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Domestic Battery Power Management Strategies to 

Maximize the Profitability and Support the Network 

Abstract— Behind the meter battery energy storage systems 

(BESS) are attracting more customers due to their ability to 

achieve a profitable energy arbitrage in the presence of electric 

vehicles (EV) and solar photovoltaics (PV) with the time of use 

tariffs. From the distribution system operator’s perspective, these 

units can be utilized to support the network, especially with the 

rapid deployment of microgeneration and the electrification of 

transportation and heat. This paper proposes two management 

algorithms to maximize the customer’s profitability and support 

the network’s operation. The first algorithm is day-ahead 

scheduling that utilizes the forecasted data to solve a bi-objective 

function that optimizes the electricity bill and the load variance. 

The second algorithm is a rule-based strategy executed in a real-

time based on a set of inputs and rules to maximize the battery’s 

returned value and mitigate the impact of a household’s net 

demand on the network. Both algorithms were validated using 

actual measurements and compared against the conventional rule-

based management strategy, while the impact on the network was 

analyzed using real network data located in Northern Ireland.           

Index Terms— Battery energy storage systems, electric vehicles, 

power management, scheduling, solar photovoltaic.  

I. INTRODUCTION  

It is anticipated that the deployment of behind the meter 
battery energy storage systems (BESS) at the low voltage level 
will increase vastly in the next few years due to their necessity 
in the energy evolution [1]. Currently, the investment in these 
units for residential premises is not economically effective, 
however, in the near future, their integration will increase due to 
the rapid decline in the costs of the technology. From the 
customers’ perspective, it is attractive to deploy BESS with the 
time of use (ToU) tariffs due to their role in shifting the demand, 
which can cut an electricity bill significantly, especially with the 
presence of solar photovoltaics (PVs), electric vehicles (EVs), 
and heat pumps. Furthermore, Distribution system operators 
(DSOs) are investigating the incentivization of customer-owned 
BESS at the low voltage network in return for supporting the 
network operation by mitigating voltage and network stresses.  

Recent findings from the Distributed Storage & Solar Study 
by Northern PowerGrid [2], have shown the effectiveness of 
residential BESS in shaving the peak demand averagely by 65% 
as well as reducing the impact of residential solar PV export 
power by an average of 38%. The project demonstrated the 
effectiveness of domestic batteries in giving flexibility to the 
DSO which can avoid or defer conventional reinforcements.   

The operation of residential BESS depends on the 
installation purpose, generally, they are deployed to minimize 
the electricity bill through increasing the PV self-consumption 
and energy arbitrage. In other cases, BESS units are placed or 
coordinated in agreement with the DSO, so that the DSO can 
utilize them to assist network operation at specific times. The 
BESS management strategies can be categorized into the look-
ahead scheduling and real-time operation and implemented as 
centralized, decentralized, or coordinated control.  

The look-ahead strategy schedules the BESS power 
conversion system (PCS) by utilizing a forecasting algorithm to 
predict the households’ net demand on a period-ahead basis as 
reported in [3]–[6]. Also, some battery manufacturers rely on this 
strategy as one of their management schemes [7]. This strategy 
requires historical data for demand and generation in addition to 
weather data and sometimes an optimization algorithm is 
required to achieve a set of pre-defined objectives. However, 
relying on the look-ahead strategy only for residential BESS 
management is not highly effective, especially with the presence 
of many uncertainties including EV charging and intermittent 
output of PV due to weather fluctuations particularly in 
geographical areas such as Northern Ireland, where the weather 
is highly changeable. Some studies introduced a solution to this 
problem by relying on short interval ahead forecasts [5], [8]. 
However, the randomness associated with the household’s net 
demand cannot be fully predicted as the net demand can change 
repeatedly during this short interval.  

The BESS real-time operation strategies utilize the real-time 
net power of a household to determine the BESS PCS set points 
online. These set-points depend on the pre-defined objective of 
the BESS, an optimization algorithm can be implemented online 
to achieve an optimal tradeoff between different objectives with 
respect to a set of constraints, as reported in [9]–[11]. However, 
due to the execution time of solving an optimization problem, a 
time delay will be existing and thus, the optimal set-points may 
not represent the real-time values. This delay can vary between 
1 minute to several minutes according to the objective function, 
optimizer, and the hardware used. Additionally, the 
implementation of these algorithms is not simple and costly as it 
requires good processors due to the existence of an optimizer. 
Other online strategies rely on sets of rules based on the pre-
defined objectives. These strategies are widely used as they do 
not require complex processors in addition to their responsive 
behaviour. They are applied widely by setting power thresholds, 
in which, the BESS (dis)charges when the net power reaches a 
specific threshold. These thresholds are determined based on the 
available data and the goal of the BESS. In [12], a rule-based 
strategy is introduced to operate residential BESS against PV 
overvoltage. However, this strategy focused on benefiting the 
network only and did not consider the customers’ profitability.  
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Generally, the rule-based strategies are adopted extensively 
by BESS controller manufacturers with different pre-defined 
thresholds and rules for the BESS power are set when the net 
power reaches these thresholds. Actual results from 
implementing some of these strategies can be found in [2], where 
four strategies have been tested. These strategies include 
(dis)charging the BESS at maximum rating at specific times, or 
according to forecasting signal, consumption, and pre-defined 
thresholds. The drawbacks associated with these rule-based 
strategies and the other management strategies reported in the 
literature can be summarized as followings: 1) the majority of 
the strategies that focus on customer’s profitability do not 
consider mitigating efficiently the PV impact [8], [10], [11], as 
the BESS can be fully charged before reaching the PV high 
generation periods, additionally, the strategies that focus on the 
network perspective do not usually consider the customer 
profitability as the BESS operates to improve the network 
operation [9], [12], and  2) none of the mentioned studies and 
most of the strategies in the literature did not consider the EV 
charging impact, instead, the BESS discharges during the peak 
period without focusing on flattening the load profile. 

This paper addresses the previous drawbacks by proposing 
two management strategies for the domestic BESS to mitigate 
the negative impacts of PV and EV on the network and maximize 
the customer’s profitability. The first strategy relies on 
forecasted data to schedule the BESS in day-ahead basis. This 
strategy is developed to be used for applications with high 
forecasting accuracy or systematic daily demands. The second 
one is a rule-based strategy that is executed on a real-time basis 
by utilizing a set of pre-defined rules and inputs. Both strategies 
aim to achieve maximum utilization of the BESS during PV 
generation through increasing the PV self-consumption as well 
as mitigating the PV impact on the network for longer periods in 
addition to reducing the electricity import during peak time by 
flattening the peaks. For the sake of comparison, a conventional 
rule-based method is developed. The household voltage and 
losses before and after applying the algorithms are analyzed by 
simulating a household at a residential network located in 
Northern Ireland. The proposed algorithms are freely available 
to download from [13], along with the required documentation.  

II.  BESS MANAGEMENT ALGORITHMS 

In this section, the BESS model operation, and constraints, 
as well as the management algorithms are introduced.  

A. BESS System Model 

1) BESS Power Rating: The discharged power (�����) or 

charged power (���ℎ	) at any time-point t cannot exceed the 

BESS b predefined rating.  

��,���� ≤ �����    ;    ��,���� ∈ [��,����, ��,��ℎ	]     (1) 
2) System efficiency: The power imported (��,��ℎ) or exported 

(��,���) from/to the network by the BESS at t is constrained by the 

input/output efficiency of the BESS (��
�/�

) calculated from the 

round-trip efficiency (��	��) and the PCS efficiency (�� � 
�/� 

). 

�� = ��
�/� × �� � 

�/�    ;    ��
�/� = √��	��                (2)  

��,��� = ��,������       ;     ��,��ℎ = ��,��ℎ	
�� 

                (3) 
3) State of Charge (SoC) and Depth of Discharge (DoD): 

SoC and DoD are percentage measurements that indicate the 

BESS capacity status. SoC indicates the available capacity still 

in the BESS, while the DoD indicates the discharged capacity 

from a fully charged BESS. The SoC must be maintained within 

reasonable limits at any time to increase the BESS lifespan. 

&'(���) ≤ &'(�,� 
 ≤ &'(���� ;  &'(���) = &'(���� − +'+����(4) 

&'(�,� 
 =  &'(�−1,� 

 + ��,��ℎ�� /
0��� − ��,���/

0����� 
            (5) 

/  is the time interval (/ =  34 60⁄ ) , dm is data resolution in 

minutes, e.g. 60 for an hour, and 0��� is actual BESS capacity. 

4) PCS Rating: The BESS PCS is operating on a unity 

power factor so active power is only handled, and the PCS 

rating is equal to the BESS max rating.  

B. Conventional Rule-Based Algorithm  

The conventional rule-based algorithm (CRBA) relies on 
fixed power thresholds for the BESS charging and discharging. 
The basic form of this technique is to discharge the BESS if the 
household net demand is larger than the upper threshold (�9ℎ: ) 
and to charge if there is excess in the PV generation when the net 
demand goes below the lower threshold (�9ℎ; ) which is equal or 
less than zero to maximize the self-consumption. The household 
net power (��)��) can be determined using the base demand (����), 
EV charging (��< ), and PV generation (���< ) at time t as:  

��)�� = ���� + ��< − ���<                     (6) 
This strategy requires the power thresholds in addition to the 

real-time measurements of the net demand. The sequential steps 
for a number of days of =� are given in Algorithm 1.   

Algorithm 1: Conventional Rule-based Algorithm  

Inputs: ��)��, &'(�−1,� , &'(����
 , &'(���)

 , ��  
 , 0���, �����, �9ℎ: , �9ℎ; , 34, =� 

1: for > = 1:=� × 24 /⁄  

2:   if ��)�� < �9ℎ;  

3:     if  �9ℎ; − ��)�� ≤ ����� and (�9ℎ; − ��)��)/ ≤ (&'(����
 − &'(�−1,� 

 )0��� 

4:      ��,��ℎ= �9ℎ; − ��)�� 
5:     else if �9ℎ; − ��)�� > ����� and �����/ ≤ (&'(����

 − &'(�−1,� 
 )0��� 

6:      ��,��ℎ= ����� 

7:     else  ��,��ℎ= 
(�� CDEF

 −�� G−1,C 
 )CEJ

K  

8:     end if 

9:   end if 

10:  if ��)�� > �9ℎ:  

11:    if  ��)�� − �9ℎ: ≤ ����� and (��)�� − �9ℎ: )/ ≤ (&'(�−1,� − &'(���)
  )0��� 

12:     ��,���= ��)�� − �9ℎ:  

13:    else if ��)�� − �9ℎ: > ����� and �����/ ≤ (&'(�−1,� − &'(���)
  )0��� 

14:    ��,���= ����� 

15:    else  ��,���= 
(�� G−1,C −�� CDMN

  )CEJ
K  

16:    end if 

17:  end if 
18: Update the &'(�,� 

 using Eq. (5) 

19: end for 

C. Proposed Day-Ahead Scheduling Algorithm  

The proposed day-ahead scheduling algorithm (PDSA) relies 
on day-ahead forecasting in determining the BESS operation. 
The scheduling horizon is a full day of a number of time-points 

(PQ). Unlike other studies that focus on a single perspective; 
whether the customer’s profitability or supporting the network. 
The proposed scheduling algorithm aims to support the network 
by mitigating the PV and EV impacts while not affecting the 
customer’s profitability. This is formulated as a bi-objective 
function to be minimized of daily electricity bill and load 
variance. Minimizing the load variance will result in flattening 
the load profile which optimizes the voltage, reduces losses, and 
shaves the peaks. This  is  formulated  as  a  multi-objective 



 

function using  the  weighted  sum  method (R1 = 0.7, R2 = 0.3)  
and converted into a  mono-objective by normalization using the 
consequent upper-bound approach [14]. The objective function 
can be expressed by the decision variables vector x with lower 
bounds (V �� = 0) and upper bounds (W �� = �����) as: 

4XP� (R1 ∑([���(��)�� > 0) − [���|��)�� < 0|)/
)]

�=1
+ R2

1
PQ ∑∣��)�� − ��_`)��∣2

)]

�=1
)   ;  ∀ > ∈ PQ  (7) 

c. >.  ��)�� = ���� + ��< − ���< + ��,�
��dd               (8) 

f ∈ ��,����
 ∧   ��,�

��dd ∈ [−��,��� , ��,��ℎ]                    (9) 
Where [��� is the electricity purchasing price, [��� is the export 

tariff, ��,�
��dd  is the BESS effective power that considers the BESS 

system efficiency, and  PQ =  24 /⁄ . The proposed algorithm 
adopts the European Non-linear programming solver (WORHP) 
[15] due to its effectiveness in providing desirable solutions for 
the optimization problem. The WORHP adopts sequential 
quadratic programming and interior-point method to solve 
complex problems efficiently. The algorithm distributes the 

decision variables of the BESS power (f ∈ �>,h i0&&) over the 

scheduling horizon optimally to minimize the objective function. 
This optimization problem is bound-constrained and has a linear 
inequality constraint of the BESS SoC Eq. (4).   

D. Proposed Rule-based Algorithm  

The proposed rule-based algorithm (PRBA) combines the 
benefits of the previous two algorithms in which it is 
implemented online in a fast manner like the CRBA, while it 
aims to achieve near-optimal results to the ones obtained using 
the PDSA. This algorithm relies on dynamic thresholds that 
change according to the day and time. To achieve near-optimal 
results, the proposed algorithm utilizes some inputs based on the 
user and the forecasted data. However, unlike the PDSA that 
requires the full horizon forecasting in high accuracy, the PRBA 
requires only specific values that are easy to be forecasted and 
does not require high accuracy. These values should be settled in 
a look-ahead basis at hr 00:00 of the same day of the operation. 

For the charging at day da the algorithm requires the 
forecasted total PV generation (0���< ) in kWh and the total hours 
of PV generation (P���< ), these values can be estimated from the 
weather data and the PV system. However, if the 0���<  cannot be 
obtained, it can be replaced by the average daily PV generation 
(e.g. for each month). The algorithm utilizes the low ToU rate 
(from 1 am to 8 am) in charging the BESS if the PV production 
in that day will not be enough to charge fully the BESS. 
According to these values, the following rules are executed, at 
hr 00:00, the algorithm calculates the BESS residual capacity for 

charging as (0��	��� = (�� CDEF
 −�� (1+Nj×kE−Nj),C 

 )CEJ
lC ), and the 

residual PV capacity that represents the remaining of the PV 
generation after satisfying the demand during the PV period 

calculated as  (0m3n�o = 03n�o − 0.5 × 03n3p
24 × P3n�o), where 0���� is the 

average daily demand consumption. 0m���<  is calculated 
assuming that the average demand during PV period is usually 
50% lower than the average hourly demand. Afterwards, the 
algorithm determines if the charging will be conducted during 
the PV period if (0m���< ≥  0��	���) which is suitable for days with 
high PV generation, or if (0 ≤ 0m���< < 0��	���), a portion of the 
BESS capacity (0��	��� −  0m���< ) will be charged during the low 
ToU tariff period with fixed power and the residual capacity will 

be charged during the PV generation period which is suitable in 
winter. If (0m���< < 0), this means that the PV generation cannot 
fully satisfy the demand, hence, the BESS only charges during 
the low ToU tariff period with a capacity of 0��	���. During the PV 
generation period, the BESS charges according to lower 
threshold changes daily that aims to flatten the net demand valley 
during the PV period expressed as:  

���,9ℎ; =
(0m���< − (&'(����

 − &'(�]_�,� 
 )0���

��  )
P���<         (10) 

Where tpvs is the first time-point of PV generation. When the 
net demand goes below this threshold during the PV period, the 

BESS charges as explained in Algorithm 1 with �sℎ V = −�3n,sℎ V .  

For the discharging, the algorithm requires the EV charger 
rating (����< ) in kW, EV charging period in hours (P��< ), the EV 
status (0o� ), and the season (high/low). The season represents 
the PV generation i.e., in the UK (high for April to September 
and low for October to March). The EV charging period depends 
on the occupant’s behaviour and so cannot be precisely 
determined, hence, the average number of charging hours is 
used. For the EV status, if the EV will be charged in the next day 
(0o� = 1), otherwise (0o� = 0), this should be entered by the user, 
i.e., via mobile application. Conversely, the EV charging period 
and status can be predicted by analyzing the charging behaviour 
of each customer individually using historical measurements.  

The PRBA uses the previous inputs and executes according 
to the following rules. For a day, if the EV will not be charged, 
the BESS will discharge like the CRBA using a pre-defined fixed 
upper threshold (�d,9ℎ: ). If this day is a high season day, the BESS 

will discharge as previously described until the end of the PV 
generation period, from the end hour of PV generation (tpve) to 
the end of the day (hr 24:00), the algorithm discharges according 

to this upper threshold (���,9ℎ: = − (�� Gjuv,C −�� CDMN
  )CEJlC 

24−�]_� ). 

This is introduced to make good utilization of the BESS during 
the days of high PV generation and no EV charging. As the 
BESS will be charged during the PV period, however, if there is 
no EV demand and the base demand is not high enough for BESS 
discharging, the BESS may not be used as efficiently the 
following day during the PV generation period as it will be 
already charged. Furthermore, exporting excess power during 
the peak will increase the customer’s profitability using the 
export tariff while supporting the network during the evening 
peak. If the EV will be charged, the BESS will discharge like the 
CRBA during the PV period (if the demand exceeded the PV 
generation), and after the EV charging ends (if there is still 
available capacity in the BESS) to the end of the day, however, 
during the EV period, the BESS discharges according to a 

dynamic upper threshold (��,9ℎ: ) that changes with EV charging 

time to distribute the BESS discharge over the EV charging 
period to flatten that peak, calculated as:  

��,9ℎ: = ����< − (&'(�,� − &'(���)
  )0����� 

P��< − w�/      (11) 
 w� = 0 n> > = >pxc,  w�+1 = w� + 1 

Where tevs is the first time-point of EV charging, and w is a 
time interval counter that starts with a value of zero at t= tevs 
and increments by 1 until the EV charging period ends. This 
algorithm starts to settle this upper threshold at the beginning of 
EV charging. This threshold changes with time according to the 



 

BESS residual capacity and EV charging time, if the net demand 
exceeds this threshold, the algorithm discharges the BESS as 
explained in Algorithm 1 with �9ℎ; = ��,9ℎ: .  

To evaluate the impact of the previous algorithms on the 
BESS degradation, the BESS ageing model in [16] has been 
adopted. Regarding the network impact, the daily loss in energy 
incorporated from importing and exporting power to/from the 
household is calculated for each algorithm and the household 
voltage at the point of common coupling is calculated using the 
grid voltage and feeder specifications (resistance and reactance) 
according to the household location in the network. 

III. SIMULATION RESULTS 

The simulations are conducted for a household with 
residential demand (average 10 kWh/day), EV charging (3.8 kW 
charger), and PV generation (4 kWp), real measurements were 
obtained for a UK household from [17], [18]. For the CRBA, the 
upper and lower thresholds are set to zero. For the PDSA, ideal 
forecasting (optimal foresight) is used to obtain a whole picture 
on the additional values that can be obtained using an ideal 
forecast and to provide benchmark results for the sake of 
comparison. Regarding the PRBA, the total PV generation 
energy (0���< ) and the EV status are assumed to be known, 
average EV charging hours of 3.5 hours is used, and the fixed 
threshold (�d,9ℎ: ) is set to zero. The adopted BESS is a Li-ion 

with 9.8 kWh / 5 kW, 80% +'+h4nf (&'(���) = 20%,
&'(���� =  100%), 90% BESS efficiency. The Economy 7 ToU 
tariff is adopted with 17.19 p/kWh day rate and 9.59 p/kWh night 
low rate (1 am-8 am), while a 5 p/kWh is adopted for the 
exported power tariff obtained from [19]. A real residential 
network located in Northern Ireland was used to calculate the 
losses and the voltage. To visualize the results of the three 
algorithms, six days were selected representing the summer and 
winter. The household’s load and voltage profiles with and 
without the BESS for the three algorithms are shown in Fig. 1. 

As shown in Fig. 1, during the summer days, the CRBA 
charged the BESS in the first few hours of the PV generation, 
however, during the midday high PV peak, the BESS was fully 
charged, and the PV impact was not efficiently mitigated. This 
because the CRBA charges the BESS whenever the PV 
generation exceeds the demand (�9ℎ; = 0). Note that setting a 
lower threshold below zero with the CRBA can help in 
mitigating the PV peak, yet, the profitability might be reduced as 
the BESS may not be fully charged during PV period, especially 
in the days where the PV production is insufficient. Hence, the 
PRBA has been introduced to solve this issue by determining the 
lower threshold in a daily basis according to the forecasted PV 
production in order to mitigate the PV impact without affecting 
the profitability, as can be seen in Fig.1, where the PRBA 
achieved satisfactory results in flattening the PV valley and 
mitigating the PV impact. While the PDSA mitigated the PV 
impact optimally by flattening the PV valley which regulates the 
voltage to a moderate value during all the PV periods. 

For the EV charging, the CRBA shaved fully the EV demand 
during the first few hours, while the PDSA and the PRBA shaved 
it partially for a longer period by flattening that peak.  During the 
days with no EV charging, the BESS was exporting power to the 
grid during the peak period for the PDSA and PRBA. This rule 
was introduced for the PRBA to support the network during the 
peak and increase the customer’s return using the export tariff. 
However, if an export tariff is not available, this rule should not 
be applied unless there is a comparable compensation from the 

DSO to do so, as this behaviour accelerates BESS degradation. 
This rule is very important for the DSO to mitigate the impact of 
PV by freeing space in the BESS to be available for charging 
during the next day’s PV period. For the winter days, the CRBA 
managed to mitigate the PV impact due to low PV production, 
however, during the peak demand, the BESS could not 
participate efficiently due to the limited charged capacity. While 
the PDSA and the PRBA achieved ToU tariff optimization by 
charging the BESS using the low rate to be ready for discharge 
during the peak demand.   

 
Fig. 1. Simulation results for six days; (a) results using CRBA, (b) results using 
PRBA, (c) results using PDSA, (d) voltage profiles 

In order to evaluate the impact of these three algorithms for 
a longer period, a one-year simulation was conducted. The 
results summary is given in Table I, and the BESS capacity 
degradation through the year for each algorithm is shown in 
Fig. 2. As given in Table I, the PRBA achieved a better reduction 
in the electricity bill with an additional 4.3% saving compared to 
the CRBA. This is because the CRBA maximizes only the PV 
self-consumption, while the PRBA maximizes the PV self-
consumption and energy arbitrage by optimizing the ToU tariff. 
From the network perspective, the impact of the PRBA on the 
load variance and voltage deviation is better than the impact of 
the CRBA. Results obtained with the PDSA are the optimal 
results, however, these results are not realistic as the demand and 
PV forecasts cannot be ideal. However, it can be noticed that the 
PRBA achieved near-optimal results with respect to the PDSA. 

For the BESS degradation, the CRBA achieved best results, 
this because the CRBA operation mainly depends on the PV 
generation, which is not available appropriately all year. The 
results obtained with the PRBA are considered to be sufficient 
according to [16], as it is assumed that the battery end of life is 
reached when its capacity reaches 80% of the initial capacity, 
and the BESS lifetime is generally around 10 years. Hence, 
according to PRBA results, the BESS capacity will reach 80% 
of its initial value in 13 years. According to the PDSA results, 
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(a) Household power profiles using the CRBA

-4

-2

0

2

4

6

P
o

w
er

 [
k
W

]

0.2

0.4

0.6

0.8

1

S
O

C
 [

%
]

(b) Household power profiles using the PRBA
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(c) Household power profiles using the PDSA
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the BESS will last for only 7 years, this is because this algorithm 
utilizes the BESS capability fully to achieve the objectives, 
however, if the BESS degradation will be considered, the PDSA 
results obtained in Table I will be affected. In this case, without 
adding more complex terms related to the BESS degradation to 
the objective function, simply setting lower values of the DoD 
will lead to an improvement in the BESS degradation.  

The losses were reduced by 13.3% compared to the base case 
for the CRBA as the BESS reduced the imported/exported 
electricity. The PRBA aims to flatten the net load profile which 
should result in reducing the losses. However, the loss reduction 
obtained with the PRBA is comparable to the results obtained 
with CRBA. This because the PRBA optimizes the ToU tariff by 
charging during the low periods in addition to exporting power 
during peak demand in summer if there is no EV, and hence the 
loss reduction was not enhanced significantly. For the PDSA, as 
the PDSA used ideal forecasting, the peaks and valleys were 
flattened optimally which reduced the losses efficiently by 35%.  

TABLE I.  ONE-YEAR SIMULATION SUMMARY 

 

Electricity 

Bill  

[£] 

Total Loss 

in Energy 

[kWh] 

Average voltage deviation 

from the nominal during 

PV period 

Average load 

variance during 

demand peak period 

Base 884.2 34.37 1.76 4.14 

CRBA 812.57 29.82 1.07 1.59 

PRBA 774.24 30.19 0.81 0.37 

PDSA 727.87 22.35 0.71 0.31 

 
Fig. 2. BESS degradation throughout a year for the three algorithms 

Although the proposed algorithms alone with current storage 
costs and tariff structures may not be profitable enough to 
encourage widespread deployment of storage, it does inform 
how supervised management strategies can increase the 
customer’s profitability and support the network operation 
without additional subsidies from the DSO. This is beneficial for 
the DSO as the number of units that may be required specifically 
for network support may be shortened in addition to highlighting 
that modification to existing tariff structures or payments for 
additional services should be approached.  

IV. CONCLUSION 

This paper proposed two BESS management algorithms for 
the behind the meter BESS that demonstrated the system benefits 
that can be achieved from existing mechanisms (ToU tariff and 
export tariff) that are in widespread use, relatively simple and 
already understood by customers. The first algorithm requires 
forecasted data and settles the BESS operation in a look-ahead 
basis. Unlike the other studies that focus on a single perspective, 
the proposed algorithm maximizes the customer’s profitability 
and supports the network by flattening the peaks and valleys. 
However, due to the uncertainties associated with forecasting, 
this algorithm should either be implemented with high accuracy 
forecasting algorithms or for applications with predictable net 
demands. The second algorithm is a rule-based algorithm that 
requires the knowledge of specific values and inputs and 
implemented on a real-time basis. A set of rules is introduced to 

achieve a profitable energy arbitrage and mitigate the impact of 
PV and EV for longer periods. This algorithm is introduced to 
overcome the computational complexity associated with 
optimization-based algorithms and designed for real-time 
controllers. The results show the effectiveness of the proposed 
algorithms in supporting the network and owner’s profitability.  
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