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To address power imbalance, voltage fluctuations, and low new energy consumption rate caused by high penetra-
tion of distributed new energy in multi-power distribution networks, this study proposes an energy storage power 
control method based on an improved ant colony algorithm (ACO). First, A multi-objective optimization model was 
constructed, considering the reduction of network loss, improvement of new energy consumption, and stability of 
energy storage SOC. The entropy weight method was used to objectively determine the target weights. Second, to 
solve the poor accuracy of traditional ACO in continuous control, a "continuous domain discretization" strategy was 
introduced, and pheromone update rules were optimized to enhance algorithm convergence and precision. Finally, a 
case study of a 10kV industrial park distribution network is introduced. The research shows that compared with tra-
ditional ant colony algorithm and particle swarm algorithm, the improved algorithm reduces voltage fluctuations by 
42%, lowers the daily network loss rate to 2.13% (44.2% lower than no energy storage), and increases the photovoltaic 
consumption rate on clear days to 96.2%. The results of the paper validate the effectiveness of the proposed approach 
in optimizing the operation of the distribution network and promoting the integration of new energy.
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1. Introduction
With the global pursuit of sustainable energy devel-
opment and the active promotion of the "dual-car-
bon" goal, the penetration rate of distributed new 
energy sources such as photovoltaic (PV) and wind 
power in distribution networks has been increasing 
significantly in recent years [10], [12], [22], [18], [6]. 
This has led to the formation of a multi-power sup-
ply pattern that combines new energy, traditional 
power sources, and energy storage in distribution 
networks. However, the unique characteristics of 
new energy, such as randomness and intermittency, 
have brought about a series of challenges to the safe 
and stable operation of distribution networks [20], 
[19], [23], [4], [8].
The randomness of new energy output, mainly af-
fected by factors like variable solar irradiance and 
unstable wind speeds, makes it difficult to accu-
rately predict power generation. For instance, sud-
den changes in weather conditions can cause rapid 
fluctuations in PV power output, leading to imbal-
ances between power generation and load demand 
[13, 24]. These imbalances not only affect the pow-
er quality but also increase the complexity of power 
system operation and control. Voltage fluctuations 
are also a major issue. The intermittent nature of 
new energy can cause significant voltage drops or 
surges in distribution networks, especially in areas 
with high new energy penetration. This not only 
reduces the lifespan of electrical equipment but 
also poses potential risks to the stable operation of 
the power grid [1], [14], [15]. Additionally, network 
losses tend to increase due to the complex power 
flow distribution resulting from the integration of 
new energy sources. The continuous adjustment of 
power flow to accommodate new energy output of-
ten leads to higher resistive losses in distribution 
lines [3], [25].
Energy Storage Systems (ESS) have emerged as a 
crucial solution to mitigate these problems. Their 
ability to store and release electrical energy flexibly 
allows for better regulation of power flow, stabili-
zation of voltage, and optimization of distribution 
network operation [9], [17], [5], [26]. However, de-
signing effective power control strategies for ESS 
in multi-power distribution networks remains a 
challenging task. Traditional energy storage pow-

er control methods, such as rule-based control and 
PID control, have limitations. Rule- based control, 
which sets charging and discharging thresholds 
based on experience, is unable to respond prompt-
ly to sudden changes in new energy output [7]. PID 
control, on the other hand, shows poor adaptability 
to the non-linear and time-varying characteristics 
of multi-power distribution networks, making it 
difficult to achieve comprehensive optimization of 
multiple objectives [2].
In recent research, global scholars have explored 
diverse approaches for energy storage power con-
trol amid high renewable penetration. Feng et al. 
[11] adopted the PSO algorithm for optimizing en-
ergy storage charging/discharging behaviors; while 
it achieves fast convergence, it frequently traps in 
local optima under multi-constraint scenarios like 
coupled power flow and SOC limits. Domestically, 
studies focus on multi-objective coordinated opti-
mization. Li et al. [16] developed an energy storage 
control model targeting network loss minimization 
and new energy consumption maximization, solved 
via a genetic algorithm. However, the algorithm’s 
heavy reliance on iterative calculations results in 
poor real-time performance. Recent advances in 
Ant Colony Optimization (ACO) focus on address-
ing inherent limitations and expanding applicabil-
ity. Hybridization with other heuristics, such as 
genetic algorithms (forming HGACO), has become 
a key direction, boosting global search efficiency 
by 38.6% and solution quality by 17.3%. Dynam-
ic parameter adjustment and elite ant strategies 
are widely adopted to balance exploration and ex-
ploitation, accelerating convergence and avoiding 
local optima. Additionally, ACO is increasingly in-
tegrated with deep learning for complex scenarios 
like multi-robot path planning and smart grid op-
timization, driven by demands for robustness and 
scalability.
Existing research has two main shortcomings. 
First, in multi-objective optimization, the weight 
setting for different objectives is often subjective, 
making it hard to balance network losses, new en-
ergy consumption, and energy storage lifespan [8]. 
Second, the convergence and robustness of algo-
rithms in scenarios with dynamic coupling of mul-
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tiple power sources need to be improved. The ant 
colony algorithm, with its distributed optimization 
and strong global search capabilities, shows poten-
tial in solving multi-constraint optimization prob-
lems [6], [20]. However, its application in the con-
tinuous control of energy storage power requires 
further exploration and improvement [21]. In [27], 
the improved genetic algorithm is established to 
complete the optimisation method design of photo-
voltaic microgrid energy storage configuration.
This study aims to fill these research gaps. The main 
innovations are as follows: Firstly, a multi-objective 
optimization framework is developed, synergistical-
ly integrating network loss minimization, new ener-
gy accommodation enhancement, and SOC stability 
of energy storage. By introducing the entropy weight 
method, objective weighting of these targets is 
achieved, eliminating subjective biases in tradition-
al weight assignment and enabling truly coordinated 
optimization. Secondly, to overcome the poor accu-
racy of conventional ACO in continuous power con-
trol, a "continuous domain discretization" strategy is 
proposed. This novel approach partitions the energy 
storage power control range into discrete intervals 
while optimizing pheromone update mechanisms, 
significantly boosting both convergence speed and 
optimization precision. Thirdly, a comprehensive 
validation protocol is established, leveraging real 
distribution network parameters. Comparative 
analyses of the improved ACO against PSO and tra-
ditional ACO are conducted across voltage stability, 
network loss rate, and new energy accommodation 
rate, providing multi-dimensional evidence for the 
proposed method’s superiority.

2. Energy Storage Power Control for 
Multi-Power Distribution Networks
2.1. Mathematical Modeling
2.1.1. Establishment of Distribution Network Model
Taking a radial multi-power distribution network as 
the research object, the node voltage method is used 
to construct the distribution network power flow 
model. Assume the distribution network contains N 
nodes and B branches. The power balance equation 
for node i is:

+ , − − , = 2 + 2
∈

( cos + sin ) 

+ , − − , = 2 + 2
∈

( cos + sin ) 

+ , − − , = ∑ 2 + 2∈ ( cos − sin ) 
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, (1)

where, PGi and QGi are the active and reactive power 
outputs of traditional power sources; PRES,i and QRES,i 
are the active and reactive power outputs of new en-
ergy sources (PV/wind power); PLi and QLi are the load 
powers at node i; Ploss,i and Qloss,i are the branch power 
losses; Vi and Vj are the voltages at nodes i and j; Rij and 
Xij are the resistance and reactance of branch ij; θij is 
the voltage phase difference between nodes i and j; 
and Ωi is the set of adjacent nodes of node i.

2.1.2. Energy Storage System Model
A lithium-ion battery model is adopted for the en-
ergy storage system, considering charging and dis-
charging efficiency and SOC constraints. Its mathe-
matical model is as follows:
1	 SOC dynamic equation:

( ) = 0 − 1 ∫ ( )
( )

0
,
 
, (2)

where, SOC0 is the initial SOC of the energy storage 
system; EESS is the rated capacity of the energy stor-
age system; PESS(τ) is the energy storage power at time 
t (positive value for discharging, negative value for 
charging); and ηESS(τ) is the charging and discharging 
efficiency (η<1 for charging, η>1 for discharging).
2	 Power and SOC constraints:

− , ≤ ( ) ≤ ,                     (3)
− , ≤ ( ) ≤ ,

≤ ( ) ≤    , (4)

where, PESS,max is the rated power of the energy stor-
age system; SOCmin=0.2 and SOCmax=0.8 are the safe 
SOC range.
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2.1.3. Power Control Objective Function
A multi-objective optimization function is con-
structed, and the entropy weight method is used to 
determine the objective weights:
1	 Objective of minimizing network losses:

1 = min ∑
2+ 2

2
∈  

, (5)

where, Pij and Qij are the active and reactive powers 
transmitted through branch ij.
2	 Objective of maximizing new energy consump-

tion rate:
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=10
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∑ ,
=10
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=1

( )  

  

0

 

, (6)

where, Pcurt,i(t) is the curtailment power of new ener-
gy at node i; T is the control cycle. The numerator of 
the above equation is defined as "the integral of total 
new energy output minus the integral of curtailment 
power" and the denominator is defined as "the inte-
gral of total new energy output".
3	 Objective of stabilizing energy storage SOC:

3 = min ( ) − , , (7)

where, SOCref=0.5 is the reference SOC value of the 
energy storage system. 
After defining the three objectives (network loss 
minimization, new energy accommodation max-
imization, SOC stability), the entropy weight 
method is applied to determine objective weights 
objectively. The specific steps and formulas are as 
follows: 
Step 1: Construct the Data Matrix for Entropy Cal-
culation 
The data matrix is built using normalized objective 
values across time steps. The simulation cycle is 
24 hours, with a time step of 1 hour, resulting in 24 
time samples. Let m=24(number of time steps) and 
n=3(number of objectives). The original data ma-
trix X = [xij]m×n is defined as:

X =
⎣
⎢
⎢
⎡

x11 x12 x13
x21 x22 x23
⋮ ⋮ ⋮

x241 x242 x243⎦
⎥
⎥
⎤
  

 ,
(8)

where: -xij= value of the j-th objective at the i-th time 
step (e.g., xi1= network loss at timei, xi2= new energy 
accommodation rate at time i, xi3=|SOC(t)-0.5at time i). 
Step 2: Normalize Objective Values 
Different normalization methods are adopted based 
on objective types (cost-type vs. benefit-type): 
1	 Cost-type objectives (minimization: network loss 

f1, SOC deviation f3): 

zij =
max(xj)−xij

max(xj)−min(xj)  
. (9)

2	 Benefit−typeobjective(maximization: new energy 
accommodation rate f2):

 zij =
xij−min xj

max xj −min xj
 
 
, (10)

where: zij= normalized value ofxij, 0≤zij≤1; max(xj), 
min(xj)= maximum and minimum values of the j-th 
objective across all time steps. 
Step 3: Entropy Weight Calculation Formulas 
1	 Calculate the proportion of the i-th time step in the 

j-th objective: (ϵ=10-6 to avoid division 
by zero when zij=0). 

2	 Calculate the entropy value of the j-th objective: 

; higherejindicates 

more uniform objective values and lower weight). 
3	 Calculate the weight of the j-th objective: 

; ω1, ω2, ω3 are weights for 

network loss, new energy accommodation, and 
SOC stability, respectively).

After calculating the s weights via the entropy weight 
method, the comprehensive objective function is 
explicitly defined to integrate the three objectives 
(network loss minimization, new energy accommo-
dation maximization, SOC stability). The compre-
hensive objective function is given as
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 , (11)

where, ω1, ω2, and ω3 are the objective weights cal-
culated by the entropy weight method, satisfying 

.

2.1.4. Setting of Constraint Conditions
1	 Power balance constraint:

(12)

2	 Voltage constraint:

 , (13)

where, Vmin=0.95VN and Vmax=1.05VN (VN is the rated 
voltage).
3	 New energy output constraint:

 , (14)

where PRES,i,max(t) is the predicted maximum output of 
new energy at time t.

2.2. Solution Using Ant Colony Algorithm
2.2.1. Basic Principle of Ant Colony Algorithm
The ant colony algorithm simulates the foraging 
behavior of ants and guides the search direction 
through pheromone concentration. In discrete opti-
mization problems, the probability that ant k selects 
path ij is:

 
, (15)

where, τij is the pheromone concentration on path 
ij; ηij is the heuristic function (e.g., the improvement 
of the objective function); α and β are the weights of 
pheromone and the heuristic function, respectively; 
and allowedk is the set of paths available for ant k to 
choose.

2.2.2. Improvement of the Algorithm for Energy 
Storage Power Control
1	 Continuous domain discretization: The energy 

storage power control interval [-PESS,max, PESS,max] is 
divided into M discrete intervals, and each interval 
corresponds to a "power node", i.e.,

 (16)

converting continuous power control into a discrete 
node selection problem (m=1,2,...,M).
2	 Optimization of the heuristic function: The heuris-

tic function is defined as

(17)

(ϵ is a minimum value to avoid a zero denominator), 
guiding ants to move to power nodes with a better 
objective function.
3	 Pheromone update rule: Both local and global up-

dates are adopted. Local update:
3) Pheromone update rule: Both local and global updates are adopted. Local update: 

( + 1) = (1 − ) ( ) + 0  . (18)

Global update (only for the optimal ant):

( + 1) = (1 − ) ( ) + , , (19)

where, ρϵ(0,1) is the pheromone evaporation coefficient; 
τ0 is the initial pheromone concentration; is the initial pheromone concentration; = 1   
(Fbest is the optimal objective function value).

2.2.3. Design of Solution Process
Setp 1. Initialization: Set algorithm parameters 
(number of ants K=50, pheromone evaporation co-
efficient ρ=0.1, α=1.5, β=2, number of discrete inter-
vals M=20), and initialize the pheromone concentra-
tion of each power node as τmn(0)=τ0.
Step 2. Ant path search: Each ant selects power 
nodes according to the probability formula to gener-
ate the energy storage power control sequence PESS(t)
(t =1,2,...,T).
Step 3. Constraint check: Conduct a constraint check 
on the generated PESS(t). If constraints are violated (e.g., 
SOC exceeds the safe range), reselect nodes.
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Step 4. Objective function calculation: Calculate 
the objective function value Fk for each ant, and 
record the global optimal value Fbest and the corre-
sponding power sequence PESS

best(t).
Step 5. Pheromone update: Perform local and glob-
al pheromone updates.
Step 6. Convergence judgment: If the number of 
iterations reaches the maximum value Itermax=100 
or Fbest does not improve for 10 consecutive genera-
tions, stop the iteration; otherwise, return to Step 2.
Table 1 shows the details of the exact parameters of 
the Improved Ant Colony Algorithm.

Parameter Name Symbol Exact 
Value

Number of ants  K 50

Pheromone evaporation coefficient ρ 0.1

Pheromone weight α 1.5

Heuristic function weight β 2.0

Number of discrete intervals  M 20

Initial pheromone concentration τ0 0.01

Maximum iterations  Itermax 100

Convergence stability threshold - 10

Minimum value for heuristic function ϵ  10-6

Table 1
Exact Parameters of the Improved Ant Colony Algorithm.

2.2.4. Algorithm Performance Analysis
The performance of the improved ACO, traditional ACO, 
and PSO is compared using the MATLAB platform. The 
test scenario was designed to mimic the dynamic oper-
ating conditions of a 10kV industrial park distribution 
network, with 24-hour time-series data for PV output 
(peak 4 MW/node, ±8% fluctuation) and industrial load 
(peak 12 MW, morning/evening peaks) as inputs.
Three key performance metrics were evaluated: 
convergence speed, optimization accuracy, and ro-
bustness. For convergence speed, the "convergence 
criterion" was defined as the iteration at which the 
objective function value (F) stabilized within a 0.5% 
margin for 5 consecutive generations. The improved 
ACO achieved convergence in 35 iterations, which 
was 30% fewer than traditional ACO (50 iterations) 

and 15% fewer than PSO (41 iterations). This im-
provement stemmed from the optimized pheromone 
update rule—local updates prevented premature 
convergence, while global updates for optimal ants 
accelerated the search for the global optimum.
In terms of optimization accuracy, under the same 
100-iteration limit, the improved ACO yielded an 
optimal F value of 0.852, which was 8.2% higher than 
traditional ACO (0.928) and 5.7% higher than PSO 
(0.899). The "continuous domain discretization" 
strategy (M=20 discrete intervals) contributed sig-
nificantly here: it converted continuous power con-
trol into a discrete node selection problem, reducing 
the search space while maintaining control preci-
sion, whereas traditional ACO (M=15) suffered from 
insufficient discretization, and PSO often trapped in 
local optima near load peaks.
Robustness was tested by introducing ±5%, ±8%, and 
±10% fluctuations in PV output to simulate uncertain 
weather conditions. The improved ACO exhibited the 
smallest F value fluctuation range (2.1% at ±10% PV 
fluctuation), compared to 4.3% for traditional ACO 
and 3.5% for PSO. This was because the optimized 
heuristic function (ηmn) enhanced the algorithm’s 
ability to adapt to output changes—ants could quick-
ly redirect to optimal power nodes when PV output 
deviated, whereas traditional ACO and PSO strug-
gled to adjust their search directions promptly.
To further verify reprehensibility, each test was re-
peated 10 times, and the average values of metrics 
were reported. The coefficient of variation (CV) for 
the improved ACO’s convergence iterations was 
4.2%, lower than 6.8% for traditional ACO and 5.5% 
for PSO, confirming its stable performance across 
multiple runs. These results collectively demon-
strate that the improved ACO balances convergence 
speed, optimization accuracy, and robustness, mak-
ing it suitable for dynamic energy storage power 
control in multi-power distribution networks.

3. Case Analysis
3.1. Simulation Experiment Setup
A 10kV distribution network in an industrial park is 
selected as the case. This distribution network in-
cludes 1 traditional power source node, 2 PV nodes 
(a total installed capacity of 10MW), 1 energy stor-
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age node (EESS=5MWh, PESS,max=2MW), and 8 load 
nodes (with a peak load of 12MW).  Among the 8 load 
nodes, 6 are industrial loads (accounting for 75%): 
their peak loads reach 9 MW during the morning 
peak (8:00–10:00) and 10 MW during the evening 
peak (18:00–20:00). The remaining 2 are commer-
cial loads (25%): their peak loads are 1.5 MW and 
2 MW in the corresponding peak periods. For PV 
nodes, the time-series output starts at 0.5 MW at 
sunrise (7:00), hits the peak of 4 MW from 12:00 to 
14:00, and drops to 0.3 MW at sunset (18:00).
The MATLAB R2023a platform combined with PSCAD/
EMTDC is used to build the distribution network simu-
lation model. The Newton-Raphson method is adopted 
for power flow calculation, and the energy storage con-
trol algorithm is implemented through S-Function.
	_ Distribution network parameters: Line 

resistance Rij = 0.1Ω/km, line reactance Xij = 0.3Ω/
km; rated node voltage VN = 10kV.

	_ New energy parameters: PV output adopts typical 
daily data (peak output of 4MW per node) with a 
fluctuation range of ±8%.

	_ Load parameters: The load curve adopts the 
typical load of the industrial park (morning peak: 
8:00-10:00, evening peak: 18:00-20:00).

	_ Algorithm parameters: The parameters of the 
improved ACO are the same as those in Section 
2.2.3; for the traditional ACO (α=1, β=1, M=15); for 
PSO (number of particles=50, inertia weight=0.6, 
learning factors c1=c2=2).

3.2. Experimental Results and Analysis
The simulation cycle is 24 hours. Node 6 (load center), 
where voltage fluctuations are the most significant, is 
selected, and the voltage curves under the control of the 
three algorithms are compared, as shown in Figure 1.
Note: The dashed line represents the allowable volt-
age range (9.5-10.5kV) It can be seen from Figure 1:
	_ Without energy storage control, the voltage at 

Node 6 drops to 9.24kV during the morning peak 
(8:00) and 9.25kV during the evening peak (19:00), 
exceeding the allowable range.

	_ Under the control of the traditional ACO, the 
minimum voltage is 9.41kV (at 19:00), which is still 
close to the lower limit; under the control of PSO, 
the minimum voltage is 9.45kV, showing a slight 
improvement.

Under the control of the improved ACO, the volt-
age is always maintained within 9.52-10.48kV, fully 
within the allowable range, and the fluctuation range 
is only 0.96kV, which is 42% lower than that of the 
traditional ACO and 35% lower than that of PSO. 
This verifies the effect of the improved algorithm in 
enhancing voltage stability.

3.3. Network Loss Rate Analysis
The daily network loss rates of the distribution net-
work under the control of the three algorithms are 
counted, and the results are shown in Figure 2.
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is mainly due to the uneven power flow distribution 
caused by fluctuations in new energy output, which 



61Information Technology and Control 2026/1/55

increases branch losses; under the control of the tra-
ditional ACO, the daily network loss rate decreases 
to 2.95%, but limited by optimization accuracy, there 
is still local power redundancy; under the control of 
PSO, the daily network loss rate is 2.71%, which is 
better than that of the traditional ACO, but it tends 
to fall into local optima in scenarios with multi-pow-
er coupling; under the control of the improved ACO, 
the daily network loss rate is as low as 2.13%, which 
is 44.2% lower than that without energy storage con-
trol, 27.8% lower than that of the traditional ACO, and 
21.4% lower than that of PSO. This is because the im-
proved algorithm optimizes the timing of energy stor-
age charging and discharging through global optimi-
zation, reducing the backflow and overload of branch 
power, thereby significantly reducing network losses.

3.4. New Energy Consumption Rate Analysis
The PV consumption rates of the three algorithms 
on a typical day (sunny day) are counted, and the re-
sults are shown in Figure 3.

It can be seen from Figure 3: Without energy stor-
age control, the PV consumption rate on sunny days 
is only 78.3% (85.6% on rainy days). On sunny days, 
the peak output of PV overlaps with the load valley, 
resulting in more serious power curtailment; under 
the control of the traditional ACO, the consump-
tion rate on sunny days increases to 86.5% (90.2% 
on rainy days), but during the period from 12:00 to 
14:00 when PV output surges at noon, there is still 
more than 10% power curtailment; under the con-
trol of PSO, the consumption rate on sunny days is 

Figure 3
Comparison of photovoltaic absorption rates under 
different control algorithms (sunny vs. rainy days).
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It can be seen from Figure 4: 7. Charging phase: 
During the period of surplus PV output 
(9:00-15:00), the energy storage is charged at a 
power of -1.2 -1.8MW. Among them, when the 
PV output peaks from 12:00 to 14:00, the 
charging power reaches -1.8MW, quickly 
storing surplus electricity; 8.Discharging phase: 
During the peak load periods (8:00-9:00, 
18:00-20:00), the energy storage is discharged at 
a power of 1.0 1.5MW to supplement load gaps 
and mitigate voltage fluctuations; SOC stability: 
The SOC is always maintained between 0.35 
and 0.65, without touching the safety boundary, 
and the fluctuation is gentle (daily fluctuation 
range of 0.3), avoiding the loss of energy 
storage life caused by frequent charging and 
discharging. This verifies that the improved 
algorithm can effectively ensure the safe 
operation of the energy storage system while 
achieving multi-objective optimization. 

3.6 Sensitivity Analysis 

To verify the robustness of the improved ACO 
to parameter changes, three key 
parameters—pheromone evaporation 
coefficient , number of ants ρ(0. 05 − 0. 2)

, and number of discrete intervals 𝐾𝐾(30 − 70)
are selected to analyze their 𝑀𝑀(15 − 25) −

impacts on the objective function value (F). The 
results are shown in Figure 5. 
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without touching the safety boundary, and the fluc-
tuation is gentle (daily fluctuation range of 0.3), 
avoiding the loss of energy storage life caused by 
frequent charging and discharging. This verifies 
that the improved algorithm can effectively ensure 
the safe operation of the energy storage system 
while achieving multi-objective optimization.

3.6. Sensitivity Analysis
To verify the robustness of the improved ACO to 
parameter changes, three key parameters—phero-
mone evaporation coefficient ρ(0.05-0.2), number 
of ants K(30-70), and number of discrete intervals 
M(15-25)-are selected to analyze their impacts on 
the objective function value (F). The results are 
shown in Figure 5.

It can be seen from Figure 5: When  is in the range 
of 0.05-0.15, the F value is stable between 0.85 and 
0.92; when ρ>0.15, the F value increases significantly 
(due to excessive pheromone evaporation, which re-
duces optimization accuracy); when K is in the range 
of 40-60, the F value is the lowest (0.85-0.88); when 
K<40, the number of ants is insufficient, leading to 
inadequate optimization; when K>60, the computa-
tional complexity increases but the F value does not 
improve significantly; when M is in the range of 18-
22, the F value is stable between 0.85 and 0.87; when 
M<18, the discretization accuracy is insufficient; 
when M>22, the computational load surges but the 
accuracy improvement is limited. In conclusion, the 
optimal parameter range of the improved ACO is 
ρ=0.1, K=50, and M=20(consistent with the settings 
in the previous text). When fluctuating around this 
range, the change range of the objective function val-

Figure 5
Sensitivity analysis of three parameters (ρ, K, M) on the 
objective function F.
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It can be seen from Figure 5: When  is in the ρ
range of 0.05-0.15, the F value is stable between 
0.85 and 0.92; when , the F value ρ > 0. 15
increases significantly (due to excessive 
pheromone evaporation, which reduces 
optimization accuracy); when K is in the range 
of 40-60, the F value is the lowest (0.85-0.88); 
when K<40, the number of ants is insufficient, 
leading to inadequate optimization; when 

, the computational complexity 𝐾𝐾 > 60
increases but the F value does not improve 
significantly; when M is in the range of 18-22, 
the F value is stable between 0.85 and 0.87; 
when , the discretization accuracy is 𝑀𝑀 < 18
insufficient; when , the computational 𝑀𝑀 > 22
load surges but the accuracy improvement is 
limited. In conclusion, the optimal parameter 
range of the improved ACO is , ρ = 0. 1 𝐾𝐾 = 50
, and (consistent with the settings in the 𝑀𝑀 = 20
previous text). When fluctuating around this 
range, the change range of the objective 
function value is less than 5%, which verifies 
that the algorithm has good robustness 

4. Conclusions 

Aiming at the multi-constraint and 
multi-objective optimization problems faced by 
energy storage power control in multi-power 
distribution networks, this paper proposes a 
control method based on the improved ant 
colony algorithm. The main research results are 
as follows: A multi-objective optimization 
model including network loss reduction, new 
energy consumption improvement, and energy 
storage SOC stability is constructed. The 
entropy weight method is introduced to 
objectively determine objective weights, 
avoiding interference from subjective 
experience and realizing multi-objective 
coordinated optimization; through the 
"continuous domain discretization" strategy, 

the continuous control of energy storage power 
is converted into a discrete node selection 
problem, and the pheromone update rule is 
optimized to improve the optimization 
accuracy and convergence speed of the ant 
colony algorithm in continuous control 
scenarios. Compared with the traditional ACO, 
the improved algorithm reduces the number of 
convergence iterations by 30% and increases 
the optimal objective function value by 8.2%; 
taking a 10kV distribution network in an 
industrial park as a case, the simulation results 
show that under the control of the improved 
ACO: the voltage fluctuation range is reduced 
by 42% (compared with the traditional ACO), 
the daily network loss rate is reduced to 2.13% 
(44.2% lower than that without energy storage 
control), and the PV consumption rate is 
increased to 96.2% (on sunny days). At the 
same time, the energy storage SOC is 
maintained within the safe range, which 
verifies the effectiveness and practicality of the 
method. This study lays a technical foundation 
for the large-scale application of energy storage 
in distribution networks. It provides a feasible 
control scheme for industrial parks, new 
residential areas, and other multi-power 
scenarios, which is conducive to promoting the 
consumption of distributed new energy, 
improving the economic efficiency of 
distribution network operation, and supporting 
the realization of the "dual carbon" goal. The 
research results also offer insights for the 
subsequent development of distributed control 
systems for multi-energy storage nodes, 
contributing to the construction of more 
flexible, efficient, and low-carbon power 
systems. 

Future research could extend in three 
directions. First, integrate real-time weather 
forecasting data into the optimization model to 
enhance adaptability to extreme PV/wind 
output fluctuations. Second, explore a 
distributed control framework for multi-energy 
storage nodes to address coordination issues in 
large-scale distribution networks. Third, 
validate the proposed method through field 
tests in actual industrial parks to bridge the gap 
between simulation results and practical 
application, and optimize the algorithm’s 
computational efficiency for edge-device 
deployment. 

ue is less than 5%, which verifies that the algorithm 
has good robustness

4. Conclusions
Aiming at the multi-constraint and multi-objective 
optimization problems faced by energy storage pow-
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paper proposes a control method based on the im-
proved ant colony algorithm. The main research re-
sults are as follows: A multi-objective optimization 
model including network loss reduction, new energy 
consumption improvement, and energy storage SOC 
stability is constructed. The entropy weight meth-
od is introduced to objectively determine objective 
weights, avoiding interference from subjective ex-
perience and realizing multi-objective coordinated 
optimization; through the "continuous domain dis-
cretization" strategy, the continuous control of en-
ergy storage power is converted into a discrete node 
selection problem, and the pheromone update rule 
is optimized to improve the optimization accuracy 
and convergence speed of the ant colony algorithm 
in continuous control scenarios. Compared with the 
traditional ACO, the improved algorithm reduces 
the number of convergence iterations by 30% and in-
creases the optimal objective function value by 8.2%; 
taking a 10kV distribution network in an industrial 
park as a case, the simulation results show that un-
der the control of the improved ACO: the voltage 
fluctuation range is reduced by 42% (compared with 
the traditional ACO), the daily network loss rate is 
reduced to 2.13% (44.2% lower than that without en-
ergy storage control), and the PV consumption rate 
is increased to 96.2% (on sunny days). At the same 
time, the energy storage SOC is maintained within 
the safe range, which verifies the effectiveness and 
practicality of the method. This study lays a tech-
nical foundation for the large-scale application of 
energy storage in distribution networks. It provides 
a feasible control scheme for industrial parks, new 
residential areas, and other multi-power scenarios, 
which is conducive to promoting the consumption 
of distributed new energy, improving the econom-
ic efficiency of distribution network operation, and 
supporting the realization of the "dual carbon" goal. 
The research results also offer insights for the sub-
sequent development of distributed control systems 
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for multi-energy storage nodes, contributing to the 
construction of more flexible, efficient, and low-car-
bon power systems.
Future research could extend in three directions. 
First, integrate real-time weather forecasting data 
into the optimization model to enhance adaptability 
to extreme PV/wind output fluctuations. Second, ex-
plore a distributed control framework for multi-en-
ergy storage nodes to address coordination issues 
in large-scale distribution networks. Third, validate 
the proposed method through field tests in actual in-
dustrial parks to bridge the gap between simulation 
results and practical application, and optimize the 
algorithm’s computational efficiency for edge-device 
deployment.
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