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Abstract—With increasing energy prices, low income house-
holds are known to forego or minimize the use of electricity to
save on energy costs. If a household is on a prepaid electricity
program, it can be automatically and immediately disconnected
from service if there is no balance in its prepaid account. Such
households need to actively ration the amount of energy they
use by deciding which appliances to use and for how long. We
present a tool that helps households extend the availability of
their critical appliances by limiting the use of discretionary ones,
and prevent disconnections. The proposed method is based on
a linear optimization problem that only uses average power
demand as an input and can be solved to optimality using a
simple greedy approach. We compare the model with two mixed-
integer linear programming models that require more detailed
demand forecasts and optimization solvers for implementation.
In a numerical case study based on real household data, we assess
the performance of the different models under different accuracy
and granularity of demand forecasts. Our results show that
our proposed linear model is much simpler to implement, while
providing similar performance under realistic circumstances.

I. INTRODUCTION

Unaffordable electricity poses a major hurdle for many
households to meet their energy needs. Low-income house-
holds are known to forego energy use to pay for other critical
needs, referred to as ‘energy limiting behavior’ [1]. Rationing
energy, i.e., choosing which electric appliances (loads) to
power and which ones to curtail, is an every day reality for
such households. This can lead to unsafe practices such as
allowing unhealthy indoor temperatures to avoid switching on
the air conditioner [2]. Households that are on prepaid plans,
i.e., who pay for their electricity use a-priori by adding money
to a prepaid wallet (which we will refer to as ‘recharging’ their
wallet), are particularly vulnerable because they can be auto-
matically and immediately disconnected from supply if their
wallet balance reaches zero. There are several million prepaid
electricity customers across North America and Europe [3],
[4]. Prepaid metering is a popular choice among low-income
customers because it offers flexibility in payments and does not
need credit checks. However, unanticipated disconnections and
high reconnection fees can cause significant inconvenience and
may even be unsafe during extreme weather [5]. Therefore,
low-income households, and particularly those on prepaid
metering, need a framework for effectively managing energy
use within a limited budget.
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As discussed in [6], home energy management systems gen-
erally aim to optimize one or more of the following objectives:
cost, well-being, emissions, and load profile. In the context
of energy rationing, we aim to minimize user inconvenience
(maximize well-being) within a fixed energy budget (a con-
straint on cost). Further, [6] classify inconvenience modeling
into two types: “inconvenience due to timing” (e.g., shifting
a load from the morning to afternoon), and “inconvenience
due to undesirable energy states”. The latter is most closely
aligned with our setting, since low-income families with a
limited budget may enter the undesirable energy state where
they have to forego using a load in order to preserve wallet
balance for using more critical loads in the future.

Very few studies investigate energy management methods
for prepaid customers. The method in [7] uses load disaggre-
gation techniques and alerts the user to switch off a load to
preserve wallet balance once it exceeds a target consumption.
To perform the disaggregation, additional hardware or high-
speed internet connectivity with a server may be needed.
More traditional home energy management systems (HEMS)
[8] generate specific load schedules to switch loads ON/OFF.
This can be viewed as intrusive, and if automated, it needs
expensive in-home hardware such as smart switches for actu-
ating loads. Furthermore, to be effective, such HEMS typically
need forecasts of power demand of each load at each timestep
in a day. Obtaining highly accurate, granular forecasts can
be challenging because of the volatile nature of household-
level electricity use, which depends on various behavioral
and environmental factors [9]. Furthermore, imperfect and
uncertain information can significantly impact the performance
of HEMS [6], [10], making it necessary to analyse sensitivity
of energy management methods to imperfect information.
Overall, energy management methods that use lower granular-
ity forecasts (e.g., by aggregating loads or averaging in time)
may lend themselves better to practical implementation than
very detailed models.

A. Threshold-based energy management

To support effective home energy rationing while reducing
the need for communication and computation, [11] proposed
a threshold-based energy management framework which is
adapted from a load-control scheme for DC microgrids [12].
Instead of generating switching schedules for loads, threshold-
based energy management uses enable/disable thresholds for
each load, expressed in terms of the prepaid wallet balance. If
the balance drops below this threshold, the load is disabled,



wallet balance
——— Load 1 threshold
— — — Load 2 threshold

—————— Load 1 user demand
N Load 1 demand served
"""" Load 2 user demand
N Load 2 demand served

100 |
°l -
ok i

0 5 10 15 20
time (hours)

power (W

Fig. 1: Tlustration of threshold-based energy management with
wallet balance and load thresholds (top figure) and load demand
(bottom figure). Load demand is served when the wallet balance is
greater than the corresponding threshold. Note that load 1 is served
only partially, while load 2 is served fully.

i.e., the user is notified that they should switch off the load
to preserve wallet balance for future use. This is illustrated in
Figure 1. To identify optimal daily load thresholds, [11] uses
rolling-horizon mixed-integer optimization with forecasts of
load demand for every 15 min. However, while the thresh-
olds optimization requires load demand forecasts, real-time
measurements of load demand are not necessary once the
thresholds are determined.

B. Contributions

We make the following contributions beyond prior work:

First, we present a new threshold-based energy management
method, which has two main features that distinguish it from
the model in [11]: (1) It only requires information regarding
the average power demand per day, as compared to detailed
power demand forecasts at each 15 min timestep. In particular,
it does not require information about when certain loads will
be used during the day. (2) The resulting optimization problem
is a linear program (LP), which can be solved to optimality
using a greedy approach, thus eliminating the need for a solver.

Next, we compare the proposed model to two benchmark
models, the threshold-based model from [11] and a more
traditional home energy management system that generates a
switching schedule for each load at each timestep. We first
qualitatively compare the practicality of implementing and
using the different methods, including the computation, de-
mand forecast information, and communication requirements.
Furthermore, we perform a quantitative comparison where we
run the three models on a case study based on real load data
from Pecan Street Dataport [13]. We analyze the performance
of the three models under different levels of accuracy and
granularity of demand forecast information.

The results of our comparison show that the proposed
method has a similar quantitative performance as the two
benchmark models, i.e., it is able to help customers effectively
manage their electric loads. Furthermore, it has significantly
lower requirements for demand forecasts and communication,
can be implemented using simpler hardware without opti-
mization solvers, making it a much more viable choice for

TABLE I: Nomenclature

Parameters Model
K Set of all loads AFG, DFM, OBM
T Set of all time steps in the horizon DFM, OBM
AT € Ryo Length of time step in hours DFM, OBM
D Set of all days in the horizon AFG, DFM
m € Reo Large magnitude constant DFM
M € Rso Large magnitude constant DFM
e €R>o Small magnitude constant DFM
a€Rso Electricity rate in $/Wh AFG, DFM, OBM
Z € R>g Initial real wallet balance in $ AFG, DFM, OBM
Yk € Rso Priority factor for load k AFG, DFM, OBM
P+ € R>g Demand in W for load k at time ¢ DFM, OBM
Pk,d € R>g  Average demand in W for load £ on AFG

T dayd
di,: € {0,1} Indicator parameter of demand DFM, OBM

dy, = 1if P,y > 0, and O otherwise

Xq €R>g Virtual wallet recharge on day d in § DFM

s’k’fgz € R>op Upper bound on enable duration of AFG

load k on day d in hours

Variables

z: € R Real wallet balance at time ¢ in $ DFM

uf , € {0,1} Real enable signal for load k at time ¢ DFM

x: € R Virtual wallet balance at time ¢ in $ DFM
Xi,da €R Threshold for load k on day d in $ AFG, DFM
uy , € {0,1} Virtual enable signal for load k at time DFM

t
ap ¢+ € {0,1} Actuation state of load k at time ¢ DFM, OBM
Sk,d € R>o  Enable duration of load k on day d in AFG
B hours
X4 € R>p Virtual wallet recharge on day d in § AFG

low-income customers. The model is made publicly available
through a GitHub repository [14].

C. Paper organization

The paper is organized as follows: Section II describes the
mathematical optimization formulations for the three models.
Section III compares computation, forecast information, and
communication requirements for implementing the models.
Section IV presents case studies comparing the performance
of the models using real-world energy usage data, and this is
followed by a brief concluding section.

II. MODEL FORMULATIONS

This section presents the mathematical optimization formu-
lations of the three models. A nomenclature with the notation
used across models is given in Table 1.

The objective of all models is to maximize the value that a
user can get from a limited amount of initial wallet balance.
Concretely, we aim to maximize the fraction of time for which
a load was ON when demanded. We refer to this as the service
factor SFy, for load k. For example, a lamp demanded for
2 hours and served for 1 hour has a service factor of 50%.
Since some loads are more critical than others, we assign a
priority factor vy to each load k, where a higher ~ indicates
a more important load. Finally, we define the priority service
factor (PSF) as the priority factor weighted sum of service

factors, PSF = > ~;SF. PSF is a linear measure of user
kek
convenience and well-being, and all the models presented

below seek to maximize PSF.

A. Detailed Forecast MILP (DFM) model

We first summarize the DFM model from [11], which we
will use as a benchmark.



daily virtual wallet recharge

$ threshold load A

$ threshold load B
$ threshold load C

®d

real wallet

virtual wallet

Fig. 2: Illustration of virtual wallet recharge

1) Modeling considerations: The DFM model uses demand
forecasts P, ; per load k at each timestep ¢ and uses rolling-
horizon optimization to determine the optimal thresholds x, 4,
per load k per day d. The load thresholds are expressed in
terms of prepaid wallet balance (i.e., in $), as the prepaid
wallet balance is a measure of how much energy is available
(similar to the battery state of charge in the case of DC
microgrid control [12]). However, the prepaid wallet may be
recharged at infrequent and possibly irregular intervals. To
avoid the balance being used too quickly, [11] defines a virtual
wallet. This wallet is recharged with regular amounts from the
actual prepaid wallet, which we refer to as the real wallet, and
thresholds are defined in terms of the virtual wallet balances.
This setup is illustrated in Figure 2. The DFM model based
on [11] defines the the virtual wallet recharge X, as the initial
real wallet balance Z divided by the number of days in the
optimization horizon.

2) Mathematical formulation: The mathematical formula-
tion of the DFM problem is given as follows,

Z ag.t
PSF = t
25

max
x z
Xk,d Xt,Zt, U ¢ U ¢ 8%k,

(1a)
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(1h)

Here, the objective function is to maximize the PSF as given in
(1a). Constraints (1b) ensure that the real wallet balance z; is
updated at each time step t; the initial real wallet balance Z is
included in the constraint corresponding to the first time step
(t = 1). Constraints (1c), (1d) ensure that the real enable signal
uj , is 1 if there is money in the real wallet, and is O otherwise.
Constraints (le) update the virtual wallet balance x; at each
timestep t; the constant daily virtual wallet recharge X, is
included in the constraints corresponding to the first timestep

of the day. Constraints (1f), (1g) ensure that the virtual enable
signal for load k, uf ,, is 1 if x; is greater than or equal to the
threshold xy, 4, and is 0 otherwise. Constraints (1h), (11) ensure
that a load £ at time ¢ is OFF, i.e., actuation state aj; = 0, if
there is no demand, if the virtual enable signal is 0, or if the
real enable signal of the current or next timestep is 0. Similarly,
they also ensure that aj ; = 1 if there is demand, virtual enable
signal is 1, and the real enable signals for the current and next
timestep are 1. Since ay, ¢, uj ;, uj , are binary variables this is
a MILP problem. The problem is always feasible if constants
€, m, and M are chosen such that: € is as small as possible
(e.g., equal to tolerance of the solver), m < —Z, M > Z.

B. Average Forecast Greedy (AFG) model

The average forecast greedy (AFG) model is the new model
we propose in this work. Rather than requiring detailed load
forecasts, this model only assumes knowledge of the average
power demand Py, per load k per day d, which can be
obtained by forecasting total energy consumption per load per
day and dividing it by 24 h. The decision variables in the
model are the durations sy, 4 for which a load k is enabled on
day d. Based on the optimal solution s}, ;, we can algebraically
compute the optimal daily virtual wallet recharge, X4, and
thresholds per load k£ per day d, xj 4. The AFG model is
described by the optimization model (2a)-(2c). The objective
(2a) is to maximize the PSF. Constraint (2b) ensures that the
total cost of energy usage for all loads remains within the

initial wallet balance, while (2c) provides an upper bound

Sg.q for the enable duration of each load. This upper bound
s}fg"’” = 0 if P4 = 0, i.e., when there is no demand for the

load on that day, and s;G" = 24 h otherwise.

> Skd

max PSF = Vi d — (2a)
Sk.,d ; % Sk,d c
s.t. > aPiaska< 2 (2b)
k.d
ska < spg. VkeK,VdeD ()

1) Solving the AFG model: Since sy, are continuous
variables, the AFG model (2) is a version of a fractional
Knapsack problem, which seeks to maximize the value of
items in our knapsack while respecting an overall weight limit.
This type of problem can be solved efficiently to optimality
using a greedy approach [15]. In our problem, the “items”
to be chosen are enable durations sy 4 per load per day and
the “value” of each item is the respective objective function
coefficient by, = 2372’;31 The “weight” of each item is the cost

d
of using the load per hour for that day, i.e., wy q = apk,d. To
solve the problem, we first compute the ratios of benefit per
unit weight, 75 q = bg/wy 4. Note that if wy 4 = 0, ie., if
there is no demand for a load on a day, we assign s; ; = 0.
We arrange the ratios 7 4 in non-increasing order in a vector
r. Therefore, we have r(¥) > r(*1) where () represents the
ith element of the vector r. Next, we arrange variables sj, 4 in

a vector s, parameters s;'q” in vector s"*, and parameters



kad in vector P k.4 in the same order as that of elements in r,
such that the ith element of s, %", and Pk,d map to the same
load k and day d as the ith element of r. Given these vectors,
we implement the greedy solution approach summarized in
Algorithm 1. Starting from the first element in r, we assign
the maximum duratign smaz(?) g each variable s(i), until we
reach the element s(* ) which leads to a violation of the wallet
balance constraint (2b). For this marginal load st ), we assign
a fractional value equal to the leftover balance divided by the
cost of using the load per hour, which is typically less than
Spq" (i.e., we enable the load only for a fraction of the day).
For all elements after the i th element, i.e., those with a lower
71,4 value, we set s() to zero. This gives us the optimal enable
durations sy , for each load k and day d. Note that at most
one load k in one day d will have a fractional value, i.e., there
is only one marginal load.

Algorithm 1 Greedy approach to solve (2a)-(2c)

sort r in non-increasing order

s+ 0 Vi

140

while 3" aP@s() < Z do
§() L gmaz(i)
1 1+1

end while

i i

, Z-3 aP®s®

S( =
aP(i/)

2) Computing virtual wallet recharge: The daily virtual
wallet recharge X, is calculated as the amount of recharge
needed to support the optimal enable durations sj, ,, i.e.,

Xy = Zasz}dﬁhd,Vd eD
k

The virtual wallet is recharged by X, at the beginning of the
day with no further recharge during the day, and the virtual
wallet balance thus reduces as the loads consume energy. Once
the balance goes below threshold x, 4, the corresponding load
k is disabled and not enabled again on that day.

3) Computing thresholds: Algorithm 2 presents the method
to compute the thresholds xj 4. To compute the thresholds
X q for a given day d for a given load &, we distinguish three
cases. First, if s, ; = 0 (i.e., the load is disabled for the whole
day), then the threshold x 4 is assigned a value slightly larger
than the virtual wallet recharge for the day, x4 = X4 + ¢,
where ¢ = 107*. The virtual wallet balance is expected to
never exceed the initial charge X; and by setting the threshold
higher than this value, the model expects that it will not be
enabled. Second, if sy ;, = sp'g" (i.e., the load should be
enabled for the whole day) then the threshold x4 is set to
zero. This ensures that the virtual wallet balance never goes
negative. Finally, we consider the threshold for the marginal

load s}, ; (corresponding to s(? )) that has 0 < s} a S st
The threshold of this load Xy,q should be chosen such that

the virtual wallet balance, which is reducing from X, in the
beginning of the day, reaches the threshold xy g after sj ,
hours. This can be expressed as '

Xp,d = Xd — sy 4 E P, q,
nesgn

where the second term is the cost of running all enabled loads
on the day, 8" = {n : s’ ; > 0}, for the duration s} ,. The
overall time complexity of the AFG model is very low and
depends mainly on the type of sorting algorithm used. For
example, if merge sort is used, it will be O(nlogn).

Algorithm 2 Computing thresholds

for d € D do
for k € K do
if s} ; == 0 then
XI;,d — Xg+e
else if s} , == 59" then
Xk.,d (—7 0 7
else
Xp,d < Xq — asp 4 XS: P.q
negen
where S§" = {n:s; , > 0}
end if
end for
end for

C. Optimal Benchmark MILP (OBM) model

We now describe a model more closely aligned with tra-
ditional home energy management systems proposed in liter-
ature. Rather than relying on thresholds, this model directly
decides the activation state of each load at each time step. If
given perfect forecasts of desired consumption, it produces an
optimal schedule with the highest possible PSF for a given
budget. Therefore, we refer to this as the optimal benchmark
MILP (OBM) model, which is given by

Zak,t
PSF = ¢ 3
Fres Ek:% S s (32)
t
s.t. > ap P AT < Z (3b)
k,t
ag: <dp: YkeKkVteT (3¢)

The model inputs are the demand forecasts Py, per load k
at each timestep ¢, and it determines the actuation state ay ;
per load k at time ¢, so as to maximize the PSF as defined by
(3a). Constraint (3b) ensures that the energy usage is within
the initial real wallet balance Z and constraint (3c) ensures
that a load is actuated only when there is demand. Since ay ;
are binary variables, it is a MILP problem.

III. QUALITATIVE COMPARISON - COMPUTATION,
COMMUNICATION, AND INFORMATION REQUIREMENTS

In this section, we compare the computation, communi-
cation, and information requirements of the proposed AFG



model with the DFM and OBM models. Ideally, we want a
method that limits the need for expensive local hardware, while
also minimizing communication needs. We frame our discus-
sion in the context of two possible modes of implementation,
purely local, where all computations are performed using local
in-home hardware, or mixed mode, where the optimization
problems are solved in the cloud on a remote server and the
setpoints are communicated to the local hardware.

A. Computational requirements

OBM and DFM are MILP problems with a large number
of variables, which are generally hard to solve. In our test
cases, the DFM problem can take up to 50 min to converge
(with 30 day optimization horizon, 4 loads) on a system with
a state-of-the-art commercial MILP solver. The computational
effort required to solve the problem indicates that a local im-
plementation of the problem may be impractical or expensive.
In comparison, AFG is an LP problem that can be solved to
optimality with the greedy approach outlined above, making
it quick and easy to solve even with simpler hardware and
without optimization solvers. Therefore, it can be implemented
purely locally on existing hardware (e.g., the in-home displays
typically provided to prepaid customers [16]).

B. Load information requirements

Load forecasting is challenging, but can be achieved using
statistical and machine learning based methods [9]. The DFM
and OBM models require load forecasts with a 15 min granu-
larity for each load. Creating accurate forecasts with such gran-
ularity is a very challenging task and would require customers
to either share granular historical load data with the remote
server, or generate the forecasts locally and communicate
them. Either option may require significant communication
bandwidth or local computational power. In comparison, the
AFG model only requires information regarding the total
expected energy demand for each load per day, from which the
average power demand can be computed. This lower granular-
ity forecast would be significantly easier to generate, whether
it is done locally or remotely. Furthermore, we would only
need to communicate one value per load per day. Avoiding the
sharing of high fidelity load forecasts is also more desirable
from a privacy and cybersecurity perspective.

C. Communication of load activation information

In the mixed mode of implementation, the optimization
problems are solved on a remote server and we need to com-
municate the resulting control setpoints (i.e., load activation
information) to the user. For DFM, only a single threshold per
load per day needs to be communicated from the remote server
to the local hardware, while AFG requires that the thresholds
and the virtual wallet recharge per day be communicated. For
a household with || loads, this means communicating |K|
and || + 1 floating-point numbers per day respectively. For
OBM, the actuation states per load per timestep need to be
communicated. This amounts to |KC||7| binary numbers per
day where |T| is the number of timesteps in a day. This is
a much larger number than the number of setpoints to be

TABLE II: Qualitative comparison of models

OBM DFM AFG
Problem type MILP MILP LP
Variables per [T1(3IK]

1

day KT +2) + K| Xl +
Load forecast per timestep per timestep average per
information per load per load day per load
Control |K||T| binary Xl . IKI+1
setpoints per ) floating-point floating-point

numbers
day numbers numbers
Mode of . .
. . mixed mixed purely local
implementation

communicated for implementing AFG or DFM. Note that for
the AFG model, the communication of control setpoints could
be entirely avoided through a purely local implementation.
This also proves to be useful in case the model has to be
re-run with new load priority factors. For example, in case
AFG notifies the user that an uninterruptible load such as a
dishwasher has to be turned off in the middle of its operating
cycle, the user can choose to assign a relatively higher priority
factor to the load and re-run the model locally for a new set
of thresholds.

An overview of the comparison is summarized in Table
II. We observe that the AFG model has several significant
advantages from an implementation perspective. It is the least
computationally expensive method, making it suitable for a
purely local implementation. If implemented in mixed mode,
it communicates only low-dimensional information regarding
loads and control setpoints, thus reducing privacy and cyber-
security concerns.

IV. QUANTITATIVE COMPARISON - CASE STUDY

We next compare the AFG model with the DFM and OBM
models in a quantitative case study based on real-life energy
usage data.

A. Case study setup

We use energy usage data of one household from the Pecan
Street Dataset [13] as load data and “forecasts”. We consider
four loads, namely a refrigerator, air compressor, microwave,
and washing machine in that priority order. The priority factors
of the four loads are v = 0.48,0.24,0.16,0.12 respectively.
The cost of electricity is assumed to be o = 0.16 $/kWh.
Each optimization model solves a problem to obtain setpoints,
for a duration of 30 days. These setpoints are then used as input
to a numerical simulation for the same 30 days. This process
is repeated for three months of data. The Julia programming
language (v1.6) is used with the JuMP package [17] and the
Gurobi solver [18] for implementing the models on an Intel
CPU @3.2GHz machine with 16GB memory.

We compare the priority service factor (PSF) from the
numerical simulation for AFG, DFM, OBM, and a simple
baseline (BSL) of unrationed energy use, which lets a user
satisfy all energy demand until the wallet balance is zero. We
consider a perfect demand forecast, as well as an imperfect
forecast where the order of days is shuffled. Within each
type, we consider two levels of information granularity, a
detailed forecast with 15 min power demand per load and
limited forecast with only daily average power demand per



load. To reflect the reality of low income customers who may
not have enough money to cover their desired energy demand,
we assume initial wallet balances that are enough to supply
70% to 90% total energy demand. The cases and results are
described in more detail below.

B. Perfect forecast

We first assume perfect forecasts of load demand, and
investigate the detailed and limited information cases.

1) Detailed information: In this set of experiments, models
know the true load demand at each 15 min timestep in the
case of OBM and DFM and the true average demand per
load per day in the case of AFG. With this perfect detailed
information, the OBM provides a truly optimal solution since it
has complete information about load demand and can decide
which load to actuate at every timestep. The DFM also has
information about load demand at each timestep but can only
determine a threshold for enabling each load per day, thus we
expect DFM to have a lower PSF than OBM. Since AFG only
uses daily average power demand per load as input, we expect
AFG to have a lower PSF than both DFM and OBM. In these
experiments, we seek to assess the performance drop of AFG
and DFM relative to OBM.

Figure 3(a) shows improvement in PSF over the baseline
for month A, while the results for all months A, B, and
C are shown in Table IIl. Note that the DFM values are
from the optimization model (and not numerical simulation)
because of numerical precision issues. We observe that OBM
has the highest improvement for all recharge amounts and
months. The performance improvement of DFM is 0 — 2 %pt.
lower than OBM depending on the month and recharge level,
indicating that there is some performance drop due to only
having the thresholds as a control variable. The AFG model
improves performance relative to the baseline case across
all months, despite having significantly lower granularity of
demand information. The PSF improvement is 2 — 6 %pt.
lower than OBM and 0.5 —5 %pt. lower than DFM, indicating
that detailed load forecasts are important to achieve high
performance.

2) Limited information: To further assess the impact of
limited information, we run experiments where we provide all
models with information about the average demand per load
per day (i.e., the same information provided to AFG in the
previous case). This is a more realistic case, with an easier to
obtain load forecast. Further, in this case, the OBM and DFM
have no obvious advantage over the AFG model.

Figure 3(b) shows the improvement in PSF over the baseline
for each model for month A, with similar numbers provided
for months A, B, and C in Table IIIl. AFG and DFM perform
within 1 %pt. of each other in all cases, while the OBM model
performs similar to the others (within 1 %pt. in most cases) or
up to 4 %pt. worse in the high initial balance cases in month B.
This confirms that all models perform similarly in the setting
where they all are given limited information.

C. Imperfect forecast

Next, we assess performance under imperfect forecast in-
formation, generated by randomly shuffling the order of days.
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Fig. 3: Perfect forecast: Percentage point (%pt.) improvement in
priority service factor (PSF) over baseline for the proposed AFG
model (blue) and the benchmark models DFM (red) and OBM (green)

TABLE III: Perfect forecast: Percentage point improvement in
priority service factor (PSF) over baseline for the proposed AFG
model and the benchmarks DFM and OBM

dat balan perfect detailed perfect limited
ald | bAANCe | AFG  DFM  OBM | AFG DFM  OBM
70% 395 415 43.1 39.5 39.5 38.5
A 80% 15.1 17.4 18.2 15.1 15.1 15.3
90% 11.2 13.1 13.3 11.2 11.5 114
70% 13.7 14.6 16.8 13.7 13.6 12.9
B 80% 10.6 11.3 13.4 10.6 10.5 6.97
90% 8.35 9.01 10.5 8.35 8.33 5.99
70% 8.32 132 14.0 8.32 8.30 8.76
C 80% 3.63 8.64 9.02 3.63 424 421
90% 2.16 5.15 5.18 2.16 2.94 2.94

The order of shuffling is preserved across models.

1) Detailed information: First, we provide DFM and OBM
with (imperfect) 15 min demand information whereas AFG is
provided with (imperfect) average power demand information
per day. Figure 4(a) shows the PSF for each model for month
A, while Table IV shows the results for months A, B, and
C. We observe that in month A, the AFG model outperforms
the OBM and DFM models, while when considering all the
months in Table IV, we see that PSF of AFG was sometimes
lower than that of DFM. Therefore, the relative performance of
the two models depends on the specific data used. The OBM
model has the lowest PSF (up to 61 %pt. lower than AFG)
across all months and recharge levels, because it activates loads
at specific times which do not coincide with the true demand.
It is also worth noting that the PSF of the baseline BSL (i.e.,
no control) is comparable to and sometimes higher than that of
the other models in the imperfect information case. However,
the user experiences a disconnection in each case with the BSL
and may require the payment of reconnection fees. Further, the
baseline case leaves the user with no access to power for a pro-
longed period of time after the disconnection, e.g., for month
A the disconnection time is 17, 7, and 5 days with 70%, 80%,
and 90% initial wallet balance, respectively. Furthermore, it is
also likely that a more realistic implementation of the AFG,
DFM, and OBM models, where setpoint optimization would
be rerun frequently (e.g., daily) with information from actual
usage in the previous day, would help close the performance
gap with the baseline BSL model.

2) Limited information: Next, we provide all models only
average power demand data for the shuffled days (same as
what was provided to AFG in the previous case) and results are
shown in Figure 4(b) for month A and Table IV for months A,



TABLE 1V: Imperfect forecast: PSF in percent and improvement in PSF over baseline BSL in percentage points in parentheses for the
proposed model AFG, the benchmarks DFM and OBM, and PSF and disconnection duration (# days) for the BSL model

month | balance imperfect detailed imperfect limited # days
AFG DFM OBM AFG DFM OBM BSL

70% 80.6 (29.2)  77.8 (26.3) 33.7 (-17.8) | 80.6 (29.2) 79.1 (27.6) 70.0 (18.5) 515 17

A 80% 80.6 (1.95)  77.5 (-1.15)  34.0 (-44.7) | 80.6 (1.95) 78.1 (-0.63)  70.0 (-8.69) | 78.7 7
90% 80.6 (-4.69) 735 (-11.8) 342 (-51.1) | 80.6 (-4.69) 80.6 (-4.76)  70.0 (-15.3) | 853 5
70% 71.0 (3.01)  73.1 (5.08) 33.8 (-34.2) | 71.0 3.01) 76.2 (8.22) 619 (-6.07) | 680 9

B 80% 71.0 (-6.06)  80.5 (3.41) 35.1 (-41.9) | 71.0 (-6.06) 763 (-0.74) 619 (-15.1) | 77.1 6
90% 729 (-12.4) 812 (-4.08)  36.9 (-48.4) | 729 (-12.4) 78.6 (-6.69)  69.6 (-15.7) | 853 4
70% 78.2 (-1.25) 787 (-0.82) 33.0 (-46.5) | 782 (-1.25) 75.6 (-3.88) 72.8 (-6.69) | 795 3

C 80% 88.4 (1.31) 86.3 (-0.80)  34.0 (-53.2) | 88.4 (1.31) 85.8 (-1.30) 73.4 (-13.8) | 87.1 2
90% 952 (226) 949 (1.96) 34.1 (-58.8) | 95.2 (2.26) 952 (226) 734 (-19.6) | 929 1

B, and C. Similar to the imperfect-detailed case, PSF of AFG
is higher than that of OBM (up to 22 %pt.) and the relative
performance of AFG and DFM is observed to be dependent on
the specific data used as seen in Table IV. It can also be seen
that the PSF of OBM considerably increases. This is because
the forecast contains demand equaling the daily average power
demand for the entire duration of 24 hours every day, which
may have more overlap with the actual demand than in the
previous case.

These results indicate that when all models are provided
with perfect-limited information, the AFG model performs on
par with DFM and OBM. With imperfect-limited information,
AFG performs on par with DFM in most cases and outper-
forms OBM. The case study highlights that the proposed AFG
model achieves comparable or improved performance com-
pared to the benchmark models, despite being computationally
simpler.

100
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PSF (%)
PSF (%)

40

I AFG [EDFM [HOBM [EBSL [ AFG [EDFM [EHOBM [EBSL|

70 80 90 70 80 90

initial wallet balance (%) initial wallet balance (%)

(a) Detailed information (b) Limited information

Fig. 4: Imperfect forecast: Priority service factor (PSF) and customer
disconnections (indicated by ‘x” mark) for the proposed model AFG
(blue), the benchmark models DFM (red), OBM (green), and the
baseline BSL model (purple)

V. CONCLUSION

This study presents a linear threshold-based energy rationing
model for prepaid electricity customers, which needs only
daily average demand forecasts and can be solved to optimality
using a simple greedy strategy. We compare this model with
two mixed-integer linear programming (MILP) models which
require demand forecasts at each 15 min timestep in case stud-
ies with perfect, limited, and imperfect forecast information.
The proposed linear model has comparable or improved per-
formance compared with that of the MILP models, while being
computationally inexpensive. Therefore, it can be implemented
on inexpensive local in-home hardware, which is desirable
from a privacy and cybersecurity perspective.

Some avenues for future work include modeling user non-
compliance to load enable/disable signals, determining a rela-

tionship between forecast error and model performance, for-
mulating the optimization model to incorporate uncertainty in
forecasts, and studying the effects of delays in computation and
communication of optimal setpoints for energy rationing. We
would also like to deploy this method in a field experiment.
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