends on the unit price per switch, Pswitch, 

and the required switch count, Nsw, calculated using 

Equation (13): 
𝐶𝐶𝑎𝑝,𝑠𝑤 = 𝑁𝑠𝑤 × 𝑃𝑠𝑤𝑖𝑡𝑐ℎ  (13) 

The net present cost (NPC) of all expenses, 

based on annual costs (A), is determined using 

Equation (14): 

𝑁𝑃𝐶 = [
(1 + 𝑖)𝑛 − 1

𝑖(1 + 𝑖)𝑛
] × 𝐴 (14) 

where n represents the operational period (years) 

and i denotes the annual interest rate. 

 

4. Case Study 
4-1. Overview of the Network  

 

The proposed method has been tested on the 

standard IEEE 33-bus radial distribution network 

under various operating conditions. Figure 1 

illustrates the network’s basic configuration. This 

network consists of 37 branches, each equipped 

with a switch that can be opened or closed. When 

all switches remain closed, the network forms five 

loops, which disrupt the radial topology [20]. 

Table 2 lists these loops and their corresponding 

branches. To preserve the radial configuration, one 

switch per loop must be opened while ensuring that 

no loop has multiple open branches, as this would 

compromise network continuity. The goal of 

dynamic reconfiguration is to select five optimal 

switches for each hour to improve network 

performance in response to fluctuating generation 

and demand.  

 

 
Fig. 1. IEEE 33 bus system 

 
Table 2. Loops and the relative branches in the case 

study 

Branches [20] loop 

2-3-4-5-6-7-18-19-20-33 1 

9-10-11-12-13-14-34 2 

8-9-10-11-21-33-35 3 

6-7-8-15-16-17-25-26-27-28-29-30- 31-32-34-36 4 

3-4-5-22-23-24-25-26-27-28-37 5 

 

All actions for reconfiguration are the possible 

choices of selecting one switch in each loop. So the 

total number of possible reconfiguration actions will 

be 10 × 7 × 7 × 16 × 11 = 86,240, although not all 

are feasible. Similarly, the number of possible 

system states, based on voltage constraints across 

network loops, is 25 = 32. 

To implement dynamic reconfiguration, various 

hourly load profiles were simulated across the 33 

buses of the distribution system. Figure 2 shows the 

hourly load profile for bus 15, which follows a 

typical residential demand pattern. 
 

 
Fig. 2. A residential load curve of in the system 

 

4-2. Validating the Model for Static Load  

 

To verify the reliability of the proposed method, a 

test was conducted using static load conditions, 

similar to those in reference [19], with the primary 
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objective of minimizing system losses. The results 

were compared with findings from previous studies. 

The optimal configuration obtained in this study 

involves opening switches on lines 7, 11, 14, 31, and 

37, while keeping all other switches closed. Under 

this setup, total system losses will be 112.95 kW, 

and the average voltage deviation across buses will 

be 0.165p.u. 

Fig. 3. presents the bus voltage profile, 

confirming that voltage constraints are satisfied at 

all buses. Table 3 provides a comparison of the 

proposed method with other approaches, 

demonstrating its enhanced efficiency. 

 

Fig. 3. Voltage profile after reconfiguration for static 

load 

 
Table 3. Results of different methods for static load 
minimum 

bus voltage 

Power 

loss(kW) 

Opened 

switches 

Reconfiguration 

method 

0.963 124.65 
7-10-13-

25-31 
Q learning [19] 

0.962 116.98 
6-9-14-

32-37 

Fuzzy Adaptive 

Evolutionary 

Programming [17] 

0.965 112.95 
7-11-14-

31-37 
Proposed method 

 

4-3. Results of Dynamic Reconfiguration 
4-3-1. System Performance Before Reconfiguration 

 

To establish a baseline, the system was initially set 

up with predefined open branches, represented by 

dashed lines in Fig. 1. Without implementing 

reconfiguration, power flow analysis under dynamic 

load conditions revealed total energy losses of 

2109.18kWh over 24 hours. Table 4 details hourly 

losses and voltage deviations. 

 
4-3-2. System Performance After Dynamic 

Reconfiguration with All Switches 

 

Applying dynamic reconfiguration with switches 

installed on all branches, the system generated six 

distinct configurations, each tailored to specific 

hours of operation. Table 4 presents the open 

branches, system losses, and voltage deviations for 

each hour, along with total system losses. 

 
4-3-3. Performance After Reconfiguration Using 

Critical Switches 

 

Following full-system reconfiguration, 13 switches 

were identified as critical, meaning they frequently 

change state and significantly influence network 

efficiency. These critical switches include: 6, 7, 9, 

10, 13, 14, 16, 27, 28, 30, 31, 35, and 37. 

Switches that remained inactive during the 

dynamic reconfiguration process were excluded 

from further optimization, and the Q-learning 

algorithm was retrained exclusively using critical 

switches to allow more efficient configuration 

selection. 

The updated dynamic reconfiguration results, 

including open branches, system losses, and voltage 

deviation profiles, are presented in Table 4. Under 

this revised setup, the number of actively changing 

switches decreased from 13 to 8, and total energy 

losses were further reduced, demonstrating 

improved algorithm convergence. 

The enhancement stems from reducing the 

number of possible reconfiguration actions, which 

simplifies the Q-matrix structure, allowing for faster 

and more efficient training. While this setup yields 

lower losses and better voltage stability, retaining 

numerous remote-controlled switches remains 

costly. Therefore, the next phase involves applying 

the switch reduction algorithm. 

 
4-3-4. Results After Implementing the Switch 

Reduction Algorithm 

 

To further optimize switch deployment, the 

algorithm identifies switches with minimal activity 

and shortest operational duration over a full day, 

progressively removing them while maintaining 

system functionality. A key condition in this process 

is ensuring at least one active switch per network 

loop. The process continues until the power flow 

analysis converges, confirming robust system 

operation. 

Upon execution, switch 6 was identified as the 

first candidate for removal. After eliminating switch 

6, a new dynamic reconfiguration was performed, 

with updated open branches, system losses, and 

voltage deviations recorded in Table 5. Following 

switch 6’s removal, total system losses increased by 

only 9.3kW, indicating minimal efficiency 

degradation while simultaneously reducing 
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installation costs. However, determining the ideal 

switch count requires a full economic assessment, 

covered in the next section. 

Further iterations identified switches 6, 28, 14, 

and 10 as the next removal candidates. The results 

after eliminating switches 6, 28, and 14 are shown 

in Table 5. However, removing switch 10 disrupted 

the algorithm’s ability to generate optimal hourly 

configurations, signaling the termination of the 

switch reduction process. 

The final configuration reveals that switches 7, 

13, 31, and 37 remain open throughout the day, 

while switches 9 and 10 change state only once 

within 24 hours. In this setup, only two switches are 

required for dynamic reconfiguration, which leads 

to the lowest capital cost, but total energy losses 

increase slightly compared to previous 

configurations. 
 

4-4. Economic Evaluation and Discussion 
 

To analyze the financial impact of the proposed 

dynamic reconfiguration method and find the 

optimum switches, the cost models outlined in 

Section 3 are applied. The economic assessment of 

the system using critical switches is as follows: 

Before reducing the number of switches, the system 

operates with eight remote-controlled switches, 

leading to an annual energy loss of: 
𝐸𝑙𝑜𝑠𝑠 = 1782.08 ∗ 365 = 650459.2 (15) 

Considering an electricity tariff, Telec, and an 

interest rate of 4% over 20 years, the Net Present 

Cost (NPC) of energy losses is calculated as: 

𝑁𝑃𝐶𝑙𝑜𝑠𝑠 = [
(1 + 0.04)20 − 1

0.04 × (1 + 0.04)20
] × 650459

× 𝑇𝑒𝑙𝑒𝑐 = 8839737 × 𝑇𝑒𝑙𝑒𝑐  

(16) 

The capital investment cost required for switch 

installation is: 
𝐶𝑐𝑎𝑝,𝑠𝑤 = 8 × 𝑃𝑠𝑤𝑖𝑡𝑐ℎ (17) 

where Pswitch represents the unit cost per switch. 

The maintenance cost per switch, taking into 

account periodic servicing expenses, is given by: 

𝑁𝑃𝐶𝑚,𝑠𝑤 =   [
(1 + 0.04)20 − 1

0.04 × (1 + 0.04)20
]

× 0.03 × 𝑃𝑠𝑤𝑖𝑡𝑐ℎ  

= 0.407 × 𝑃𝑠𝑤𝑖𝑡𝑐ℎ  

(18) 

Thus, the total initial financial commitment for 

the system, combining energy losses, investment, 

and maintenance, is: 
𝑁𝑃𝐶𝑡𝑜𝑡𝑎𝑙 = 8839737 × 𝑇𝑒𝑙𝑒𝑐 + 11.25 × 𝑃𝑠𝑤𝑖𝑡𝑐ℎ (19) 

Similar evaluations were conducted for each 

stage of switch elimination, and the results are 

summarized in Table 6, showing how the optimal 

number of switches and total system costs vary with 

switch price and electricity tariff. 
 

Table 4. Result of dynamic reconfiguration before switch reduction 

Dynamic Reconfiguration with critical 
switches 

Dynamic Reconfiguration with all 
switches 

Before Reconf. 

hour Avg. Voltage 
Deviation 

(p.u) 

Losses 
(kW) 

Open 
Branches 

Avg. Voltage 
Deviation 

(p.u) 

Losses 
(kW) 

Open Branches 
Avg. Voltage 

Deviation 
(p.u) 

Losses 
(kW) 

0.012 91.08 37-31-14-9-6 0.01 98.14 31-27-14-9-7 0.017 133.76 0 
0.012 91.08 37-31-14-9-6 0.01 98.14 31-27-14-9-7 0.017 133.76 1 
0.012 91.08 37-31-14-9-6 0.01 98.14 31-27-14-9-7 0.017 133.76 2 
0.012 91.08 37-31-14-9-6 0.01 98.14 31-27-14-9-7 0.017 133.76 3 
0.012 91.08 37-31-14-9-6 0.01 98.14 31-27-14-9-7 0.017 133.76 4 
0.012 91.08 37-31-14-9-6 0.01 98.14 31-27-14-9-7 0.017 133.76 5 
0.012 91.08 37-31-14-9-6 0.01 98.14 31-27-14-9-7 0.017 133.76 6 
0.011 75.85 37-31-13-9-7 0.012 76.82 37-31-13-9-6 0.012 76.82 7 
0.011 75.85 37-31-13-9-7 0.012 76.82 37-31-13-9-6 0.012 76.82 8 
0.011 75.85 37-31-13-9-7 0.012 76.82 37-31-13-9-6 0.012 76.82 9 
0.011 75.85 37-31-13-9-7 0.012 76.82 37-31-13-9-6 0.012 76.82 10 
0.008 55.93 37-31-14-9-7 0.01 57.74 30-28-14-9-7 0.01 56.99 11 
0.008 55.93 37-31-14-9-7 0.01 57.74 30-28-14-9-7 0.01 56.99 12 
0.008 55.93 37-31-14-9-7 0.01 57.74 30-28-14-9-7 0.01 56.99 13 
0.008 55.93 37-31-14-9-7 0.01 57.74 30-28-14-9-7 0.01 56.99 14 
0.008 55.93 37-31-14-9-7 0.01 57.74 30-28-14-9-7 0.01 56.99 15 
0.012 78.12 37-31-13-9-7 0.014 90.31 37-35-16-10-7 0.015 82.39 16 
0.012 78.12 37-31-13-9-7 0.014 90.31 37-35-16-10-7 0.015 82.39 17 
0.012 78.12 37-31-13-9-7 0.014 90.31 37-35-16-10-7 0.015 82.39 18 
0.011 77.25 31-28-13-10-7 0.013 79.08 37-31-14-10-6 0.013 79.28 19 
0.011 77.25 31-28-13-10-7 0.013 79.08 37-31-14-10-6 0.013 79.28 20 
0.011 77.25 31-28-13-10-7 0.013 79.08 37-31-14-10-6 0.013 79.28 21 
0.009 47.62 31-28-13-10-7 0.008 47.12 37-31-13-9-7 0.009 47.74 22 

0.009 47.62 31-28-13-10-7 0.008 47.12 37-31-13-9-7 0.009 47.74 23 

0.01 74.25 ------- 0.011 78.15 -------- 0.013 87.88 
Daily 

Average 

1782.07 
(kWh) 

1885.42 
(kWh) 

2109.18 
(kWh) 

Energy 
Loss in 

24 Hours 
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Table 5. Result of the switch reduction algorithm 

Dynamic Reconfig. with Removal of 

Switches 6, 28, and 14 

Dynamic Reconfig. with Removal 

of Switches 6 and 28 

Dynamic Reconfig. with Removal of 

Switch 6 

hour 
Avg. 

Voltage 

Deviation 

(p.u) 

Losses 

(kW) 
Open Branches 

Avg. 

Voltage 

Deviation 

(p.u) 

Losses 

(kW) 
Open Branches 

Avg. 

Voltage 

Deviation 

(p.u) 

Losses 

(kW) 
Open Branches 

0.01 92.95 37-31-13-9-7 0.01 92.95 37-31-13-9-7 0.01 92.95 37-31-13-9-7 0 

0.01 92.95 37-31-13-9-7 0.01 92.95 37-31-13-9-7 0.01 92.95 37-31-13-9-7 1 

0.01 92.95 37-31-13-9-7 0.01 92.95 37-31-13-9-7 0.01 92.95 37-31-13-9-7 2 

0.01 92.95 37-31-13-9-7 0.01 92.95 37-31-13-9-7 0.01 92.95 37-31-13-9-7 3 

0.01 92.95 37-31-13-9-7 0.01 92.95 37-31-13-9-7 0.01 92.95 37-31-13-9-7 4 

0.01 92.95 37-31-13-9-7 0.01 92.95 37-31-13-9-7 0.01 92.95 37-31-13-9-7 5 

0.01 92.95 37-31-13-9-7 0.01 92.95 37-31-13-9-7 0.01 92.95 37-31-13-9-7 6 

0.011 75.86 37-31-13-9-7 0.011 75.86 37-31-13-9-7 0.01 75.31 37-31-14-9-7 7 

0.011 75.86 37-31-13-9-7 0.011 75.86 37-31-13-9-7 0.01 75.31 37-31-14-9-7 8 

0.011 75.86 37-31-13-9-7 0.011 75.86 37-31-13-9-7 0.01 75.31 37-31-14-9-7 9 

0.011 75.86 37-31-13-9-7 0.011 75.86 37-31-13-9-7 0.01 75.31 37-31-14-9-7 10 

0.008 56.37 37-31-13-9-7 0.008 56.97 37-31-13-10-7 0.008 55.93 37-31-14-9-7 11 

0.008 56.37 37-31-13-9-7 0.008 56.97 37-31-13-10-7 0.008 55.93 37-31-14-9-7 12 

0.008 56.37 37-31-13-9-7 0.008 56.97 37-31-13-10-7 0.008 55.93 37-31-14-9-7 13 

0.008 56.37 37-31-13-9-7 0.008 56.97 37-31-13-10-7 0.008 55.93 37-31-14-9-7 14 

0.008 56.37 37-31-13-9-7 0.008 56.97 37-31-13-10-7 0.008 55.93 37-31-14-9-7 15 

0.012 78.12 37-31-13-9-7 0.012 77.08 37-31-14-9-7 0.013 78.95 37-31-13-10-7 16 

0.012 78.12 37-31-13-9-7 0.012 77.08 37-31-14-9-7 0.013 78.95 37-31-13-10-7 17 

0.012 78.12 37-31-13-9-7 0.012 77.08 37-31-14-9-7 0.013 78.95 37-31-13-10-7 18 

0.011 78.38 37-31-13-10-7 0.011 77.54 37-31-14-9-7 0.011 76.41 31-28-14-9-7 19 

0.011 78.38 37-31-13-10-7 0.011 77.54 37-31-14-9-7 0.011 76.41 31-28-14-9-7 20 

0.011 78.38 37-31-13-10-7 0.011 77.54 37-31-14-9-7 0.011 76.41 31-28-14-9-7 21 

0.008 47.12 37-31-13-9-7 0.008 47.12 37-31-13-9-7 0.008 46.83 37-31-14-9-7 22 

0.008 47.12 37-31-13-9-7 0.008 47.12 37-31-13-9-7 0.008 46.83 37-31-14-9-7 23 

0.01 74.98 ------- 0.01 74.87 -------- 0.01 74.64  
Daily 

Average 

1799.7 

(kWh) 

1797.08 

(kWh) 

1791.37 

(kWh) 
 

Energy 

Loss in 

24Hours 

 
Table 6. Economic Analysis 

Total cost Daily loss (kWh) 
Daily configuration 

states (No.) 
Reconfiguration method 

 ----- 2109.18  ----- Basic configuration (before) 

8839737 × Telec + 11.25 × Pswitch 1782.07 4 Reconfiguration using 8 switches 

8886034 × Telec + 8.44 × Pswitch 1791.37 4 Reconfiguration using 6 switches 

8914143 × Telec + 5.62 × Pswitch 1797.08 3 Reconfiguration using 4 switches 

8927135 × Telec + 2.81 × Pswitch 1799.7 2 Reconfiguration using 2 switches 

 

The findings highlight a clear trade-off: 

increasing the number of remote-controlled 

switches reduces energy losses, but comes with 

higher installation costs. 

To determine the optimal switch count, a 

sensitivity analysis was adopted for the switch 

price under two scenarios for the electricity price: 

1) Global average electricity tariff: 8¢/kWh 

2) Subsidized tariff (reflecting production cost of 

electricity in Iran): 1¢/kWh 

When evaluating total system costs using an 

electricity tariff of 8¢/kWh, the cost functions 

yield: 
𝑁𝑃Ctot,8 = 707178 + 11.25 × Psw (20) 

NPCtot,6 = 710882 + 8.44 × 𝑃sw (21) 

NPCtot,4 = 713131 + 5.62 × Psw (22) 

NPC𝑡𝑜𝑡,2 = 714170 + 2.81 × 𝑃sw (23) 

Comparing these cost functions, the economic 

threshold price for switches is $828. This means if 
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the switch price is below $828, deploying eight 

switches is the most cost-effective approach. But in 

the case where of switch price exceeds $828, 

utilizing the switch reduction algorithm is a more 

economical solution. 

Repeating the same cost evaluations under a 

subsidized tariff (1¢/kWh) results in: 
𝑁𝑃Ctot,8 = 88397 + 11.25 × Csw (24) 

𝑁𝑃Ctot,6 = 88860 + 8.44 × Csw (25) 

𝑁𝑃Ctot,4 = 89141 + 5.62 × Csw (26) 

𝑁𝑃Ctot,2 = 89271 + 2.81 × Csw (27) 

Under subsidized pricing, the economic 

threshold price for switches is only $104. This 

means, deploying eight switches is economically 

viable only if the switch price is below $104. 

If the switch price exceeds $104, reducing the 

number of switches leads to lower total system 

costs. 

Given that this study examines a medium-

voltage (MV) distribution network, tie switches for 

reconfiguration at this voltage level are relatively 

expensive. While a higher switch count improves 

voltage stability and reduces system losses, it also 

significantly increases infrastructure costs. The 

findings suggest that expanding switch deployment 

is cost-effective only when electricity tariffs are 

high, allowing the reduction in losses to offset 

switch costs. In low-tariff scenarios, the switch 

reduction algorithm becomes essential, as the 

economic threshold ($104) is far lower than actual 

MV switch prices. 

 

5. Conclusion 
 

This study explored optimal switch deployment for 

dynamic reconfiguration in power distribution 

systems. Conventional approaches assume that 

each feeder line is equipped with remote-controlled 

switches, resulting in high installation costs. The 

proposed method, leveraging reinforcement 

learning (Q-learning), optimizes network 

reconfiguration to minimize annual energy losses 

and enhance voltage profiles. Several 

improvements were made to the reward function, 

leading to better algorithm convergence. Dynamic 

load was modeled as six distinct hourly demand 

profiles, producing six optimized network 

configurations per day. These configurations were 

determined through sequential switching 

operations. To reduce infrastructure costs, a 

gradual switch reduction process was introduced, 

systematically eliminating switches with minimal 

contribution to reconfiguration efficiency. The 

algorithm was recalibrated at each step, 

determining the optimal number of switches based 

on economic comparisons.  

Findings confirm that increasing switch count 

lowers system losses but requires a higher initial 

investment. The optimal switch configuration was 

determined by evaluating total investment vs. 

operational costs, revealing that economic 

feasibility depends on electricity tariffs and switch 

prices. Two tariff scenarios were analyzed, 

showing that for medium-voltage networks, the 

switch reduction algorithm significantly reduces 

total costs. Future research could explore 

alternative state representations within 

reinforcement learning to enhance algorithm 

adaptability for varying grid conditions. 

Despite the successful performance of the 

proposed method in improving system operation, 

the algorithm has certain limitations in identifying 

the optimal system conditions under specific 

scenarios. This is because the states are defined 

based on voltage violations in the distribution 

network loops. Therefore, two cases can be 

envisioned where voltage violations occur at two 

buses within the same loop. However, since the 

algorithm is loop-sensitive, it cannot differentiate 

between these two cases and will provide the same 

response for both. Future studies can work on 

refining the state definition within the 

reinforcement learning algorithm to address this 

limitation. 
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