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ABSTRACT
Due to the limited generation capacity of power stations, many
developing countries frequently resort to disconnecting large parts
of the power grid from supply, a process termed load shedding.
This leaves homes without electricity, causing them discomfort and
inconvenience. Because fairness is not a priority when shedding
load, some homes bear the brunt of these effects. In this paper,
we present our ongoing research into considering fairness when
shedding load at the household level.
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1 INTRODUCTION
Load shedding is very common in developing countries, because
generation capacity is often insufficient for meeting demand, and
the grid infrastructure is poorly maintained or obsolete. In Nigeria
for instance, the total installed capacity of generating plants is under
8000MW , which is grossly inadequate for serving a population of
over 170 million people [10]. This makes load shedding a common
occurrence in the country [4] and a prevalent problem that will be
relevant for the near future. Load shedding entails systematically
and deliberately cutting off the supply to parts of the network, so
that the strain on the system is reduced and total grid collapse is
prevented. Although load shedding ensures the stability of the net-
work, no due consideration is given to what parts of the system are
disconnected, in terms of when or how often they are disconnected.
This results in some homes being left with irregular or no supply
for days or weeks while others remain online. Additionally, for
electricity providers, current practices of disconnecting parts of the
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grid may result in revenue loss, as more load than is required may
be shed.

In light of the above, we present a novel approach to load shed-
ding, where load is shed at the household level. Our approach mod-
els homes as agents, each with its own preferences for consuming
energy. Specifically, our model attempts to manage the inconve-
nience of shedding events by applying different methods for fairly
choosing which households to disconnect. These methods consider
varying, and sometimes conflicting fairness criteria, including the
number of times each agent is shed, the individual discomfort in-
flicted on agents when they are shed, the number of agents shed and
the comfort costs incurred by the system. Using data from Pecan
Street’s Dataport1, we evaluate our load shedding algorithms and
show how they perform in optimizing utilitarian and egalitarian
social welfare objectives, as well as minimizing envies.

2 MANAGING LOAD AT THE HOUSEHOLD
LEVEL

Our approach to shedding load is based on previous research, where
smart retrofitted household electric meters were designed for use
in developing countries [2, 5]. The retrofits employ GSM modules
as a medium of connection between individual meter and opera-
tor, thus enabling individual meters for remote disconnection and
re-connection. Presented below are four heuristic algorithms that
consider varying levels of fairness when shedding load at the house-
hold level.

2.1 Heuristic Household Load Shedding
Algorithms

Suppose for each hour, there is a population of n agents (each with
a demand), the aggregated hourly demand of all agents and the
hourly supply capacity available for the entire population of agents.
Then, if the hour’s supply is less than demand, the deficit is the
difference. Every hour there is a deficit, our heuristics disconnect a
set of agents from supply using these procedures:
(1) TheGrouper Algorithm (TGA) creates different groups of agents,

such that the aggregate demand of each group is enough to

1Dataport is the largest provider of accessible disaggregated household energy con-
sumption data [9].
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offset the deficit. It creates these groups by randomly distribut-
ing agents into different sets, until the aggregate demand of
the remaining agents is less than the deficit. After all groups
are formed, TGA sums up the aggregated number of times
the agents in each group have been disconnected from supply.
Thereafter, TGA selects the group with the minimum aggre-
gated disconnection.

(2) The Consumption-Sorter Algorithm (TCSA1) creates a sorted
order for selecting agents from a population, based on hourly
demand. From the population, TCSA1 selects agents one after
another in the sorted order, until the sum of selected agents is
enough to offset the deficit. Selected agents are removed from
the population and added to a set. Since only the agents left
in the population are available for selection, some agents are
omitted in subsequent shedding operations. If the population
set becomes empty, TCSA1 returns all agents into it, but ensures
no agent is selected twice within the same shedding operation.

(3) The Random-Selector Algorithm (TRSA), unlike TCSA1, is ag-
nostic to agents’ demands. Thus, its major difference from
TCSA1 is that it randomly selects agents from the population.

(4) The Cost-Sorter Algorithm (TCSA2), unlike TCSA1, creates
sorted orders based on the agents’ comfort costs (discussed
in Section 3). Otherwise, it employs the same procedures as
TCSA1.

For each of these algorithms, the set of selected agents is discon-
nected from supply.

3 PERFORMANCE EVALUATION
Given that there are currently no datasets available for hourly
energy consumption at household levels for a large number of
households in any developing country, we focus on developing
a realistic simulation of energy consumption that can be attrib-
uted to households in developing countries. In particular, we focus
on developing a dataset for households in Nigeria2, where the
residential sector accounts for 51.3% of consumption [7]. We do
this by taking individual appliance level data from Dataport, then
using only appliances found in a common Nigerian household
[1, 3, 8, 11] to construct household level hourly consumption, while
also taking into consideration the temperature similarity between
Nigeria and Austin, Texas, the actual location from which the data
was gathered3. From this, we produce the data for 382 households.
The simulated data is used for implementing and evaluating the
performance of our algorithms.

We formulate the comfort costs of agents from their weekly
consumption patterns. First, we formulate an agent’s consumption
profile by computing the agent’s average hourly consumption for
a week (i.e. 168 hours) using prior four weeks’ data. Then, we
normalize the consumption profile to come up with the comfort
costs. We posit that the comfort cost of an agent at hour (t ) is the
discomfort caused the agent, if it is disconnected at t .

For assessing the performance of our heuristics, we employ some
predominant objectives in economic model design, namely the
utilitarian, egalitarian and envy-freeness objectives [6, 12], and
adapt these to our problem domain.
2Nigeria’s energy situation is representative of challenges in developing countries.
3(See http://www.holiday-weather.com/austin/averages/ and http://www.holiday-weather.com/
lagos/averages/.

Table 1: Comparing economic fairness objectives, based on
comfort costs

Heuristic Utilitarian Egalitarian Envy-freeness
Grouper 50363.06 376.13 318.66

Consumption-Sorter 50291.58 179.04 129.91
Random-Selector 54665.61 197.27 141.44

Cost-Sorter 54386.10 213.95 152.57

In terms of comfort costs, an agent’s negative utility is u−δ =∑k
s=1 δi (s), for all hours the agent is disconnected during k load

sheds, where δi (s) is the comfort cost of the agent during the hour
of shedding event s . The utilitarian objective is adapted as the
addition of aggregated discomfort for n agents,

∑n
i=1 δ

∗
i , where

δ∗i =
∑k
s=1 δi (s). The egalitarian objective is adapted as the high-

est individual comfort cost to the system (or highest aggregated
negative utility), e−δ = maxi {δ∗i }. Finally, the envy-freeness objec-
tive is adapted as the maximum difference between the aggregated
discomfort of all pairs of agents (or maximum difference between
aggregated negative utilities), eδ = maxi, j {|δ∗i − δ∗j |}. Table 1 com-
pares the utilitarian, egalitarian and envy-freeness objectives, based
on comfort costs.

In terms of the number of times agents are disconnected, the
utilitarian objective is adopted asu−N =

∑n
i=1 Ni , whereNi is the ag-

gregated number of times each agent is disconnected. Whereas, the
egalitarian objective is adopted as e−N = maxi {Ni }, while the envy-
freeness objective is adopted as eN = maxi, j {|Ni − Nj |}. Table 2
compares the utilitarian, egalitarian and envy-freeness objectives,
based on number of disconnections.

Table 2: Comparing economic fairness objectives, based on
number of disconnections

Heuristic Utilitarian Egalitarian Envy-freeness
Grouper 80501 325 184

Consumption-Sorter 77031 208 1
Random-Selector 88866 239 1

Cost-Sorter 101165 264 1

All four heuristics work by selecting agents one after the other,
until the sum of consumption of the selected agents is enough to
offset the deficit, thereby shedding enough load to offset the deficit,
yet minimizing the difference between the deficit and the load shed.
However, in terms of the proportion of the population of agents
disconnected and the ratio of number of agents disconnected to
every kWh shed during shedding events, all four heuristics per-
form differently.

4 CONCLUSIONS
This paper proposed a new approach to load shedding, and pre-
sented four heuristic algorithms for shedding load at the household
level. Some qualities of the algorithms can be adapted into designs
that suit different environments, based on the desired objectives.
They can also serve as a benchmark for designing load shedding
algorithms in the future, and in designing solutions for allocating
other scarce resources (e.g. water allocation problems addressed
by [13]).
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