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ABSTRACT 

Battery Energy Storage Systems (BESSs) are increasingly used in buildings to smooth net load 

fluctuations, improve renewable self-consumption, and support demand-side management. This study 

formulates day-ahead load leveling as a convex quadratic programming problem that minimizes the 

variance of the net load subjected to charging/discharging power limits, State of Charge (SoC) bounds, and 

end-of-horizon energy constraints. In addition, this work evaluates the impact of the initial SoC on the 

performance of load leveling and introduces a method to determine the optimal SoC corresponding to the 

best performance. The method was tested on weekdays and weekend load profiles of a commercial office 

building using a 750 kWh/250 kW BESS. In all examined cases, the optimized schedule significantly 

flattened the load curve, regardless of the initial SoC level. Furthermore, the research results demonstrate 

that an appropriately selected initial SoC determines the amount of energy available for charging or 

discharging that best matches the load characteristics, thereby achieving a more effective improvement in 

the total load profile. 

Keywords-BESS; optimal dispatch; load leveling; optimal initial SoC 

I. INTRODUCTION 

Modern energy systems are evolving toward smart and 
sustainable development, in which the integration of 
Renewable Energy Sources (RESs), such as solar and wind 
power, Energy Storage Systems (ESSs), and Electric Vehicles 
(EVs), is prevalent. This offers great potential for energy 
autonomy, environmental and techno-economic goals, and 
operational flexibility. However, it is also associated with 
significant challenges related to flexible dispatch strategies, 
which must pursue both economic and technical objectives 
while ensuring system reliability and stability. 

In building energy systems with photovoltaic generation, 
the adoption of an ESS can mitigate the fluctuations in the net 
load profile caused by the intermittence of RESs and the 
mismatch between power consumption and power generation. 

Demand Side Management (DSM) for building energy 
systems plays a crucial role in smart grids, especially since 
residential loads account for up to 30% of total electricity 
consumption [1]. From both the consumer and utility 
perspectives, implementing DSM in buildings’ power grids can 
offer advantages, such as energy cost reduction, peak demand 
reduction, load profile improvement, and maximum utilization 
of  RESs [2, 3]. 

In general, an ESS can be utilized as a buffer, storing 
energy during valley hours and discharging it during peak 

periods [4, 5]. This strategy not only helps improve the net load 
profile but may also help increase the self-consumption ratio in 
energy systems that utilize renewable sources. In such systems, 
a mismatch between renewable generation and load demand 
may cause valleys. In the case of no ESS integration, surplus 
power occurring at the valleys may be curtailed or injected into 
the distribution grid, thereby reducing the self-consumption 
ratio. 

Owing to their modular capacity, high round-trip efficiency, 
fast response, and comparatively low maintenance 
requirements, Battery Energy Storage Systems (BESSs) are 
well-suited for load-shifting and peak-shaving applications [4, 
5]. In systems with renewable generation, BESSs can further 
reduce the power imbalance caused by renewable intermittency 
and load-generation mismatch. Their use as flexible energy 
sources can reduce grid dependence and alleviate stress on the 
grid during high-demand periods [6]. 

Regarding load profile improvement, several solutions have 
been proposed and validated. Authors in [7] considered the 
consumer’s energy bill and peak load demand as the primary 
objectives. An intelligent multi-objective household DSM 
approach incorporating BESSs was proposed to simultaneously 
minimize both objectives. The results showed that almost all 
residential consumers could recover their BESS investment 
within three years, while the utility company could benefit 
from reducing its peak demand. 
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In [8], a multi-objective Mixed Integer Linear 
Programming (MILP) technique was applied for residential 
DSM implementation, where electricity cost and electrical peak 
load were considered objectives. Meanwhile, authors in [9] 
proposed a model that enables residential consumers to 
significantly reduce their electricity bills by lowering the 
contracted capacity using a BESS. In this approach, peak 
demand was shaved without affecting customer comfort levels. 

Several studies have considered the participation of EV 
batteries in the load profile improvement problem [10, 11]. In 
[10], the efficient utilization of EV batteries to their full 
potential was shown, where discarded EV batteries could be 
seen as cost-effective storage units for maximum demand 
shaving. Second-life EV batteries can be utilized for power 
peak shaving in commercial and industrial applications. 
Authors in [11] proposed an optimal real-time scheduling 
algorithm for photovoltaic-integrated electric two-wheeler 
charging stations, in which the objective function aims to 
minimize the load variance for load leveling. 

Generally, research has shown that peak shaving and 
flexible energy dispatch in buildings are typically addressed 
through DSM, fixed BESS scheduling, and multi-energy 
management strategies [12, 13]. Experimental and simulation 
studies on solar-powered and hybrid renewable systems have 
also highlighted the importance of battery charging/discharging 
coordination in practical applications [14-16]. Representative 
optimization approaches include BESS capacity-and-control 
co-optimization for peak shaving [17], building-level integrated 
energy system optimization [18], peak shaving control in 
distribution grids [19], and MILP-based peak shaving in smart 
buildings [20]. These studies confirmed the important role of 
storage scheduling, but they generally prescribed the initial 
State of Charge (SoC) or treated it implicitly rather than 
explicitly optimizing it. 

Accordingly, the research gap addressed in this study is the 
combined day-ahead problem of BESS dispatch scheduling and 
initial-SoC selection for net load variance minimization under 
battery power, SoC, energy-dynamic, and end-of-day SoC 
constraints. The novelty lies in explicitly optimizing the initial 
SoC as a scalar operational planning variable and quantifying 
the performance gain relative to conventional fixed initial-SoC 
assumptions. 

The main contributions of this study are: 

1. To formulate day-ahead BESS dispatch for load leveling 

as a convex quadratic programming problem with 

explicit power, SoC, and energy balance constraints. 

2. To propose an outer-loop search procedure that 

identifies the initial SoC yielding the minimum 

achievable load variance. 

3. To benchmark the optimized initial SoC against 

representative fixed initial SoC cases for different daily 

load profiles and quantify the technical gain in terms of 

load variance reduction. 

II. METHODOLOGY 

A. Load Leveling Optimization 

Assuming that a scheduling horizon is divided into n time 
steps, the forecasted load profile over the time steps is given 
by: � = ��� �� … �	
�    (1) 

The BESS charging/discharging power vector over the 
time-steps is � = �
� 
� … 
	
� , in which 
� > 0  when the 
BESS discharges energy and 
� < 0 when the BESS absorbs 
energy from the grid. 

The net load vector after the BESS participates in the 
dispatch operation is illustrated in: 

� = � − � = ��� − 
��� − 
�⋮�	 − 
	
�    (2) 

For load leveling, the objective function can be expressed 
as: min ������ = min �	 ∑ � ! −  "��	!#�   (3) 

where  "  is the average value of �  over the scheduling 
horizon:  " = �	 � � +  � + ⋯ +  	�   (4) 

The constraints are given below. 

Charging/discharging power constraint: −&'() ≤ 
! ≤ &+�, , ∀/ = 1, 1"""""   (5) 

SoC constraint to ensure the lifetime of the BESS: 2345�	 ≤ 234! ≤ 234567 , ∀/ = 1, 1"""""  (7) 

where, 2348 and 234	 represent the SoC of the BESS at the 
beginning and the end of the scheduling horizon, respectively. 9! is the charging/discharging efficiency at time-step k. 

If the BESS SoC at the end of the scheduling horizon is 
restored to its initial value to prepare for the next scheduling 
cycle, then constraint (7) becomes: ∑ 
!9!. ;<	!#� = 0 ⇔ ∑ 
!9!	!#� = 0  (8) 

Finding the vector � that satisfies the objective function (3) 
will result in a net load profile � that closely follows the target 
value  ". Consequently, this leads to a flatter load profile. 

The optimization problem in (3) is a convex Quadratic 
Program (QP) [21, 22]. The objective is quadratic in the 
decision vector x, whereas constraints (5)-(8) are linear 
equalities or inequalities. Therefore, for a given forecasted load 
and initial SoC, the dispatch problem admits a global optimum 
and can be solved using any standard convex QP solver. 

For implementation, the workflow is: (i) obtain the 
forecasted load vector l and BESS parameters, (ii) assemble the 
QP matrices associated with the variance objective, power 
bounds, SoC limits, and energy balance constraint, (iii) solve 
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the first-stage QP for a given initial SoC, and (iv) repeat the 
first-stage solution over candidate initial SoC values in the 
second-stage outer loop to identify the optimal initial SoC 
yielding the minimum achievable load variance. 

B. Initial SoC Optimization 

For a given load forecast, different feasible initial SoC 
values provide different charging and discharging margins. 
Consequently, the minimum variance obtained from the inner 
QP is itself a function of the initial SoC. The second stage 
evaluates this function over the admissible SoC interval and 
selects the value that yields the smallest objective. 

The adopted outer loop is intentionally simple because the 
initial SoC is a single bounded scalar variable. Unlike the inner 
dispatch problem, which optimizes n hourly BESS power 
values, the outer loop only compares feasible initial-SoC 
candidates. This structure is transparent, reproducible, and 
appropriate for day-ahead building energy management. 

The procedure is implemented as: 

 Divide the interval �2345�	 , 234567
  into m equal sub-
intervals separated by discrete values 234�, 234�, … , 2345. 
Where 234� = 2345�	  and 2345 = 234567 . 

 At the /@(  iteration, assign 2348 = 234! , where 2348 
denotes the initial SoC of the BESS. 

 With the assigned 2348 , find the minimum value of the 
objective function (3). Denote the obtained value as �!. 

 Identify �AB@ = min �! , / = 1, C"""""". This value is obtained at 234A = 234AB@. 

 The obtained value �AB@  corresponds to the optimal initial 

SoC that yields the best load leveling performance. 

The pseudocode is: 

Input: 2345�	 , 234567 , C 

Output: 234AB@ , �AB@ 
Step 1: Divide interval �2345�	 , 234567
 into C − 1 equal sub-intervals. 
for D = 1 → C: 234� = 2345�	 + �D − 1��234567 − 2345�	�/�C − 1� 
Step 2: initialize �AB@ = +∞, 234AB@ = 1H��  
Step 3: for / = 1 → C: 2348 = 234!  �! = 23�IJ 3KLJM<DIJ NH1M<D31 �3�  
          if �! < �AB@: �AB@ = �!  234AB@ = 234!  

end if 

      end for 

Step 4: return 234AB@ , �AB@ 
 

The inner dispatch problem is solved deterministically as a 
convex QP, whereas the outer initial SoC search is a one-
dimensional discrete sweep over the admissible interval. This 
combination is selected to preserve transparency and 

reproducibility while keeping the implementation simple for 
day-ahead scheduling. 

III. CASE STUDY AND SIMULATION RESULTS 

A. Load Profile 

To validate the effectiveness of the proposed solution, a 
simulation was implemented for a specific case study. 
Assuming that the forecasted load demand data are available 
and sufficiently accurate, the scheduling horizon is considered 
for one day, with a time step of 1 h. 

The load under study is the electrical load of a commercial 
office building, which is characterized by typical daily profiles 
for the beginning, middle, and end of a week, as shown in 
Figure 1. 

 

 

Fig. 1.  Load profiles of the building. 

It can be observed that the load profiles of the commercial 
and office buildings on weekdays (beginning and midweek) are 
quite similar. The average load from 8:00 to 24:00 was 
approximately 650 kW. The peak load occurred between 18:00 
and 20:00, whereas the valley load appeared from midnight to 
approximately 7:00. Compared with weekdays, the weekend 
load profile is relatively flatter, with an average power of about 
600 kW. 

B. BESS Parameters 

The investigated building adopts a BESS with a capacity of 
750 kWh and a maximum allowable charging/discharging 
power of 250 kW, corresponding to an autonomy time of 3 h. 

The charging/discharging efficiency of the BESS is 0.9, and 
the SoC should be controlled within the range of 0.2-0.9 to 
ensure the battery's longevity [23]. 

C. Load Leveling Optimization Results 

To assess the influence of the initial SoC on load-leveling 
performance, the first-stage dispatch optimization is solved for 
three representative initial SoC values: 20%, 50%, and 80%. 
These values represent the low, medium, and high initial 
energy states of the BESS. 

Because the dispatch cycle is considered in one day, at the 
end of the day, the BESS SoC should recover its initial value to 
prepare for the next scheduling cycle. 
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With the initial SoC values of 20%, 50%, and 80%, 
representing the low, medium, and high energy levels of the 
BESS at the beginning of the day, the simulation results of the 

load profile before and after BESS optimal scheduling, as well 
as the BESS power and energy level profiles for the beginning-
of-week day, are presented in Figures 2-4, respectively. 

 

 

Fig. 2.  Load profile and BESS’s characteristics in the case of low initial SoC (Monday). 

 

Fig. 3.  Load profile and BESS’s characteristics in the case of medium initial SoC (Monday). 

 

Fig. 4.  Load profile and BESS’s characteristics in the case of high initial SoC (Monday). 
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In all three cases, the load profile after BESS dispatch 
following the first optimization step shows a significant 
improvement. However, the level of improvement varies with 

different initial SoC levels. The best improvement is achieved 
when the initial SoC of the BESS is 20%. As the initial SoC 
increases, the level of load profile improvement decreases. 

 

 

Fig. 5.  Load profile and BESS’s characteristics in the case of low initial SoC (weekend). 

 

Fig. 6.  Load profile and BESS’s characteristics in the case of medium initial SoC (weekend). 

 

Fig. 7.  Load profile and BESS’s characteristics in the case of high initial SoC (weekend). 
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At the end of the day, the SoC of the BESS returns to its 
initial value, preparing for the next scheduling cycle. In 
addition, the simulated profiles also show that the SoC bounds 
and charge/discharge power limits are respected throughout the 
scheduling horizon. 

For the weekend scheduling case, where the load curve 
differs significantly from those on weekdays, Figures 5-7 
present the simulation results corresponding to the initial SoC 
levels of 20%, 50%, and 80%, respectively. 

It is observed that in this case, the load profile also achieves 
a better load leveling performance when the initial SoC is low. 
As the initial SoC increases, the reserve of the BESS to absorb 
power during early hours (i.e., periods of low load from 00:00 
to 06:00) becomes more limited. This may be a key factor 
affecting the effectiveness of load profile improvement. 

To quantitatively compare the load-profile improvement, 
the daily net load variance is used as the main performance 
indicator. Table I benchmarks the original no-BESS case 
against three fixed initial SoC cases. The same BESS energy 
capacity, power rating, efficiency, and SoC limits are used in 
all cases. 

TABLE I.  LOAD VARIANCE BENCHMARKING FOR NO-
BESS AND DIFFERENT INITIAL SOC CASES 

Weekday 

Load variance 

Before 

dispatch 

Optimal 

dispatch with 

low initial SoC 

Optimal 

dispatch with 

medium initial 

SoC 

Optimal 

dispatch with 

high initial SoC 

Monday 34536.2 11374.75 15362.32 21446 

Midweek 19343.93 3594.53 6425.74 10526.59 

Weekends 6889.55 2.42.10-19 252.17 1484.88 

 
The results confirm that BESS participation reduces load 

variance for all tested profiles. For Monday, the variance 
reductions relative to the no-BESS case are 67.1%, 55.5%, and 
37.9% for initial SoC values of 20%, 50%, and 80%, 
respectively. For the midweek profile, the corresponding 
reductions are 81.4%, 66.8%, and 45.6%. For the weekend 
profile, the reductions are approximately 100.0%, 96.3%, and 
78.5%, respectively. 

The greatest improvement is obtained for the weekend 
profile at 20% initial SoC, where the optimized net load 
becomes nearly flat. This result should not be interpreted as a 
universal preference for the lowest possible SoC. Instead, it 
follows from the tested load profiles, in which the main valley 
occurs near the beginning of the scheduling horizon. If a daily 
profile started with high demand, a higher initial SoC would be 
preferable because more stored energy would be available for 
immediate discharge. 

Figures 8 and 9 compare the original and optimized load 
profiles for the Monday and weekend cases, respectively, under 
the three representative initial SoC levels. 

The valley-filling and peak-shaving effects are observed. 
During off-peak early-morning hours, the BESS charges to fill 
the demand valley. The stored energy is then discharged during 
periods of high demand, producing a flatter total load profile. 

To benchmark the practical value of second-stage SoC 
optimization, the best initial SoC identified for the tested 
profiles is compared with conventional fixed initial-SoC 
assumptions. Relative to the 50% initial-SoC baseline, the 
optimized low-SoC case further reduces variance by 26.0% on 
Monday, 44.1% on the midweek profile, and almost 100% on 
the weekend profile. Relative to the 80% initial-SoC baseline, 
the additional reductions are 47.0%, 65.9%, and almost 100%, 
respectively. 

 

 

Fig. 8.  Original and optimal load profiles at different initial SoCs 

(Monday). 

 

Fig. 9.  Original and optimal load profiles at different initial SoCs 

(weekend). 

These results are consistent with previous studies showing 
that BESS scheduling can reduce peak demand and flatten 
building or distribution grid load curves [12-15]. The 
distinguishing feature of the present study is that the initial SoC 
was evaluated as an explicit planning variable. The benchmark 
demonstrates that even with unchanged battery capacity, power 
rating, efficiency, constraints, and load forecast, the selected 
initial SoC can materially change the minimum achievable load 
variance. 

D. Initial Soc Optimization Results 

To determine the best initial SoC over the full allowable 
SoC range, a second-stage search was applied. The resulting 
minimum achievable variance as a function of the initial SoC is 
shown in Figure 10. 
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Fig. 10.  Optimal variance when the initial SoC varies. 

It can be observed that in all three cases (beginning, middle, 
and end of the week), the load variance increases as the initial 
SoC rises within the range of 0.2-0.9. For the tested load 
profiles, the best performance is achieved at the lower bound of 
the admissible SoC range. This result may be attributed to the 
low load duration occurring at the beginning of the day, which 
tends to favor BESS charging to fill the demand valley. A low 
initial SoC is therefore advantageous for this type of load 
profile. However, if the load pattern changes, for example, with 
a higher demand at the beginning of the scheduling horizon, a 
low initial SoC may no longer be optimal. Thus, the best initial 
SoC is profile-dependent and should be re-evaluated whenever 
the load pattern changes. 

If the optimal initial SoCs obtained for two consecutive 
days differ, the algorithm should adjust the SoC at the end of 
the first day to match the optimal SoC of the next day. In this 
case, the solution of the objective function (3) should satisfy 
constraint (7). 

IV. CONCLUSIONS 

This study presented a two-stage method for Battery 
Energy Storage System (BESS)-based load leveling in building 
energy systems. The first stage formulates the day-ahead BESS 
dispatch as a convex Quadratic Program (QP) that minimizes 
the net load variance under power limits, State of Charge (SoC) 
bounds, and energy balance constraints. The second stage 
searches the admissible initial SoC range to determine the 
value that yields the minimum achievable variance. 

For the case study with a 750 kWh/250 kW BESS, 
substantial load-profile improvement was demonstrated for 
Monday, midweek, and weekend conditions. With the best 
initial SoC identified for the tested profiles, the load variance 
decreased from 34536.2 to 11374.75 for Monday, from 
19343.93 to 3594.53 for the midweek profile, and from 
6889.55 to a negligible value for the weekend. Compared with 
the conventional 50% initial SoC assumption, the optimized 
initial SoC reduced the variance by 26.0%, 44.1%, and nearly 
100%. The difference in the level of load profile improvement 
can be attributed to the variation in the load curves on different 
days and the differences in the initial SoC of the BESS at the 
beginning of the scheduling process. 

The results indicate that the initial SoC should not be 
treated as an arbitrary initialization parameter. It directly 
determines the amount of energy available for charging or 
discharging that best matches the load characteristics, thereby 
achieving the most effective load profile improvement. It 
affects how effectively the BESS can perform valley filling and 
peak shaving over the daily cycle. 

The practical contribution of this study is a reproducible 
and computationally transparent procedure for selecting the 
initial SoC in day-ahead building energy management when the 
primary objective is technical load leveling rather than tariff-
based economic optimization. 

The present work is intentionally focused on deterministic 
technical load leveling under accurate day-ahead load forecasts. 
Battery degradation cost, electricity tariffs, inverter efficiency 
curves, network constraints, forecast uncertainty, and solver-to-
solver or method-to-method benchmarking are outside the 
present scope. These aspects, as well as further validation using 
a larger dataset and experimental or field implementation, will 
be investigated in future work. 
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