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1 Introduction 

1.1 . Motivation 

The operation of distribution networks is increasingly 

influenced by the growing presence of energy storage systems 

and other distributed resources [1]. In this context, maintaining 

acceptable voltage levels remains a key technical requirement 

[2]. Most existing optimization-based scheduling approaches 

address voltage primarily through feasibility constraints or 

through separate voltage control mechanisms that are not 

directly coupled with economic scheduling decisions. 

As a result, voltage deviations within allowable limits typically 

do not affect the optimization outcome, and their impact on the 

charging and discharging behavior of energy storage systems 

is not explicitly represented in the objective function [3]. This 

modeling choice limits the ability of existing frameworks to 

capture the interaction between voltage profile behavior, 

storage operation, and network losses in a unified manner. In 

practice, this interaction can be relevant, as operational 

decisions that are cost-effective may still lead to less desirable 

voltage profiles or higher losses. 

This work is motivated by the need for an optimization 

framework in which voltage performance is directly reflected 

in operational decision-making. By incorporating voltage 

deviation into the objective function of a linearized mixed-

integer model, the proposed approach allows voltage 

considerations to influence storage scheduling alongside 

conventional operational criteria. This enables a more 

consistent assessment of trade-offs between economic 

operation, voltage quality, and network losses within a single 

optimization model. 

1.2 Literature review  

In reference [4], the authors developed a multi-objective 

scheduling model for electric vehicles in power distribution 

networks, aiming to balance the economic interests of Electric 

Vehicle (EV) owners with the technical requirements of 

distribution network operators. The proposed framework 

simultaneously integrated Grid-to-Vehicle (G2V) and 

Vehicle-to-Grid (V2G) scheduling, battery health 

considerations, and hourly distribution network 

reconfiguration to reduce EV owners’ costs, flatten the load 

profile, and improve overall network efficiency.  

In reference [5], an operational framework for smart 

distribution networks was proposed, in which the spatio-

temporal flexibility of data centers was coordinated with 

battery energy storage systems to reduce peak power exchange 

with the upstream network and minimize system losses. The 

study combined data center flexibility with battery storage 

operation under a robust optimization framework and 

employed sensitivity analysis to identify suitable installation 

locations, enabling improved management of renewable 

generation and load uncertainties. In this paper, voltage 

stability is investigated but not included in the objective 

function. 

 In reference [6], a bi-level optimization framework was 

presented for the planning, sizing, and placement of a vehicle 

refueling station supplied by renewable energy sources and 

battery systems within a smart distribution network. The 

framework jointly modeled infrastructure planning and 

operational scheduling, while incorporating reactive power 

management and uncertainty in demand, prices, and renewable 

generation through a stochastic optimization approach solved 

using Bender’s decomposition.  

In reference [7], an operational model for smart distribution 

networks was introduced that integrated demand response 

programs and battery energy storage systems to reduce power 

exchange with the sub-distribution substation. The proposed 

formulation accounted for battery degradation constraints, 

reactive power support from locally controllable generators, 

emission cost considerations, and uncertainty-aware 

optimization using box and polyhedral uncertainty sets. Also, 

in this article, open voltage stability is the main goal of the 

article, but it is not included in the main objective function. 

 In reference [8], a unit commitment formulation was 

developed that incorporated photovoltaic generation, battery 

energy storage systems, and power exchange with neighboring 

grids to improve the economic operation of the power system. 

A mixed-integer linear programming approach was employed 

to handle model nonlinearities and provide a flexible 

simulation framework supporting different linearization 

strategies and thermal unit configurations.  

In reference [9], a real-time voltage control strategy for active 

distribution networks with high penetration of photovoltaic 

units and EV charging stations was presented. The study 

applied a time-decomposition-based dual-stage model 

predictive control framework with a reduced-order network 

model to coordinate reactive power resources and on-load tap 

changer operations, while limiting measurement and 

communication requirements and simultaneously addressing 

voltage regulation and energy loss minimization.   

In reference [10], the limitations of conventional transmission-

level network cost allocation methods when applied to 

transactive energy systems in distribution networks were 

investigated. The authors proposed a guideline for transactive 

energy operation that integrated physical network constraints 

with non-physical market characteristics to maintain network 

reliability. The applicability of the proposed approach was 

validated through numerical simulations under diverse 

network and market conditions. 

 In reference [11], renewable energy curtailment in active 

distribution networks caused by overgeneration, voltage 

violations, and line capacity constraints was examined. The 

study proposed the use of data centers as virtual batteries to 

provide spatiotemporal flexibility for shifting surplus 

renewable generation across time and locations. Simulation 

results on the IEEE 33-bus test system demonstrated 

significant reductions in renewable curtailment and power 
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supply costs, supported by sensitivity analysis on data center 

placement and uncertainty.   
In reference [12], the increasing operational complexity of 

smart distribution networks was addressed by integrating 

demand-side and supply-side spatio-temporal flexibility. A 

coordinated framework was proposed that combined data 

centers for workload shifting with mobile storage systems as 

relocatable supply resources, supported by a risk-aware 

optimization model that accounted for uncertainty in 

renewable generation and load demand. In this paper, voltage 

stability is analyzed; however, it is not explicitly incorporated 

into the objective function. 

1.3 Research Gap and Contribution 

In many studies on the optimal operation of distribution 

networks, voltage is mainly considered as a feasibility 

constraint or handled through separate Volt/Var control 

mechanisms. Under these approaches, voltage deviations do 

not directly influence the economic scheduling of energy 

storage systems, and their effect on storage operation and 

network losses is not represented within a unified mixed-

integer optimization framework. Consequently, the 

relationship between voltage performance and operational 

decisions remains insufficiently characterized. 

This paper addresses this limitation by introducing a linear 

voltage deviation term into the objective function of a mixed-

integer linearized distribution network model. With this 

formulation, voltage deviations are reflected in the 

optimization objective, allowing energy storage charging and 

discharging schedules to be influenced by voltage conditions 

alongside conventional operational criteria. This structure 

enables a consistent evaluation of the interaction between 

voltage profile behavior, storage operation, and total network 

losses within a single optimization model. 

Table 1, presents the main gaps in the literature and the 

corresponding innovations proposed in this work. 
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[4] ✓ ✓ × × ×  ✓ 

[5] ✓ ✓ ✓ × ✓ ✓ ✓ 

[6] ✓ ✓ × × ✓ ✓ × 

[7] ✓ ✓ ✓ × ✓ ✓ ✓ 

[8] ✓ ✓ × × × ✓ ✓ 

[9] ✓ × ✓ × × ✓ × 

[10] ✓ ✓ ✓ × × × × 

[11] ✓ ✓ ✓ × ✓ ✓ × 

[12] ✓ ✓ ✓ × ✓ ✓ ✓ 

This work ✓ ✓ ✓ ✓ ✓ ✓ ✓ 

1.4 Paper structure  

Section 2 describes the modeling approach and the 

mathematical formulation. Section 3 presents and analyzes the 

results. Section 4 concludes the paper and discusses limitations 

and possible directions for future work. 

2 Mathematical Model 

2.1 Objective Function 

The objective function defined in (1) minimizes the total 

operational cost of the distribution network over the 

scheduling horizon. It consists of three components: the cost 

of energy purchased from the upstream grid, the cost 

associated with network active power losses, and a penalty 

term for voltage magnitude deviations. 

The voltage deviation penalty is weighted by a coefficient of 

𝜔𝑣 = 120, which enforces voltage regulation around the 

nominal value. The selected value of the voltage penalty 

coefficient was determined through empirical tuning to 

achieve a balanced trade-off between operational cost 

minimization and voltage regulation performance. The power 

loss cost is scaled by a unit loss coefficient 𝐶𝑙 = 1 . The energy 

purchasing cost is modeled using a piecewise-linear function 

whose incremental cost coefficients range from 0.1 to 1.3, 

allowing a gradual increase in marginal energy price. The 

energy purchasing term represents a monetary cost, whereas 

the voltage deviation term is dimensionless as it is defined in 

per-unit values. Accordingly, the voltage penalty coefficient is 

introduced to balance the relative impact of voltage regulation 

and operational cost in the objective function and was selected 

through empirical tuning . 

𝑀𝑖𝑛𝑜𝑏𝑗 = ∑ 𝑆𝑐ℎ

ℎ

+ ∑ 𝐶𝑙

𝑏,𝑐,ℎ

(2𝑏𝑙𝑏,𝑐,ℎ − 𝑃𝑏,𝑐,ℎ
𝐿𝑜𝑠𝑠𝑒𝑠)

+ 𝜔𝑣 ∑|Δ𝑏,ℎ
𝑉𝑜𝑙𝑡𝑎𝑔𝑒

|

𝑏,ℎ

 
(1) 

where the objective function consists of the substation energy 

purchasing cost, a loss-related penalty term, and a voltage 

deviation penalty. The voltage deviation penalty coefficient 

ω_v is introduced to balance the contribution of heterogeneous 

objective terms. While the substation energy cost is expressed 

in monetary units, the voltage deviation term is dimensionless 

as it is defined in per-unit values. Therefore, ω_v is required 

to ensure a meaningful trade-off between economic 

performance and voltage regulation. The selected value (ω_v 

= 120) was obtained through empirical tuning to effectively 

enforce voltage limits without dominating the economic 

objective under typical operating conditions. Within this 

range, the optimization results remain stable and preserve the 

intended trade-off between cost minimization and voltage 

performance. 
The set of buses in the distribution network is denoted by I, 

with indices i and j. The set of time periods is denoted by T, 
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indexed by t. All variables and constraints are defined over 

these sets unless otherwise stated. where all summations are 

explicitly defined over the sets of buses I and time periods T. 

2.2 Active Power Balance Constraints 

The active power balance at each non-slack bus is enforced by 

(2). This constraint ensures that, at every time period, the total 

active power generated by WT and PV units, combined with 

energy storage discharging, exactly balances the local active 

power demand, energy storage charging, and the net active 

power flowing through connected distribution lines. 

For the slack bus, the active power balance is expressed by (3), 

where the active power exchanged with the upstream grid is 

explicitly included. The maximum allowable active power 

import from the upstream grid is limited to 5000 kW, ensuring 

realistic feeder capacity constraints. 

𝑃𝑏,ℎ
𝑊𝑖𝑛𝑑𝑇𝑢𝑟𝑏𝑖𝑛𝑒 + 𝑃𝑏,ℎ

𝑆𝑜𝑙𝑎𝑟−𝐶𝑒𝑙𝑙 − 𝑃𝑏,ℎ
𝐴𝑐𝑡𝑖𝑣𝑒𝐷𝑒𝑚𝑎𝑛𝑑

+ 𝐸𝑆𝑏,ℎ
− − 𝐸𝑆𝑏,ℎ

+

= ∑ 𝑃𝑇ℎ,𝑏,𝑐

𝑐:𝑟𝑏,𝑐≠0

𝑁𝑜𝑛

− 𝑆𝑙𝑎𝑐𝑘𝐵𝑢𝑠𝑒𝑠(𝑏 ≠ 1) 

 

(2) 

𝑃𝑏,ℎ
𝑊𝑖𝑛𝑑𝑇𝑢𝑟𝑏𝑖𝑛𝑒 + 𝑃𝑏,ℎ

𝑆𝑜𝑙𝑎𝑟−𝐶𝑒𝑙𝑙 − 𝑃𝑏,ℎ
𝐴𝑐𝑡𝑖𝑣𝑒𝐷𝑒𝑚𝑎𝑛𝑑

+ 𝐸𝑆𝑏,ℎ
− − 𝐸𝑆𝑏,ℎ

+ + 𝑃ℎ
𝑆𝑢𝑏𝑠𝑡𝑎𝑡𝑖𝑜𝑛

= ∑ 𝑃𝑇ℎ,𝑏,𝑐

𝑐:𝑟𝑏,𝑐≠0

𝑆𝑙𝑎𝑐𝑘𝐵𝑢𝑠𝑒𝑠(𝑏 = 1) 
(3) 

The hourly PV and WT generations profiles used in the 

simulations are presented in Fig. 1, which depicts the 24-hour 

power output patterns of renewable sources considered in this 

work. These time series are directly used as input data to 

represent the daily variability of PV and wind generation. 

 

Fig.1. Renewable energy outputs [13, 14]. 

Regarding the hourly load profile, the spatial distribution of 

active and reactive power demands across the IEEE 33-bus 

network is illustrated in Fig. 2, which shows the nominal bus-

wise load levels used in the study. The corresponding time-

varying behavior of the system load is modeled using an 

hourly load profile applied to these nominal values, as 

described in the case-study section. 

Uncertainty is not explicitly modeled in the numerical results 

presented in this paper, and all simulations are based on 

deterministic input profiles. 

 

Fig.2. Hourly load profile. 

2.3 Reactive Power Balance Constraints 

Reactive power balance at non-slack buses is modeled by (4). 

At each bus, the reactive power demand is supplied by the 

network and, where available, by the reactive power capability 

of energy storage systems. For the slack bus, (5) incorporates 

the reactive power exchanged with the upstream grid. The 

maximum reactive power import is restricted to 2500 kVAr, 

reflecting the technical limits of the substation transformer and 

upstream network. 

−𝑄𝑏,ℎ
𝑅𝑒𝑎𝑐𝑡𝑖𝑣𝑒 𝐷𝑒𝑚𝑎𝑛𝑑 + 𝑄𝑏,ℎ

𝐸𝑙𝑒𝑐𝑡𝑟𝑖𝑐𝑎𝑙𝑆𝑡𝑜𝑟𝑎𝑔𝑒

= ∑ 𝑄𝑇ℎ,𝑏,𝑐

𝑐:𝑟𝑏,𝑐≠0

𝑁𝑜𝑛𝑒

− 𝑆𝑙𝑎𝑐𝑘𝐵𝑢𝑠𝑒𝑠(𝑏 ≠ 1) 

(4) 

−𝑄𝑏,ℎ
𝑅𝑒𝑎𝑐𝑡𝑖𝑣𝑒 𝐷𝑒𝑚𝑎𝑛𝑑 + 𝑄𝑏,ℎ

𝐸𝑙𝑒𝑐𝑡𝑟𝑖𝑐𝑎𝑙𝑆𝑡𝑜𝑟𝑎𝑔𝑒

+ 𝑄ℎ
𝑆𝑢𝑏𝑠𝑡𝑎𝑡𝑖𝑜𝑛

= ∑ 𝑄𝑇ℎ,𝑏,𝑐

𝑐:𝑟𝑏,𝑐≠0

𝑆𝑙𝑎𝑐𝑘𝐵𝑢𝑠𝑒𝑠(𝑏

= 1) 

(5) 

2.4 Linearized AC Power Flow Equations 

The linearized AC power flow model is defined by (6) and (7) 

[6, 15]. Equation (6) describes the active power flow of each 

distribution line as a function of voltage magnitude 

differences, voltage angle differences, and an approximated 

quadratic angle term. Equation (7) similarly represents the 

reactive power flow. 

The conductance and susceptance of each line are derived from 

its resistance and reactance parameters. These parameters are 

computed based on the IEEE 33-bus distribution network data, 

ensuring accurate electrical representation of the system. 

𝑃𝑇ℎ,𝑏,𝑐 = 𝛼𝑏,𝑐(Δ𝑏,ℎ
𝑉𝑜𝑙𝑡𝑎𝑔𝑒

− Δ𝑐,ℎ
𝑉𝑜𝑙𝑡𝑎𝑔𝑒

) − 𝛽𝑏,𝑐(𝜃𝑏,ℎ

− 𝜃𝑐,ℎ) +
1

2
𝛼𝑏,𝑐𝜃𝑏,𝑐,ℎ

2  
(6) 

𝑄𝑇ℎ,𝑏,𝑐 = −𝛽𝑏,𝑐(Δ𝑏,ℎ
𝑉𝑜𝑙𝑡𝑎𝑔𝑒

− Δ𝑐,ℎ
𝑉𝑜𝑙𝑡𝑎𝑔𝑒

) − 𝛼𝑏,𝑐(𝜃𝑏,ℎ

− 𝜃𝑐,ℎ) −
1

2
𝛼𝑏,𝑐𝜃𝑏,𝑐,ℎ

2  
(7) 

The adopted linearized network model is reliable for typical 

operating conditions of distribution networks, where voltage 

magnitudes remain close to the nominal value and angle 

differences between adjacent buses are small. In this study, 
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voltage deviations are explicitly constrained within a narrow 

range, which ensures the validity of the linear approximation. 

2.5 Voltage Angle Linearization 

2.5.1 Angle difference decomposition 

To enable a linear optimization framework, the nonlinear 

voltage angle differences are approximated using a piecewise-

linear approach. Equation (8) decomposes the voltage angle 

difference between two buses into positive and negative 

components. Equation (9) expresses the magnitude of the 

angle difference as the sum of auxiliary segment variables.  

𝜃𝑏,ℎ − 𝜃𝑐,ℎ = 𝜃𝑏,𝑐,ℎ
+ − 𝜃𝑏,𝑐,ℎ

−  (8) 

𝜃𝑏,𝑐,ℎ
+ − 𝜃𝑏,𝑐,ℎ

− = ∑ Δ𝜃𝑏,𝑐,ℎ,𝑦

𝑦

 (9) 

2.5.2 Angle bounds 

Constraints (10) and (11) bound the positive and negative 

angle components using a maximum allowable angle 

difference of 0.04 radians. 

0 ≤ 𝜃𝑏,𝑐,ℎ
+ ≤ 𝛿𝑏,𝑐,ℎ𝜃𝑚𝑎𝑥 (10) 

0 ≤ 𝜃𝑏,𝑐,ℎ
− ≤ (1 − 𝛿𝑏,𝑐,ℎ)𝜃𝑚𝑎𝑥  (11) 

2.5.3 Piecewise angle segmentation 

The piecewise segmentation logic is enforced through (12) – 

(14), where the angle range is divided into 20 equal segments. 

𝐹𝑜𝑟𝑦 = 1:
𝜃𝑚𝑎𝑥

|𝑦|𝑏,𝑐,ℎ,1𝑏,𝑐,ℎ,1

𝜃𝑚𝑎𝑥

|𝑦|

 
(12) 

𝐹𝑜𝑟1 ≤ 𝑦 ≤ |𝑦|:
𝜃𝑚𝑎𝑥

|𝑦|𝑏,𝑐,ℎ,𝑦𝑏,𝑐,ℎ,𝑦

𝜃𝑚𝑎𝑥

|𝑦|𝑏,𝑐,ℎ,𝑦−1

 
(13) 

𝐹𝑜𝑟𝑦 = |𝑦|: Δ𝜃𝑏,𝑐,ℎ,𝑦 ≤
𝜃𝑚𝑎𝑥

|𝑦|𝑏,𝑐,ℎ,𝑦−1
 (14) 

2.5.4 Quadratic angle approximation 

Equation (15) reconstructs the squared angle term using a 

weighted summation of these segments, enabling an accurate 

linear approximation. 

𝜃𝑏,𝑐,ℎ
2 = ∑ (2𝑦 − 1)

𝜃𝑚𝑎𝑥

|𝑦|

∑𝑏,𝑐,ℎ,𝑦

𝑦

 (15) 

2.5.5 Voltage Magnitude Constraints 

Voltage magnitude modeling is enforced by (16), where the 

bus voltage is expressed as a deviation from the nominal value 

of 1 p.u. Constraint (17) limits voltage deviations within the 

range of −0.1 to +0.1 p.u., ensuring compliance with standard 

distribution network voltage limits [16, 17]. The absolute 

value of voltage deviation is linearized by (18), allowing 

voltage deviations to be directly penalized in the objective 

function. 

𝑣𝑏,ℎ = 1 + Δ𝑏,ℎ
𝑉𝑜𝑙𝑡𝑎𝑔𝑒

 (16) 

Δ𝑉𝑜𝑙𝑡𝑎𝑔𝑒 ≤ Δ𝑏,ℎ
𝑉𝑜𝑙𝑡𝑎𝑔𝑒

≤ Δ𝑉𝑜𝑙𝑡𝑎𝑔𝑒 (17) 

|Δ𝑏,ℎ
𝑉𝑜𝑙𝑡𝑎𝑔𝑒

| ≤ 𝑑𝑏,ℎ
𝑎𝑏𝑠 (18) 

2.6 Substation Power and Cost Modeling 

Substation power modeling is defined by (19) and (20). The 

total active power imported from the upstream grid is 

expressed as the sum of piecewise power segments, and the 

corresponding purchasing cost is calculated using predefined 

incremental cost coefficients. Constraints (21)–(23) enforce 

non-negativity and upper bounds on substation active and 

reactive power exchanges [18]. The parameter 𝜓  represents 

the cost increment of each substation power segment and is set 

to 200. The maximum active and reactive power limits are set 

to 5000 kW and 2500 kVAr, respectively. Constraints (19)–

(23) are enforced for all time periods h∈H and for all relevant 

indices. 

𝑃ℎ
𝑆𝑢𝑏𝑠𝑡𝑎𝑡𝑖𝑜𝑛 = ∑ Δ𝑃𝜎,ℎ

𝑆𝑢𝑏𝑠𝑡𝑎𝑡𝑖𝑜𝑛

𝜎

 (19) 

𝑆𝑐ℎ = ∑ 𝐶𝜎

𝜎

Δ𝑃𝜎,ℎ
𝑆𝑢𝑏𝑠𝑡𝑎𝑡𝑖𝑜𝑛 (20) 

0 ≤ Δ𝑃𝜎,ℎ
𝑆𝑢𝑏𝑠𝑡𝑎𝑡𝑖𝑜𝑛 ≤ 𝜓 (21) 

0 ≤ 𝑃ℎ
𝑆𝑢𝑏𝑠𝑡𝑎𝑡𝑖𝑜𝑛 ≤ 𝑃ℎ

𝑆𝑢𝑏𝑠𝑡𝑎𝑡𝑖𝑜𝑛 (22) 

0 ≤ 𝑄ℎ
𝑆𝑢𝑏𝑠𝑡𝑎𝑡𝑖𝑜𝑛 ≤ 𝑄ℎ

𝑆𝑢𝑏𝑠𝑡𝑎𝑡𝑖𝑜𝑛 (23) 

2.7 Power Loss Modeling 

Active power losses in the distribution network are modeled 

by (24) as the sum of bidirectional active power flows on each 

line. Constraint (25) ensures that the calculated power losses 

remain non-negative by introducing auxiliary loss variables, 

which are subsequently penalized in the objective function. 

𝑃𝑏,𝑐,ℎ
𝐿𝑜𝑠𝑠𝑒𝑠 = 𝑃𝑏,𝑐,ℎ + 𝑃𝑐,𝑏,ℎ (24) 

𝑏𝑙𝑏,𝑐,ℎ ≥ 𝑃𝑏,𝑐,ℎ
𝐿𝑜𝑠𝑠𝑒𝑠 (25) 

Network losses are calculated based on the aggregated active 

power imbalance of line flows. Loss values are computed for 

each time period and reported in power units, and an 

aggregated loss index is obtained by summing the hourly 

values over the scheduling horizon. 

2.8 Energy Storage System Constraints 

2.8.1 SOC dynamics 

The dynamic operation of energy storage systems is governed 

by (26) and (27) [19, 20]. Equation (26) initializes the state of 

charge (SOC) at the beginning of the scheduling horizon, 

while (27) updates the SOC for subsequent time periods based 

on charging and discharging actions.  
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𝐹𝑜𝑟ℎ = 1: 𝑆𝑂𝐶𝑏,1 =
𝜂𝑏 . 𝐸𝑆𝑖,1

+ . Δℎ

𝐸𝑏
−

𝜂𝑏 . 𝐸𝑆𝑖,1
− . Δℎ

𝜂𝑏𝐸𝑏
 (26) 

𝐹𝑜𝑟ℎ ≥ 1: 𝑆𝑂𝐶𝑏,ℎ = 𝑆𝑂𝐶𝑏,ℎ−1

𝜂𝑏 . 𝐸𝑆𝑖,1
+ . Δℎ

𝐸𝑏

−
𝜂𝑏 . 𝐸𝑆𝑖,1

− . Δℎ

𝜂𝑏𝐸𝑏
 

(27) 

2.8.2 SOC limits 

Each storage unit is characterized by a round-trip efficiency of 

0.95 and an energy capacity of 700 kWh. The SOC of each 

storage unit is constrained between zero and its maximum 

allowable value, as enforced by (28) [21]. Constraint (29) 

ensures that the final SOC at the end of the scheduling horizon 

is not lower than a predefined threshold [22]. SOC evolution 

is modeled using an hourly time step, where charging and 

discharging powers are converted into stored energy based on 

the battery energy capacity. The SOC update explicitly 

accounts for the energy capacity of the storage system and the 

duration of each time interval. 

𝑆𝑂𝐶𝑏 ≤ 𝑆𝑂𝐶𝑏,ℎ ≤ 𝑆𝑂𝐶𝑏 (28) 

𝑆𝑂𝐶𝑏,ℎ ≥ 𝛾 (29) 

2.8.3 Charging/discharging exclusivity 

Charging and discharging exclusivity is enforced by (30) and 

(31), preventing simultaneous charging and discharging of 

storage units [23-25]. The maximum charging and discharging 

power of each storage unit is limited to 250 kW. Charging and 

discharging efficiencies are explicitly incorporated into the 

SOC update equation, such that charging power is multiplied 

by the efficiency factor, while discharging power is divided by 

the same factor, reflecting realistic energy losses during 

battery operation. 

𝐸𝑆𝑖,ℎ
+ ≤ 𝑏𝑏,ℎ

𝐸𝑆 𝐸𝑆𝑖
+ (30) 

𝐸𝑆𝑖,ℎ
− ≤ (1 − 𝑏𝑏,ℎ

𝐸𝑆 )𝜂𝑏𝐸𝑆𝑖
+ (31) 

2.8.4 Reactive power capability 

Finally, (32) constrains the reactive power capability of 

energy storage systems within the range of −150 to +150 kVAr 

[26, 27]. 

𝑄𝑏
𝐸𝑆 ≤ 𝑄𝑏,ℎ

𝐸𝑆 ≤ 𝑄𝑏
𝐸𝑆 (32) 

All indices and summations are consistently defined 

throughout the formulation to ensure clarity and 

reproducibility. 

In this work, voltage deviation is not modeled as an 

independent quantity detached from electrical variables. 

Instead, the voltage magnitude at each bus is represented 

through a deviation variable around the nominal value, and this 

deviation is explicitly coupled with network power flows via a 

linearized power-flow formulation. Specifically, the active and 

reactive power flows on each line are expressed as functions 

of voltage deviation differences between the incident buses 

and their voltage angle differences, using the line conductance 

and susceptance parameters derived from the network 

resistance and reactance data. In addition, nodal active and 

reactive power balance constraints are enforced at every bus 

and time period, linking the line flows to generation, demand, 

storage operation, and the substation power exchange. 

Therefore, voltage-related results are driven by the actual 

electrical quantities and network parameters within the 

adopted approximation. The use of this linearized 

representation is a deliberate modeling choice to preserve 

tractability and maintain a mixed-integer linear structure over 

the multi-period horizon, and it should be interpreted as an 

operationally consistent approximation rather than a full non-

linear AC power-flow model. 

3 Simulation Results  

To evaluate the performance of the proposed voltage-aware 

operational framework, two case studies are conducted on the 

standard IEEE 33-bus distribution network. This test system is 

widely used as a benchmark in distribution network operation 

studies and includes distributed renewable generation, energy 

storage systems, and hourly load variations. Fig.3, shows a 

schematic diagram of a radial distribution feeder with 

distributed energy resources, including PV systems, WT, and 

battery energy storage units connected at different buses. 

 
Fig.3. Schematic diagram of a radial distribution feeder with 

distributed energy resources, including PV, WT, and battery energy 

storage units connected at different buses. 

The case studies are designed to isolate the impact of explicitly 

considering voltage deviation in the optimization objective 

Case 1 (Base Case): 
In this case, the distribution network is operated using 

conventional voltage constraints, while voltage deviation is 

not included in the objective function. The charging and 

discharging schedules of energy storage systems are 

determined based solely on economic considerations and 

standard operational constraints. This case serves as the 

reference scenario for comparison. 

Case 2 (Proposed Case): 
In this case, a linear voltage deviation penalty is added to the 

objective function. As a result, voltage conditions directly 

influence the optimization process, allowing energy storage 

systems to adjust their active and reactive power schedules in 
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response to voltage deviations. This case is used to assess the 

effect of voltage-aware operation on voltage profiles, network 

losses, and the objective function value. 

A comparative analysis of these two cases provides 

quantitative insight into how incorporating voltage deviation 

into the objective function influences operational decisions 

and system-level performance. 

Fig. 4, presents the hourly voltage profiles of selected buses 

under the base case and the proposed strategy. The selected 

buses represent the slack bus, buses equipped with energy 

storage systems, and the end-of-feeder bus, allowing the 

evaluation of voltage behavior under reference, controlled, and 

worst-case conditions. The slack bus (Bus 1) maintains a 

constant voltage of 1 pu in both cases, indicating correct 

voltage reference modeling. At buses equipped with energy 

storage systems (Buses 18 and 25), the proposed strategy leads 

to slightly reduced voltage variations over time, particularly 

during higher load periods. At the end-of-feeder Bus 33, the 

minimum voltage magnitude remains nearly the same in both 

cases; however, the temporal voltage fluctuations are 

marginally lower under the proposed strategy. Overall, the 

results indicate that the proposed approach primarily reduces 

voltage variability rather than increasing voltage levels. 

 

Fig.4. Hourly voltage profiles of selected buses in the distribution 

network for Case Study 1 and Case Study 2. 

To quantitatively assess voltage profile improvement, system-

wide voltage metrics are also evaluated. Specifically, the 

minimum and maximum bus voltages over the scheduling 

horizon, as well as the mean absolute deviation from the 

nominal value of 1 p.u., are calculated and reported. 
Fig.5, compares the total network losses for case studies 1 and 

2.   

 

Fig.5. Comparison of total active power losses of the distribution 

network under Case Study 1 and Case Study 2. 

Total network losses decrease from 3028.476 kW in the base 

case to 3027.659 kW under the proposed approach. Although 

the numerical reduction is limited, it reflects a more balanced 

power flow distribution across the network without altering 

load levels or network topology. This indicates that the 

proposed method improves operational efficiency by slightly 

reducing unnecessary line currents, which can contribute to 

energy savings over long-term operation. 

As shown in Fig.6, the objective function value is higher in the 

proposed case compared to the base case. This increase is 

associated with the additional operational actions introduced 

by the proposed strategy. The result indicates a trade-off 

between operating cost and technical performance, where 

reduced network losses are achieved at the expense of a higher 

objective function value. 

 

Fig. 6. Comparison of objective function values for Case Study 1 and 

Case Study 2. 

Fig. 7, presents the 24-hour charging and discharging power 

profiles of the energy storage systems installed at buses i18, 

i25, and i33 for Case Studies 1 and 2. In both cases, charging 

occurs during hours 1–7 and discharging during hours 16–22, 

while zero power in the remaining hours indicates inactive 

periods.  

 

Fig.7. Comparison of 24-hour charging and discharging power of 

energy storage systems in Case Studies 1 and 2. 

In Case Study 1, charging power is concentrated at bus i25, 

reaching approximately 242 kW at hour 5, whereas bus i33 

charges at about 175 kW in the same hour. In Case Study 2, 

this distribution changes: at hour 5, the charging power of bus 

i25 decreases to about 78 kW, while the charging power of bus 

i33 increases to approximately 194 kW, and at hour 4 the 

charging power of bus i33 rises from about 86 kW to nearly 

200 kW. During the discharging period, Case Study 1 shows 

higher output at bus i18 around hour 19 (approximately 197 
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kW), with lower contributions from bus i25. In contrast, Case 

Study 2 reallocates discharging power across the peak hours, 

as evidenced by the increase in discharging power at bus i18 

from about 87 kW to approximately 199 kW at hour 18, and 

the increase at bus i25 to about 192 kW and 172 kW at hours 

19 and 20, respectively. These numerical differences in Fig.7, 

indicate that Case Study 2 modifies the allocation of charging 

and discharging power among buses and peak hours, while 

maintaining the same operating time windows as Case Study 

1.The observed improvement in these voltage metrics is 

mainly attributed to the coordinated charging and discharging 

behavior of the battery, which provides local voltage support 

during peak load and high renewable generation periods. 

4 Conclusion 

This paper presented a voltage-aware operational model for 

active distribution networks using a mixed-integer linearized 

optimization framework. In contrast to conventional 

formulations where voltage is enforced only through 

feasibility constraints, voltage deviation was included 

explicitly in the objective function via a linear penalty term. 

This formulation enabled voltage conditions to influence 

operational decisions, particularly the scheduling of energy 

storage systems, while preserving model solvability. 

Simulation results on the IEEE 33-bus distribution system 

showed that the proposed approach leads to a more uniform 

voltage profile at selected buses over the 24-hour horizon. 

Although voltage magnitudes in both the base and proposed 

cases remained within permissible limits, the proposed 

formulation reduced voltage variability during high-load 

periods. The observed changes in voltage behavior were 

associated with adjustments in the charging and discharging 

patterns of energy storage systems, indicating a coupling 

between voltage deviation and storage operation within the 

optimization process. In terms of network losses, the total 

losses decreased from 3028.48  kW to 3027.66 kW, 

corresponding to a reduction of approximately 0.03%. While 

the numerical magnitude of this reduction is limited, it 

indicates that voltage-aware operation can influence loss-

related outcomes even when loss minimization is not the 

dominant objective. The results suggest that modifications in 

the temporal allocation of storage operation contribute to this 

effect. The objective function value increased by 

approximately 9.2% in the proposed case due to the explicit 

inclusion of voltage deviation. This outcome reflects the trade-

off introduced by considering voltage quality alongside 

economic and operational criteria. The proposed framework 

therefore provides a structured means to evaluate the 

interaction between voltage performance, storage scheduling, 

and system-level metrics within a single optimization model. 

Several limitations of this study should be noted. The use of 

linearized power flow equations improves computational 

tractability but may reduce accuracy under strongly nonlinear 

operating conditions. In addition, uncertainty in load demand 

and renewable generation was modeled in a simplified form, 

and detailed short-term voltage dynamics were not considered. 

The voltage penalty coefficient was assumed to be constant, 

and its sensitivity was not extensively analyzed. 

Future work may include extending the formulation to multi-

objective optimization, incorporating more detailed 

uncertainty representations, and investigating adaptive or 

time-dependent voltage penalty parameters. Applying the 

proposed approach to larger distribution networks and 

integrating additional voltage control devices may also provide 

further insight into its applicability. 
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