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Abstract—Recent work suggests that further integration of
wind and solar resources into the power grid will increase the de-
mand for regulation and load following. The purpose of this letter
is to investigate an important aspect of using energy storages for
providing regulation: The short-term energy restoration of such
limited energy resources (LERs) coincides with load following
operations and could therefore lead to higher load following
requirements. We therefore analyze the impact of corresponding
scheduling approaches on load following energy and capacity
using stochastic simulations. In particular, we compare the load
following impact of a basic control strategy proposed by the
stakeholders of the Independent System Operator in California
(CAISO) to a strategy that attempts to manage the energy level
of LERs such that their impact on load following requirements
is optimal. Our results show that such smart state of charge
management could even reduce the demand for load following
while satisfying the full regulation demand in the CAISO control
region.

Index Terms—Regulation, load following, energy storage, real-
time energy market, scheduling.

I. PROBLEM

Limited energy resources (LERs), such as chemical energy
storages, can satisfy demand for regulation by discharging
when regulation up is needed and charging when regulation
down is needed. In contrast to large power plants that are used
to satisfy the demand for regulation today, LERs are limited
not only by their power capacity, but also by their total energy
capacity and the amount of energy stored (or state of charge,
or SOC) at any given point in time. Because SOC is a dynamic
state, it needs to be regarded as a variable in system operation
and control decisions.

California ISO stakeholders recently proposed to restore
SOC by scheduling energy transactions in the real-time (5-
minute) market [1] (RTM). This letter seeks to answer the
following questions: (1) What are the worst-case impacts that
SOC restoration can have on load following requirements
and (2) to what extent can optimal scheduling mitigate these
impacts?

Define restoration energy EkRES as the cumulative energy
used for regulation in RTM time step k. EkRES > 0 means that
LER SOCs are below their nominal setpoint and need to charge
(vice versa for EkRES < 0). Also define LFk ∈ Rδ as the
“residual” load following profile for the next δ RTM intervals,
i.e., the load following trajectory that will occur if EkRES is
not allocated to any future RTM intervals. Specifically, LFk =
{LFk+r+1, ..., LFk+r+δ}T , where r denotes the time offset, in
terms of RTM intervals, until the next available RTM interval1.

1Due to market structure in CAISO, schedules for intervals less than 7.5
minutes in the future cannot be adjusted, so we will not make SOC restoration
decisions that impact the next RTM interval, i.e., we will use r = 1.

We will use the convention that LF ki > 0 corresponds to net
demand that is greater than the hour-ahead schedule, and we
will assume that LFk can be forecasted without error; therefore
our optimization results will represent best-case outcomes.

In this letter we will examine two algorithms that add EkRES

to LFk to restore LER SOC (Us refers to a suboptimal
algorithm and U∗ refers to an optimal algorithm, where
optimality only refers to time step k). We will compare
these algorithms on the basis of impact on load following
requirements (measured in GWh and MW) as well as on the
basis of MWh of energy storage required.
• Us(δ) adds EkRES/δ to each element of LFk. Us(1) is

the algorithm proposed by the CAISO (i.e., all restoration
energy is scheduled into the next available interval).

• U∗(δ, α) schedules EkRES over the next δ RTM intervals
such that it fills the valleys of LFk if EkRES > 0 and
shaves the peaks of LFk if EkRES < 0. The parameter
α ≥ 0 determines how much of the historical maximum
demand for load following up (down) is available for
charging (discharging) LERs.

Equations (1) describe U∗(δ, α) as an optimization problem,
where T k = {k + r + 1, ..., k + r + δ}. The vector Pk ∈ Rδ
contains the decision variables and describes the allocation
of LER power to the RTM intervals within scheduling range;
P kt < 0 indicates LER charging (extraction of power from the
grid) and P kt > 0 discharging (injection of power to the grid).
The function E(.) transforms power into energy, i.e., MW
in a specified period of time into MWh. The parameters βin
and βout, both ∈ [0, 1], denote the charging and discharging
efficiency of the energy storage.

min
Pk

∑
t∈Tk

(
LF kt − P kt

)2
s.t. EkRES > 0 (charging requirement) :

min{−αLFmax
t + LF kt , 0} ≤ P kt ≤ 0, t ∈ T k (1a)

βinE

∑
t∈Tk

P kt

 ≥ −EkRES (1b)

EkRES < 0 (discharging requirement) :

0 ≤ P kt ≤ max{−αLFmin
t + LFt, 0}, t ∈ T k (1c)

βoutE

∑
t∈Tk

P kt

 ≤ −EkRES (1d)

The quadratic objective function achieves a minimization
of
∣∣LF kt − P kt ∣∣ across all time intervals t such that valleys

are equally filled (charging) and peaks are equally shaved
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(discharging) wherever possible. LFmax
t and LFmin

t are time-
dependent values representing the load following capacity up
and down that the system operator would have procured in the
status quo. If bound 1a or 1c holds strictly for all t ∈ T k but
there is still LER energy left to restore, i.e., if either constraint
1b or 1d is not binding, the remaining energy is backlogged
and U∗ attempts to allocate it together with the additional
energy accumulated at time step k + 1.

II. MODELS, DATA, AND RESULTS

We evaluate the scheduling algorithms presented in Section
I by simulation. The simulation inputs are actual load, wind
output, and solar output data in one minute detail collected by
CAISO over the course of one year [2]. We then add forecast
errors, generated randomly according to CAISO specifications
[3], to create hour-ahead and real-time generation schedules.
Our simulation model accounts for scheduling time delays2

and the cyclical effects caused by subsequent adjustments
of energy storage schedules3 on the demand for regulation
and load following. A detailed description of the statistical
processes and distributions used for the simulation including
their parametrization can be found in [4] and the references
therein. We modeled LERs as an energy storage with charging
and discharging efficiencies of 90% (i.e., βin = βout = 0.9).
Rather than constrain energy capacity and power, we report
the maximum required to serve all demand for regulation.

To evaluate the performance of the LER control algorithms
described above, we conducted 100 one year long simulations
for each scheduling algorithm and value of δ, as well as for
the benchmark situation without LERs, denoted by B. We ob-
tained results for B, Us(δ), and U∗(δ, α) with δ ∈ {1, 2, ..., 6}
and α ∈ {0, 1}. Figures 1(a-d) compare the metrics obtained
for Us and U∗ with the corresponding benchmark metrics.
Figures 1(e) and 1(f) show the mean and maximum storage
SOC encountered across the different simulation runs.

III. CONCLUSIONS

As the results show, Us increases load following up energy
and capacity. This increase is driven by occasional needs
to restore LER energy at times when large amounts of the
provisioned load following capacity are already used. Thus,
ISOs using Us will need to plan for these impacts and will
likely need to pay more for delivered load following up energy.
Us slightly reduces load following down energy transactions
compared to the benchmark situation. This reduction occurs
because storage inefficiency causes there to be more SOC
restoration up than down events.

Using U∗ for SOC restoration reduces energy transacted
and capacity requirements in all scenarios, and the reduction
increases with larger scheduling horizons. Energy transacted
reduces the most for α = 0 because this prevents any
additional energy transactions from occurring relative to B.
Capacity requirements are most improved for α = 1. This

2The hour-ahead schedule is revised only every hour. The real-time schedule
every 5 minutes.

3Providing regulation by shifting load results in a change of load in the
future, which in turn causes a change of future regulation demand.

represents a major benefit to the U∗ algorithm and could
significantly improve future requirements for load following
to meet renewables integration targets. An area of future
investigation is to dynamically tune α to capture both the
capacity and energy benefits of U∗.
U∗(δ, 0) requires more storage capacity because SOC

restoration takes longer on average. We expect that the particu-
lar benefits of U∗(δ, 0) will be relatively small as compared to
the cost of additional storage. Us(δ) and U∗(δ, 1) have similar
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(f) Required storage capacity

Fig. 1. Load following energy and capacity up and down (a-d) target SOC
and required capacity of energy storage (e and f).

storage capacity requirements, but U∗(δ, 1) has significant load
following capacity benefits (and therefore a likely suppression
of RTM prices). The minimal total required storage capacity
for satisfying the entire regulation demand in California ranges
between 500 and 800 MWh, depending by how much the
ISO wants to reduce the impact on load following. The
only requirement to achieve these benefits is an adequate
load following forecasting capability; considering the potential
benefits, improving load following forecasting seems to be a
worthy area of future research.
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