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Abstract


To improve the consumption rate of distributed energy and enhance the self-healing performance of distribution networks, this paper proposes a distribution network optimization method considering carbon emissions and dynamic reconfiguration. Firstly, various measures such as dynamic reconfiguration and distributed energy scheduling are used in upper-level optimization to reduce the network loss and solar curtailment cost of the system and to realize the optimal economic operation of the distribution network. Secondly, based on carbon emission flow theory in lower-level optimization, a low-carbon demand response model with a dynamic carbon emission factor as the guiding signal is established to promote carbon emission reduction on the user side. Then, the second-order cone planning and improved dung beetle optimization algorithm are used to solve the model. Finally, it is verified on the test system that the method can effectively reduce the risk of voltage overruns and enhance the low-carbonization and economy of distribution network operation.
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1. Introduction


As the installed capacity of distributed energy sources such as wind power and photovoltaics (PV) gradually increases, there is a great challenge to the safe and stable operation of distribution networks, and traditional control methods are no longer applicable [1,2,3,4]. The concept of active distribution networks (ADNs) provides a new way to operate and control distribution networks [5,6]. ADNs have a flexible network structure, utilize distributed energy, demand-side response, energy storage systems (ESSs), and other controllable resources, and are able to effectively cope with the impact of distributed energy grid connection [7,8,9].



A large number of scholars have studied the optimized operation of ADNs. In [10], the temporal and spatial distribution characteristics of EVs were considered to accurately predict EV loads, based on which a joint optimization model considering the dynamic reconfiguration of ADNs was established which effectively reduces system operation cost and voltage fluctuation. In [11], the distributed accelerated alternating direction multiplier method was used for zonal optimization of the scheduling of an ADN containing distributed energy, and the results show that the method can effectively promote local consumption of distributed energy and reduce the impact of grid connections on higher-level grids. In [12], a coordinated optimization strategy for an ADN based on model predictive control was proposed which could improve system economy and voltage quality. The above studies focused on the economy of ADN operation and lacked analysis of the low carbonization of systems.



Power systems are one of the main sources of carbon emissions, and their low carbonization has received widespread attention. In [13,14], a carbon trading mechanism was utilized to realize the economy and low carbonization of the power system. In [15], a total carbon emission constraint was added to the generation units output problem to realize the distributed low-carbonization scheduling of the system. In [16], considering the operation characteristics of carbon capture power plants, wind power, thermal power, nuclear power, and carbon capture power plants were jointly optimized. The above studies mainly promoted carbon emission reduction by means of carbon quotas as well as optimal scheduling, without considering the impact of user electricity consumption behavior on carbon emission reduction. Carbon emission flow theory can accurately describe the carbon emissions of all links in a power system, providing a theoretical basis for guiding users to directly participate in carbon emission reduction [17,18,19]. In [20], a new mechanism of demand response of the power system with dynamic carbon emission factor as the guiding signal was proposed. In [21,22,23], different types of loads were refined and categorized, and matching demand response strategies were formulated, but active power loss generated in the transmission process as well as the node voltage safety range were neglected. Performance comparison of different methods is shown in Table 1.



Based on previous research, this paper analyzes the characteristics of carbon emission flows in ADNs containing distributed energy and proposes a novel optimization strategy. The upper-level optimization model is the optimal economic scheduling model for ADNs, and combines dynamic reconfiguration of ADNs with active management measures of distributed energy to achieve the lowest network loss and cost of solar curtailment with consideration of the security constraints of ADNs such as line current, voltage magnitude, etc. The lower-level optimization model calculates carbon emission flow based on the optimized power flow result of the upper-level model and adjusts the system load curve with the optimization objective of minimizing the scheduling cost and total carbon emission so as to enhance the promotion effect of the user-side response on carbon emission reduction. The second-order cone planning and improved dung beetle optimizer (IDBO) algorithm are used to solve the above model [24]. Simulations based on the improved IEEE 33 node system are conducted to verify the economy and low carbonization performance of the proposed method.




2. Demand Response Modeling Considering Carbon Emissions


The traditional price-based demand response generally has peak and valley times of price based on load height, and with the increasing penetration of PV in ADNs the system share of PV power generation at different moments is different, resulting in the carbon emissions of distribution networks showing temporal variability. Therefore, based on the dynamic carbon emission factor (DCEF) [25], this paper divides the moments of high-carbon, flat-carbon, and low-carbon electricity consumption, establishes an elastic demand response model, guides users to adjust their electricity consumption behavior, changes the load distribution of the ADN, promotes the consumption of renewable energy, and reduces system carbon emissions.



2.1. Carbon Emission Flow of ADN


The carbon emission flow of a power system is a virtual network flow that depends on the system trend and follows the trend in the network. In this paper, we take the ADN shown in Figure 1 as an example to analyze the distribution characteristics of carbon emission flow in an ADN.



According to the principle of shared proportionality [26], in any branch flow out of a node, there exists a component of the branch flow into the node, and thus the carbon flow rate of a branch flow out of the node shall be the sum of the contributions of all the branches flowing into the node and the carbon flow rate of the outgoing branch. Therefore, the carbon flow density of the branch 24 is


   ρ  L 24   =      ∑   i ∈  ξ +     P  L 24      P  L i       ∑   s ∈  ξ +     P  L s      ρ  L i      P  L 2      =      ∑   i ∈  ξ +     P L   ρ  L i       ∑   s ∈  ξ +     P  L s      =      ∑   s ∈  ξ +     L  L s   CEF       ∑   s ∈  ξ +     P  L s      =  w j  =  w 2   



(1)




where    ξ +    is the set of all branches with active power flowing into node  j ;    ρ  L i     is the carbon flow density of the branch  i , whose value is the ratio of the carbon flow rate    L  L s   CEF     of the branch to the active power    P  Ls    ; and    w j    is the carbon potential of node  j .



From (1), the carbon flow density of the branch of the outgoing current is equal to the carbon potential of the upstream node of that branch. Distribution networks generally do not have circulating power, so for passive distribution networks, the injected power of any node is only provided by the unique upstream node of the network; in this case, the carbon potentials of all nodes are kept the same and are equal to the carbon potentials of the upstream nodes. When distributed power is connected in the ADN, the distributed power will affect the carbon potential of the node where it is located, and even the upstream node. Therefore, the carbon flow distribution of the whole ADN can be calculated when the current distribution of the system, the network structure and the carbon potential of the upstream node are known.




2.2. Dynamic Demand Response Model


The DCEF reflects the carbon emissions corresponding to the electricity consumption behavior of users at different moments in the scheduling cycle, and its mathematical model is


   D    CO  2  , t   =     ∑   j = 1    N n     P  j , t   load    w  j , t     /     ∑   j = 1    N n     P  j , t   load      



(2)




where    N n    is the total number of nodes,    D    CO  2  , t     is the DCEF of ADN at time  t , and    P  j , t   load     is the active load of node  j  at time  t .



Price-based demand response is generally through the adjustment of the price of electricity to change the original electricity consumption plan. The degree of load response and the amount of price change is often expressed by the elasticity coefficient  λ :


  λ =    Δ P / P   Δ C / C     



(3)




where  P  and   Δ P   are electricity consumption and change in electricity consumption, and  C  and   Δ C   are electricity price and change in electricity price. The elasticity coefficient can be written in the following matrix form:


  H =        λ  l l        λ  l n        λ  l h          λ  n l        λ  n n        λ  n h          λ  h l        λ  h n        λ  h h          



(4)




where    λ  l l   ,    λ  n n    , and    λ  h h     are the auto-elasticity coefficients for low-carbon, flat-carbon, and high-carbon time periods, respectively.    λ  l n   ,    λ  l l   ,    λ  n l   ,    λ  n h   ,    λ  h l    , and    λ  n n     are the mutual elasticity coefficients, respectively.



The load demand after implementing demand response can be expressed as


               P  1 , 1        ⋮       P  1 , t        ⋮       P  1 , T         =        P  0 , 1        ⋮       P  0 , t        ⋮       P  0 , T         +        P  0 , 1                       ⋱                      P  0 , t                       ⋱                      P  0 , T              E                Δ  C 1  /  C  0 , 1        ⋮      Δ  C t  /  C  0 , t        ⋮      Δ  C T  /  C  0 , T          



(5)




where    P  0 , t     and    P  1 , t     are the load demand before and after the implementation of demand response at time  t , and   Δ  C t  /  C  0 , t     is the rate of change of electricity price at time  t . The  E  matrix is extended from the elasticity matrix  H , and  T  is the scheduling period.



Taking one day as the scheduling cycle, according to the DCEF changes, the introduction of large and small fuzzy affiliation functions determines the high-carbon time period and low-carbon time period, and the rest of the time period is the flat-carbon time period; that is


         u A  =     D    CO  2  , t   −  D    CO  2  , min      D    CO  2  , max   −  D    CO  2  , min             u B  =     D    CO  2  , max   −  D    CO  2  , t      D    CO  2  , max   −  D    CO  2  , min             



(6)




where    u A    and    u B    are the high-carbon affiliation and low-carbon affiliation, and    D    CO  2  , max     and    D    CO  2   , min      are the maximum DCEF and the minimum DCEF.





3. Double-Level Optimization Model


The ADN optimization model proposed in this paper is a two-level optimization operation model. The upper-level model is the optimal economic scheduling model. The upper-level model is solved to obtain the optimal scheduling of PV and storage, the switch action of each time period, and the distribution of the system power flow. Based on the results of the upper-level model, the carbon potential and DCEF of each node are calculated and substituted into the lower-level-demand response model. The load data is updated according to the lower-level-demand response results and substituted into the upper-level economic scheduling model.



3.1. Upper-Level Optimization Model


3.1.1. Objective Function


The upper-level model has its objective function to minimize the sum of network losses and solar curtailment penalty cost    F 1   , i.e.,


  min  F 1  =   ∑   t = 1  T    ∑   i j ∈  ξ  Line      C  loss    I  i j , t  2   R  i j   Δ t +   ∑   t = 1  T    ∑   i ∈  ξ  PV      C  pvloss      P  i , t   PV , Pre   −  P  i , t   PV     Δ t  



(7)




where    ξ  Line     is the set of all branches;    ξ  PV     is the set of nodes accessing PV in the ADN;    C  loss     and    C  pvloss     are the network loss and solar curtailment cost;    P  i , t   PV , Pre     and    P  i , t   PV     are the predicted PV active power of node  i  and the active power actually injected into node  i  at time t; and    I  i j , t     is the current RMS value of branch   i j   at time  t .




3.1.2. Constraints


	(a)

	
DistFlow constraints







The DistFlow model takes the branch power as the object of study and is commonly used in AC distribution networks with the mathematical model [27]:


    ∑   k ∈ α  j     P  j k , t   −   ∑   i ∈ β  j       P  i j , t   −  I  i j , t  2   R  i j     =  P  j , t   in    



(8)






     ∑   k ∈ α  j     Q  j k , t   −   ∑   i ∈ β  j       Q  i j , t   −  I  i j , t  2   X  i j     =  Q  j , t   in     



(9)






    U  j , t  2  =  U  i , t  2  − 2    R  i j    P  i j , t   +  X  i j    Q  i j , t     +    R  i j  2  +  X  i j  2     I  i j , t  2    



(10)






   I  i j , t  2   U  i , t  2  =  P  i j , t  2  +  Q  i j , t  2   



(11)






   P  j , t   i n   =  P  j , t   s u b   +  P  j , t   P V   +  P  j , t   E S S , d c h   −  P  j , t   E S S , c h   −  P  j , t   l o a d    



(12)






   Q  j , t   i n   =  Q  j , t   s u b   −  Q  j , t   i o a d    



(13)




where   α  j    is the set of downstream nodes with node  j  as the upstream node of the branch;   β  j    is the set of upstream nodes with node  j  as the downstream node of the branch;    P  i j , t     and    Q  i j , t     are the active and reactive power flowing through branch   i j   at time t;    P  j k , t     and    Q  j k , t     are the active and reactive power flowing through the downstream branch with node  j  as the upstream node at time t;    P  j , t   in     and    Q  j , t   in     are the active and reactive power injected into the node  j  at time t;    P  j , t   ESS , dch     and    P  j , t   ESS , ch     are the charging and discharging power of the energy storage device of node j at time t;    P  j , t   sub     and    Q  j , t   sub     are the active and reactive power injected at node  j  at time  t ;    Q  j , t   Ioad     is the reactive power load of node  j  at time  t ;    U  j , t     is the voltage RMS value of node  j  at time  t ; and    R  i j     and    X  i j     are the equivalent resistance and reactance of branch   i j  .



Due to the presence of nonlinear terms in the above equations, which are generally difficult to solve directly. They are linearly transformed using intermediate variables as well as second order cone relaxation [28]. Let    I  i j , t   sqrt   =  I  i j , t  2  ,  U  j , t   sqrt   =  U  j , t  2    replace the squared term in (8)~(11), i.e.,


    ∑   k ∈ α  j     P  j k , t   −   ∑   i ∈ β  j       P  i j , t   −  I  i j , t   sqrt    R  i j     =  P  j , t   in    



(14)






     ∑   k ∈ α  j     Q  j k , t   −   ∑   i ∈ β  j       Q  i j , t   −  I  i j , t   sqrt    X  i j     =  Q  j , t   in     



(15)






    U  j , t   sqrt   =  U  i , t   sqrtt   − 2    R  i j    P  i j , t   +  X  i j    Q  i j , t     +    R  i j  2  +  X  i j  2     I  i j , t   sqrt     



(16)






   I  i j , t   sqrt    U  i , t   sqrt   =  P  i j , t  2  +  Q  i j , t  2   



(17)







There is a nonlinear term in (17), which is converted to a second-order cone constraint using the second-order cone relaxation method, i.e.,


   I  i j , t   sqrt    U  i , t   sqrt   ⩾  P  i j , t  2  +  Q  i j , t  2  ⇔       2  P  i j , t       2  Q  i j , t        I  i j , t   sqrt   −  U  i , t   sqrt        2  ⩽  I  i j , t   sqrt   +  U  i , t   sqrt    



(18)







After performing ADN dynamic reconfiguration, not all the branches satisfy (16), as some of them are in disconnected states, so (16) is further converted using the large M method [7]:


   U  j , t   sqrt   −  U  i , t   sqrt   ⩽ M  a  i j , t   − 2    R  i j    P  i j , t   +  X  i j    Q  i j , t     +    R  i j  2  +  X  i j  2     I  i j , t   sqrt    



(19)






   U  j , t   sqrt   −  U  i , t   sqrt   ⩾ − M  a  i j , t   − 2    R  i j    P  i j , t   +  X  i j    Q  i j , t     +    R  i j  2  +  X  i j  2     I  i j , t   sqrt    



(20)




where  M  is a large enough positive number and    a  i j , t     is a Boolean variable indicating the connected and disconnected status of branch   i j   at time  t . When    a  i j , t   = 0  , branch   i j   is connected, and when    a  i j , t   = 1  , branch   i j   is disconnected.



	(b)

	
Node voltage and branch current constraints







To satisfy ADN operational safety, the node voltages and branch currents must be limited within specified ranges, i.e.,


   U  j , min  2  ⩽  U  j , t   sqrt   ⩽  U  j , max  2   



(21)






  0 ⩽  I  i j , t   sqrt   ⩽  I  i j , max  2   



(22)




where    U  j , max     and    U  j , min     are the maximum and minimum voltages of node  j  and    I  i j , max     is the maximum current flow through branch   i j  .



	(c)

	
PV Output Constraints







Considering the different characteristics of PV outputs, different upper limits are set to constrain the PV outputs, which are constrained as


  0 ⩽  P  j , t   PV   ⩽  P  j , t   PV , max    



(23)




where,    P  j , t   PV , max     is the maximum PV power of node  j  at time  t .



	(d)

	
ESS operational constraints







To smooth the fluctuation of PV output and increase the PV consumption rate, ESS is usually configured in the ADN system, and the charging and discharging process of ESS needs to be limited in terms of charging and discharging states and power, with the following constraints:


  0 ⩽  ε  j , t   ESS , ch   +  ε  j , t   ESS , dch   ⩽ 1  



(24)






   ε  j , t   ESS , ch    P  t , min   ESS , ch   ⩽  P  j , t   ESS , ch   ⩽  ε  j , t   ESS , ch    P  t , max   ESS , ch    



(25)






   ε  j , t   ESS , dch    P  t , min   ESS , dch   ⩽  P  j , t   ESS , dch   ⩽  ε  j , t   ESS , dch    P  t , max   ESS , dch    



(26)






   E  j , t + 1   ESS   =  E  j , t   ESS   +  η  ch   ESS    P  j , t   ESS , ch   −  η  dch   ESS    P  j , t   ESS , dch    



(27)






   E  min   ESS   ⩽  E  j , t + 1   ESS   ⩽  E  max   ESS    



(28)




where    ε  j , t   ESS , ch     and    ε  j , t   ESS , dch     are the charging and discharging state of the ESS of node  j  at time  t , which are used to restrict the ESS to be only in the charging or discharging state;    P  t , max   ESS     and    P  t , min   ESS , ch     are the maximum and minimum charging power of the ESS at time  t ;    P  t , max   ESS , dch     and    P  t , min   ESS , dch     are the maximum and minimum discharging power of the ESS at time  t ;    E  j , t   ESS     is the capacity of the ESS of node  j  at time  t ;    E  max   ESS     and    E  min   ESS     are the maximum and minimum ESS capacities; and    η  ch   ESS     and    η  dch   ESS     are the ESS charging and discharging efficiency coefficients.



	(e)

	
Topology constraints







In the upper-level optimization problem, it is necessary to ensure that the reconfigured ADN satisfies the radial structure; i.e., there are no islands and loops. In this paper, we adopt the radial topology constraint method [21], which is modeled as follows:


    ∑   i j ∈  ψ k     a  i j   +   ∑   r ∈  ψ k     b r  = 1  



(29)






     ∑   r ∈  ∂ n     b r  ⩽ 1   



(30)






     ∑   r ∈  ∂ n     b r  =   ∑   i j ∈  ∂ n     a  i j     



(31)






     ∑   r ∈  φ m     b r  <  N   φ m      



(32)




where    ψ k    is the set of branches in the first  k  basic loop;    ∂ n    is the set of common branch loops in neighboring basic loops, i.e.,    ∂ n  =  ψ  k 1   ∩  ψ  k 2    ;    b r    is the intermediate variable that replaces the common branch variable    a  i j     in the neighboring basic loops so that the switches from each basic loop are independent of each other;  r  is the branch corresponding to the converted intermediate variable    b r   ;    φ m    and    N   φ m      are the set of cutsets corresponding to node degree greater than or equal to three in the network and the number of branches in the corresponding cutsets.





3.2. Lower-Level Optimization Model


3.2.1. Objective Function


The lower-level model is based on the objective function of minimizing carbon emission on the load side as well as minimizing the cost of demand response scheduling.



Minimizing the total carbon emission


  min  E    CO  2    = min   ∑   t = 1  T    ∑   j = 1    N n     P  j , t    load , DR     w  j , t    



(33)




where    P  j , t   load , DR     is the load level of node  j  after demand response at time  t .



Minimizing the demand response scheduling cost


  min  C  DR   = min   ∑   t = 1  T     P  0 , t    C  0 , t   −  P  1 , t    C  1 , t      



(34)







For the above multi-objective function, the weighting combination is used to transform it into a single-objective problem. Because of the different sizes of the two scales, the weighting needs to be normalized before processing, and ultimately results in the lower model objective function


  min  F 2  =   1 − α    E    CO  2   ′  + α  C  DR  ′   



(35)




where  α  is the weight factor.




3.2.2. Constraints


	(a)

	
Total day-ahead load constraints







To satisfy the customer electricity demand, in the implementation of the demand response process it is required that the total amount of load remains unchanged during the scheduling cycle, i.e.,


    ∑   t = 1  T   P  0 , t   =   ∑   t = 1  T   P  1 , t    



(36)







	(b)

	
Load-response constraints







The amount of load regulation during the scheduling cycle is subject to the following limitation:


  Δ  P  t , min   ⩽  P  1 , t   −  P  0 , t   ⩽ Δ  P  t , max    



(37)




where   Δ  P  t , max     and   Δ  P  t , min     are the upper and lower limits of adjustable load at time  t .



	(c)

	
Electricity price constraints







Electricity price should be set within limits:


   C  t , min   ⩽  C  1 , t   ⩽  C  t , max    



(38)




where    C  t , max     and    C  t , min     are the upper and lower limits of the electricity price at time  t .



	(d)

	
User electricity cost constraints







To ensure that customers are motivated to participate in demand response as well as benefit from it, it is required that the cost of electricity consumption after demand response is less than before demand response:


    ∑   t = 1  T   P  0 , t    C  0 , t   ⩾   ∑   t = 1  T   P  1 , t    C  1 , t    



(39)










4. Solution Method


4.1. Improved DBO Algorithmization


The dung beetle optimizer (DBO) algorithm is a new heuristic optimization algorithm based on the social behaviors of dung beetles, which not only has the characteristics of simple structure and strong optimization searching ability, but also suffers from local and global imbalance problems [24]. Therefore, to improve the search performance of the DBO algorithm, this paper adopts various strategies to improve it.



4.1.1. Chebyshev Maps the Initial Population


The random initialization of population method is used in the DBO algorithm, which leads to uneven distribution of dung beetles in the solution space and affects its convergence speed and accuracy. In this paper, Chebyshev chaotic mapping is added in the initialization of population in the DBO algorithm, which enhances the diversity of the initial population and makes its distribution more even in the whole solution space, as is shown below:


   x  n + 1   = cos   k arccos  x n     



(40)




where  k  is the order and    x n    is the position of the population individual at the iteration  n ,    x n  ∈   − 1 , 1    .




4.1.2. Adaptive Weight and Variable Spiral Searching


To further improve the optimization performance of DBO, an adaptive variable spiral search strategy is introduced to improve the position of the dung beetle and adaptive inertia weights are added. The position of the improved theft phase is updated as


   η *  =  e  γ cos   π t /  S  max   Iter   )      



(41)






  ω =  ω  min   +    ω  max   −  ω  min     arctan   π t / 2  S  max   Iter      



(42)






   x i  t + 1   = ω  x  gbest  t  +  e  l  η *    cos   2 π l        x i t  −  x  gbest  t    +    x i t  −  x  lbest  t       



(43)




where    η *    is the variable helix parameter;  γ  is the adjustment factor;    S  max   Iter     is the maximum number of iterations;  l  is the random number   l ∈   − 1 , 1    ;  ω  is the weight coefficient; and    x  gbest  t    and    x  lbest  t    are the global and local optimal positions of the iteration  t .




4.1.3. Optimal Positional Perturbation Strategy


The DBO algorithm gradually approaches the optimal individual in the later iterations, leading to a decrease in the diversity of the population. To reduce the possibility of its falling into local optimality, this paper perturbs the optimal dung beetle individuals through two perturbation strategies, namely, equal probability alternating selection of Cauchy mutation and refractive inverse learning, as is shown below:


   x  new , gbest  t  =         l b  +  u b   2   +     l b  +  u b    2 δ    −     x  gbest  t   δ   , rand ( ) < 0.5      x  gbest  t  + Cauchy   0 , 1    x  gbest  t  , rand ( ) ⩾ 0.5      



(44)




where    x   new , gbest   t    is the new individual after perturbation;    l b    and    u b    are the upper and lower bounds of the variables; and  δ  is the refractive index of light, which varies with the number of iterations. Cauchy     0 , 1     is the standard Cauchy distribution.



Since it is not possible to confirm that the mutated optimal fitness is better than the original fitness, this paper chooses whether to update the position or not by a greedy strategy.





4.2. Model Solving


The model solution flow is shown in Figure 2.



The upper ADN operation optimization model is converted into a mixed integer second-order cone planning model after linear transformation and second-order cone relaxation, which can be solved by CPLEX commercial solver, and there are both continuous and discrete variables in its decision variables. Theoretically, the switch state at each moment in the scheduling cycle should be defined as a variable. However, as the time period increases, the number of discrete variables and the search space of the solution also increase greatly, which greatly affects the solution efficiency, and the number of dynamic reconfigurations should be limited in order to ensure that the service life of the switch is within the normal range in practice. Therefore, this paper adopts the time period division method based on improved recursive ordered clustering to divide the discrete equipment regulation cycle, and the dynamic reconstruction only occurs at the initial moment of each time period.



The lower-level optimization model is solved using IDBO. Since the load levels change after the demand response, it is necessary to correct the load data in the upper-level model and re-solve the economic scheduling model.





5. Case Study


5.1. Simulation Setup


To verify the effectiveness of the method proposed in this paper, simulations are performed based on the improved IEEE 33 node system [29]. The network topology is shown in Figure 3. On this basis, PV arrays PV1, PV2, and PV3 with rated capacities of 1500 kW are accessed for nodes 14, 17, and 29, respectively. The ESS with a rated capacity of 1000 kWh is accessed at node 31, which has a rated charging and discharging power of 150 kW and maximum charging and discharging efficiencies of 0.9. The day-ahead predicted load power of each node at each time slot is obtained based on the load ratio and load distribution in [30]. PV power curves are calculated with reference to [30] and shown in Figure 4, along with the reconfiguration time slot division results and load. The network loss and solar curtailment penalty referred to [31] and the tariff elasticity matrix data referred to [26]. The ideal operating voltage is set as [0.95, 1.05]. The scheduling period is 24 h with a step size of 1 h, and three different scenarios are set up: Scenario 1 is the traditional ADN optimization. Scenario 2 is ADN optimization using demand response. Scenario 3 is ADN optimization using dynamic reconfiguration with demand response.




5.2. Scheduling Results Analysis


5.2.1. Economics in Different Scenarios


Compared to Scenario 1 and Scenario 2, Scenario 3 uses a low-carbon-demand response, so the load curve will change compared to the original curve. The DCEF can be calculated from the upper optimization result. On this basis, the fuzzy genus function is used to adjust the small segments, and the 24 h in a cycle is divided into three electricity consumption periods of high carbon, flat carbon, and low carbon, with each period lasting 8 h. The specific time period division results are shown in Table 2, and the load curve and the DCEF are shown in Figure 5.



As can be seen in Figure 5, after considering the low-carbon-demand response, the load is shifted from the high-carbon period to the low-carbon period and the load is reduced during the flat carbon period, which not only reduces the peak-to-valley difference of the load and improves the balance of the ADN, but also increases the consumption of renewable energy sources because of the shifting of the variable load electricity consumption time and the use of low carbon energy sources as much as possible. The direction of ADN carbon flow for Scenario 2 is shown in Figure 6, the system topology after dynamic reconfiguration for Scenario 3 is shown in Figure 7, and the comparison of economic performance in different scenarios is shown in Table 3. O&M cost equals the sum of network loss cost, solar curvature cost, and scheduling cost.



As can be seen from Table 3, Scenario 1 adopts the traditional scheduling strategy and does not consider the impact of carbon emissions, which results in high network losses, solar curtailment cost, and system carbon emissions. Compared with Scenario 1, the use of the low-carbon demand response in Scenario 2 results in a reduction of 34.81% in the solar curtailment cost from USD 101.78 to USD 718.26, a decrease of 34.81%, a slight reduction in network loss, and a reduction of 7.92% in the total system operating cost from USD 1696.82 to USD 1562.46, and a reduction of 5.24% in carbon emissions from 13,408.56 kg to 12,704.71 kg. Comparing Scenario 2 and Scenario 3, it can be seen that considering dynamic reconfiguration, the network loss as well as the cost of discarding PV is reduced by 48.19% and 31.23%, while the carbon emissions of the system are reduced by 9.47% by cooperating with the mutual action of some switches. The above results show that the joint optimization proposed in this paper effectively improves ADN operation and has a good effect on improving the economy of ADN as well as promoting renewable energy consumption.




5.2.2. Carbon Emissions in Different Scenarios


The node carbon emissions for the three different scenarios are shown in Figure 8.



As can be seen from Figure 8, the main difference between Scenario 2, Scenario 3, and Scenario 1 is that the nodal carbon emissions reduce in the periods from 5:00 to 7:00 and from 18:00 to 22:00, because the implementation of price-based demand response guided by the DCEF changes user’s electricity consumption habits on the time scale, and some of the loads in the high-carbon time period with a large DCEF are shifted to the low-carbon time period with a small DCEF. However, in some moments the total load is larger than the PV output and the carbon emissions in some nodes increase in order to prevent voltage overruns. The shift of some loads from the high-carbon period with a large dynamic carbon factor to the low-carbon period with a small dynamic carbon factor, however, resulted in higher carbon emissions at some nodes in some moments when the total load after the shift was larger than the PV output and in order to prevent voltage overruns. Nevertheless, the overall carbon emissions were still reduced in the overall view. Comparing Scenario 2 with Scenario 3, the main difference was that in Scenario 3, during the period from 9:00 to 16:00, the carbon emissions of node 3~7 increased, but the carbon emissions of node 20~25 greatly reduced, because Scenario 3 considered dynamic reconfiguration to change the topology of the network, which consumed the PV output power cut due to voltage overrun, reduced the node carbon emissions, and at the same time changed the range of the PV energy supply.




5.2.3. Node Voltage in Different Scenarios


The results of the effect of different scheduling strategies on the system voltage are shown in Table 4, and the results are used as standardized values.



To further verify the enhancement of the proposed method on the system voltage control level, three typical moments are selected, which are the moment when the PV output prediction value is similar to the load level (  10 : 00  ), the moment when the PV output prediction value is larger and the load level is lower (  13 : 00  ), and the moment when the PV has no output and the load level is larger (  20 : 00  ). The voltage distributions at different moments are shown in Figure 9.



Figure 9a shows that when the PV output is similar to the load level, the highest voltage in Scenario 1 occurs at node 17, reaching 1.048. This value approaches the upper operational limit, posing a risk of overvoltage. After incorporating a low-carbon demand response in Scenario 2, the maximum voltage drops to 1.036. This reduction occurs because the total load level increases under a low-carbon demand response, while the PV output has already reached its maximum before demand response activation. Figure 9b reveals that during periods of high PV output and relatively low load, the maximum voltage in Scenario 1 is 1.030. However, in Scenario 2 with low-carbon-demand response, the load level increases and the PV output increases correspondingly, causing the system voltage to rise to 1.050. This reaches the upper operational limit, creating an overvoltage risk, necessitating PV output curtailment. Figure 9c demonstrates that when there is no PV output and the load level is high, the minimum voltage in Scenario 1 drops to 0.918, significantly deviating below the lower operational limit. Implementing a low-carbon-demand response raises the minimum voltage to 0.937. This improvement arises because the demand response reduces the total system load, thereby increasing the overall voltage profile, although it remains below the ideal operating voltage.



Critically, under all conditions, Scenario 3, which further incorporates dynamic reconfiguration, achieves a substantial improvement in node voltage quality. This effectively mitigates the risk of power accidents caused by voltage limit violations and ensures that the secure operation requirements of the distribution network are met.




5.2.4. Optimization Results with Different Weights


The impact of different weights in the lower tier demand response on the optimization results is shown in Figure 10, which shows that as the weight  α  rises, the overall trend in the scheduling cost required to implement demand response decreases, and the trend in the decrease in scheduling cost is more moderate when   α ∈   0.5 , 1     is used. On the contrary, the total system carbon emissions gradually increase. Due to the conflict between the two, in order to take into account the scheduling cost and the total carbon emissions of the system, the fuzzy decision-making method is used to select a compromise solution [26], and the final value of  α  is taken as 0.5.





5.3. Performance Analysis of IDBO Algorithm


In order to verify the performance of the IDBO algorithm proposed in this paper, the particle swarm optimization (PSO) algorithm [19], DBO algorithm, and IDBO algorithm are used to jointly solve the ADN optimization scheduling problem in Scenario 3. For example, the population size is set to be 30 and the number of iterations is 100, in which the PSO learning factors c1 and c2 are both 1.5, the DBO parameters refer to [24], the proportion of rolling, breeding, fed, and stealing dung beetles in IDBO are 20%, 20%, 25%, and 35%, respectively, k is 0.1, b is 0.3,    ω  max     is 0.89, and    ω  min     is 0.1. The iteration curves are shown in Figure 11 and the fitness is weighted by normalization.



As can be seen from Figure 11, the PSO algorithm has weak convergence as well as a weak global search capability for the same number of populations and iterations. In contrast, IDBO improves DBO by incorporating multiple strategies to enhance its convergence performance; IDBO converges to the minimum objective function after 49 iterations, while DBO converges to the minimum objective function after 81 iterations. In terms of global search capability, DBO and IDBO perform similarly. In summary, IDBO has better convergence as well as global search ability. The comparison of calculation time for different methods is shown in Table 4. IDBO has the fastest computing speed, about 1.5 times that of DBO and 2 times that of PSO. Table 5 shows that the method proposed in this paper has good computational performance and has the potential to be extended to large-scale systems.





6. Conclusions


This paper proposes a novel optimization strategy for the operation of distribution networks in terms of economy, security, and low carbon. The following conclusions are obtained through case studies:




	
The method in this paper changes the network topology through reasonable regulation of ESS, PV, and dynamic reconfiguration, which can equalize the distribution of the current, effectively reducing the network loss, solar curtailment cost, and system operating cost, and at the same time solving the ADN voltage overrun problem.



	
The simulation results based on the 33 node testing system show that, based on the theory of carbon emission flow, under the premise of not changing the total load demand and using the DCEF as a guiding signal, the system load is reasonably adjusted on the time scale, which can promote coordinated interaction between the supply side and the demand side, promote the consumption of new energy, reduce the operating costs of the power system, and significantly reduce the total carbon emissions of the system.



	
The proposed IDBO optimization algorithm possesses good convergence and global search capability, which can effectively solve the demand response model in this paper.
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Figure 1. Schematic diagram of the carbon flow of an ADN. 
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Figure 2. Flowchart of the two-level model solution. 
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Figure 3. Improved IEEE 33 node system. 
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Figure 4. Graph of PV output and raw load profile. 
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Figure 5. DCEFs and load profiles before and after demand response. 
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Figure 6. Direction of ADN carbon flow at 10:00 in Scenario 2. 
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Figure 7. System topology after dynamic reconfiguration for Scenario 3. 






Figure 7. System topology after dynamic reconfiguration for Scenario 3.



[image: Processes 13 01850 g007]







[image: Processes 13 01850 g008] 





Figure 8. Carbon emissions in different scenarios. 
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Figure 9. Voltage profiles at three typical moments. (a) Voltage amplitude at 10: 00; (b) Voltage amplitude at 13: 00; (c) Voltage amplitude at 20: 00. 
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Figure 10. Scheduling costs and total system carbon emissions at different weights. 






Figure 10. Scheduling costs and total system carbon emissions at different weights.



[image: Processes 13 01850 g010]







[image: Processes 13 01850 g011] 





Figure 11. Convergence curves of different algorithms. 
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Table 1. Performance comparison of different methods.
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	Low-Carbon Characteristics
	Economic Efficiency
	Demand Response and Dynamic Reconfiguration





	[15]
	Low
	Low
	×



	[16]
	Medium
	Medium
	×



	[20]
	High
	Medium
	×



	This paper
	High
	High
	√










 





Table 2. Results of the division of high- and low-carbon time periods.
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	Time Slot Type
	Time Division





	High carbon
	5:00–7:00, 18:00–22:00



	Flat carbon
	1:00–4:00, 7:00–8:00, 17:00–18:00, 23:00–24:00



	Low carbon
	9:00–16:00










 





Table 3. Scheduling results for the three different scenarios.
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Scenario

	
Time

	
OFF Branch

	
O&M Cost ($)

	
Network Loss Cost ($)

	
Solar Curtailment Cost ($)

	
Scheduling Cost ($)

	
Carbon Emission (kg)






	
1

	
All hours

	
S33, S34, S35, S36, S37

	
1696.82

	
595.04

	
1101.78

	
0

	
13,408.56




	
2

	
All hours

	
S33, S34, S35, S36, S37

	
1562.46

	
587.76

	
718.26

	
256.44

	
12,704.71




	
3

	
1:00–8:00

	
S7, S9, S16, S28, S34

	
1054.89

	
304.53

	
493.92

	
256.44

	
11,500.96




	
9:00–16:00

	
S7, S9, S16, S26, S33




	
17:00–21:00

	
S7, S9, S16, S28, S34




	
22:00–24:00

	
S7, S9, S14, S32, S37











 





Table 4. System voltage offsets for different scenarios.
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	Scenario
	Total Voltage Offset





	1
	0.4006



	2
	0.3518



	3
	0.2281










 





Table 5. Solution time for different methods.
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	Method
	Solution Time (s)





	IDBO
	13.22



	DBO
	20.52



	PSO
	26.13
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