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Abstract

We compute the minimum one-minute peak of a battery with power and energy limits by bisection with an exact
greedy test, to within 10—4 kW, and compare an online threshold rule with it over 119 seven-day windows of one
household. With the threshold at the training 99th percentile and a 4 kWh, 3 kW battery, the median relative gap is
34.5% (95% CI 20.4-43.7%), rejecting H1 (median below 10%). Whenever the threshold is achievable, the rule’s
peak equals it, so the gap mainly measures how the threshold is set. The bisection runs over ten times faster than
a linear programme.
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1. Introduction

Some electricity tariffs bill customers for their highest demand as well as for the energy they use, and peak loads bear on
investment in the network.l A storage device that lowers the maximum metered load can reduce such costs without
changing the energy delivered.2 Batteries are one storage technology proposed for this use,3 and Section 2 reviews how they
are dispatched for peak shaving.

Dispatch rules differ in the information they use. An offline optimum knows the whole future load, so it gives the lowest
peak that any feasible schedule can reach under the same constraints. An online rule acts on the present state and recent
history. The gap be-tween the two tells a designer how much a practical rule leaves on the table, and so whether a more
sophisticated controller could be worth its cost. Online algorithms are usually analysed by their worst-case ratio to the
offline optimum,4 and peak minimization with a battery has been studied in that way. 5 A worst-case ratio bounds the gap
for every input, but it does not say how large the gap is on a recorded load.

This paper asks two questions. For one household’s load at one-minute resolution, how much higher is the peak reached by
a simple online threshold rule than the offline minimum? And what does that minimum cost to compute? We answer the
first with a hypothesis fixed in advance in a frozen plan, and with validity checks, and the second with a benchmark.

We make three contributions. We formulate minimum-peak dis-patch with power, energy and efficiency limits and give a
bisection procedure whose output is optimal up to a stated tolerance, and prove that bound. We measure the online-to-
offline gap over the 119 complete seven-day windows that follow the training period, in a public dataset, and show that
wherever the threshold is achievable the gap is fixed by the threshold and the week’s optimum. We benchmark the bisection
against a linear programme and check the two against each other on every window. We do not claim priority for the
problem, which Bar-Noy and colleagues studied before,6 for the offline procedure or for the threshold rule. The
contribution is the measurement, its explanation and its computational cost.

2. Related Work

Strategies for shaving peak load have been reviewed.7 Most dis-patch methods optimize the schedule over a known or
forecast load profile. Oudalov and colleagues size a battery and derive its operat-ing strategy by dynamic programming; Lu
and colleagues combine rolling load forecasts with charge and discharge policies that mini-mize the peak—valley difference
or the load variance; linear pro-grammes schedule storage for houtly peak shaving at home and on a distribution feeder;
Joshi and Pindoriya dispatch the battery a day ahead from representative daily profiles; and Zheng and colleagues compare
dispatch strategies for residential peak shaving.8 Nottrott and colleagues schedule a photovoltaic battery system by linear
programming with forecasts, compare it with real-time rules that use no forecast, and calculate the financial value of
forecasting; Park and Lappas find the battery utilization strategy critical to the demand reduction achieved; and Neubauer
and Simpson bound the savings from demand charges with a perfect 48-hour forecast and leave the sensitivity to forecast
error unexplored.9 Pimm and col-leagues estimate how much peak shaving storage could deliver in residential low-voltage
networks, using synthetic high-resolution household profiles.10 For industrial consumers, Papadopoulos and colleagues
observe that much of the literature assumes a known or accurately predicted load profile, and find that peak shaving based
on predicted profiles becomes reliable for lower forecast errors; Bennett and colleagues pair a next-day forecast and
schedule with an online control algorithm that corrects for forecast error.11

Other methods dispatch by rules or controllers. Shi and col-leagues propose a simple threshold algorithm that runs in real
time while the battery also provides frequency regulation; Barzkar and Hosseini derive a simple real-time scheduling rule
from the solution of an optimization problem and test it on measured loads; and Chua and colleagues reduce peak demand
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with a fuzzy control algorithm for storage.12 For storage that responds to prices, the optimal control policy has a threshold
structure.13 Model predictive control re-plans over a short horizon: it has been applied to a household with photo-voltaics
and a battery, and to a large battery with a degradation cost.14 Leadbetter and Swan study battery storage for residential
peak demand shaving, and a household can also flatten its demand by scheduling flexible loads.15

Online algorithms are usually compared with the offline optimum through worst-case guarantees. BarNoy and colleagues
introduced peak minimization with a battery as an online problem. They give optimal offline algorithms, and online
algorithms for the reduction of the peak whose competitive ratio matches a lower bound when the peak effective demand is
revealed in advance; a companion paper extends the problem to batteries that lose part of each charge and evaluates online
and heuristic algorithms against optimal ones on real and synthetic data.16 Online algorithms with worst-case guarantees
also exist for peak-aware dispatch in microgrids, for storage that responds to prices and for peak-minimizing charging of
electric vehicles, and data centres use their backup batteries to cut peak power or electricity cost.17

Table 1. The closest works as their abstracts describe them, and the present study. “Not stated” means that the
abstract does not say.

Work and problem Online policy Offline benchmark Data, as stated
Bar-Noy 2009, peak with a Matching bounds Optimal algorithms Not stated

battery

Bar-Noy 2008, lossy battery Online and heuristic Optimal algorithms Real and synthetic
Zhang 2018, microgrid with peak | Competitive algorithms Offline optimum Real traces

pricing

Zhao 2017, peak of vehicle Robust online algorithms Offline optimum Traces

charging

Chau 2016, storage under prices | Competitive algorithm Offline optimum Real data

Nottrott 2013, demand charges Real-time load response Linear programme with Not stated

with photovoltaics forecasts

Shi 2018, peak and frequency Real-time threshold Not stated Real data

Pimm 2018, low-voltage Not stated Potential peak shaving Synthetic households
networks

This study, peak with a power Training-percentile threshold | Optimum per window One household, one
limit minute

Table 1 summarizes the closest works as their abstracts describe them. Several compare online or forecast-free rules with
optimal or forecast-based schedules, some on real traces.18 The present study adds one such measurement, for one
household at one-minute resolution and a battery with a power limit, and traces the gap of a threshold rule to its threshold.
We do not claim that it is the first.

3. Data

The data are the individual household electric power consumption records published in the UCI Machine Learning
Repository, 19 measured in one house in Sceaux, near Paris; the repository does not describe its space heating or its tariff.
The dataset has been used to benchmark streaming classifiers at several time scales and to forecast household consumption
with neural networks. 20 The dataset was donated to the repository in August 2012. The file has 2,075,259 rows, one per
minute, from 16 December 2006 at 17:24 to 26 November 2010 at 21:02. Each row carries a date, a time and seven electrical
measurements. This study uses only the active power, Global_active_power, which is the mean power in kilowatts over the
minute. The file was downloaded and its SHA-256 hash checked against a recorded value before analysis.

Table 2 summarizes the data. Time stamps are complete: every minute between the first and the last record is present, so
missing-ness concerns only the power values. The median observed segment is 26,484.5 minutes (18.4 days), the median
power 0.602 kW and the maximum 11.122 kW, and the file contains no zero readings.

Table 2. Size, coverage and missing values of the record, and the training and evaluation samples drawn from it.

Quantity Value

Rows (one per minute) 2,075,259

Coverage 16 Dec 2006 17:24 to 26 Nov 2010 21:02
Missing active power 25,979 minutes (1.252%)

Contiguous observed segments 72

Longest observed segment 78,706 minutes

Complete seven-day windows, full record 134

Evaluation windows 119

99th percentile, full record 4.85 kW

We do not impute missing values. A battery state cannot be car-ried across an unknown interval, so the analysis uses only
windows without gaps. Ignoring the missing minutes in this way is justified only under conditions on how they arise;21 the
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plan assumed that the gaps are unrelated to the load, and Section 8 reports evidence against this assumption. A window is a
block of 10,080 consecutive minutes, which is seven days, aligned to the first minute of the record, so that every window
starts on a Saturday at 17:24, and containing no missing values. The full record contains 134 such windows. Figure 1 shows
every block of the record and its role: 60 of the 179 blocks after the training period are excluded, 41 of them for at most two
missing minutes.
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Figure 1. Coverage of the record in seven-day blocks aligned to its first minute.

Figure 1. (a) Peak load of each block, marked by its role, with the running median over nine blocks (black) and its
interquartile range (shaded); the dotted line is the threshold and the dashed one the end of training. (b) Minutes without a
power value in each block that has any, on a logarithmic axis; the dotted line separates the blocks that lack one or two
minutes. (c) Share of time with the load above each level, in the training period and in the evaluation windows, at one
minute and for 15-minute means, with the shares above marked; the blue dotted line is the threshold 15 for 15-minute
means.

The first 180 days, from 16 December 2006 at 17:24 to 14 June 2007 at 17:23, form the training period. It only fixes the
threshold of the online rule. The evaluation sample is the 119 complete windows that start after the training period, the first
of which starts on 30 June 2007. The two earlier windows aligned to the record, which start on 16 and 23 June 2007, contain
missing values and are there-fore excluded.
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Figure 2 shows the mean load in each hour of each week. The mean load is highest between 20:00 and 21:00 and in
December, and lowest in August, and some summer weeks have very little load: the six evaluation windows with the
smallest optimal peaks, dis-cussed in Section 7, have a mean load of 0.18 to 0.38 kW, against a median of 1.12 kW for the
other windows.

(a)

Load (KW)

(b)

Hour of day

S PN PR

2007 2008 2009 2010 0 1 2
Load (kW)

0 1 2 3
Mean load of the hour in the week (kW)

Figure 2. The load over the whole record.

4. Model And Algorithms

Formulation. Table 3 lists the notation. A household load is a se-quence 1, ..., of non-negative powers in kilowatts,
obsetrved at steps of A = 1/60 h. A battery has usable energy capacity  in kil-owatt-hours, a power limit  in kilowatts
for charging and for dis-charging, a one-way efficiency (0,1], and an initial state of charge 0 [0, ]. At step the
battery draws power = 0 from the grid or delivers power = 0 to the household, so the grid power is

gt=Lt+ ct—d: (D

A dpft 0< <E

s =S +nc At— , <5 e

e e TGS T — : 2)
and the power limits are

0<c: <Py, 0<d: < min (P, L) 3)

The bound on  forbids export to the grid, so the grid power is never negative. For a target peak , a schedule is feasible if
the var-iables satisfy (2) and (3) and < atevery step, and  is feasible if such a schedule exists. The minimum peak is

P* = min {P: P is feasible} 4)

Kurdish Studies



Luis Ednardo Musioz Guerrero 193

Algorithm 1. Minimum peak to within a tolerance by
bisection with an exact greedy feasibility test.

Input: load L1, ..., LT, step At, capacity E, power limit Pb,
efficiency
1, 1utial state SO and tolerance T

Output: P",with0<P*"—-P* <7

1 hi « maxtLt

2 lo < max (0, hi — Pb)

3 while hi — lo > T do

4 P « (lo + hi)/2; s « 50; 0k « true

5 fort =1,...,T do

6 if Lt > P then

7 d<— Lt —P

8 ifd > Pb or d At/n > s then ok < false; break
9 s« Ss—dAt/n

10 else

11 ¢ «<— min (Pb, P — Lt, (E — s)/(n At))
12 S«—Ss+tncAt

13 if o& then hi «— P else lo <« P
14 retumn P™ = hi

Problem (4) is equivalent to a linear programme: minimize  sub-ject to linear constraintsin , , and , with 0 fixed.
Its opti-mum is therefore computable in polynomial time,22 and no hardness argument is needed for the question studied
here. The programme has 3 + 1 variables and 2 constraints, the  inequalities < with from (1) and the
equalities (2), plus the bounds on the variables in (2) and (3). The model allows charging and discharging in the same step,
which Lemma 1 shows is never needed, and sets no condition on the final state of charge. The programme serves as an
independent reference for the procedure below.

Table 3. Notation for the model, the algorithms and the measured gap.

Symbol Meaning

, household load at step  (kW); number of steps in a window

A step length (h); bisection tolerance (kW)

usable capacity (kWh), power limit (kW), one-way efficiency

, 0 state of charge after step , and at the start (kWh)

charging, discharging and grid power (kW)

target peak, and minimum feasible peak (kW)

output of Algorithm 1; threshold of the online rule (kW)

, raw peak and online peak of window (kW)

evaluation window, and its relative gap

) rec share of the achievable reduction captured; time to recharge from g to (h)

— length of the training period; threshold at which the median gap crosses 10% (kW)

Greedy feasibility test. For a fixed target , the greedy schedule works as follows. When > | the battery must deliver at
least
— , and the greedy schedule delivers exactly that. When <
, the greedy schedule charges as much as the power limit and the headroom under  allow, up to the capacity. The test

fails when a required discharge exceeds  or the stored energy cannot cover it. Algorithm 1 uses this test inside a bisection
on .
Lemma 1 (dominance). Fix .Let = (, ) be any schedule that satisfies (2) and (3) and has < for =1,..., ,with
state trajectory . Then the greedy schedule satisfies (2) and (3) with

< ,and its state trajectory  satisfies =~ = for every .
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Proof. Both trajectories start at 0. Assume —1= —1.
Case > .'The greedy schedule delivers =  — , which requites _y = A/ .The schedule satisfies + —
= ,so = + — = | Its state update satisfies

d At L, + ¢, — P)At
& —Ef. = nctAt—t—iinctAt—u

n
n.At nAt

1
= +cAt( ——)5 .
n s (A n

because n<1"." Since s_t"6=0"," we gets_(t-1)"o=n_t At/n"," and therefore s_(t-1)"G=n_t At/n"." Since n_t<d_t<P_b

>
nn

" the power limit holds, and the greedy dischatge is feasible, and s_t"G=s_(t-1)"G-n_t At/n=s_(t-1)"o-n_t At/n2s_t"o

Case L_t<P"." Letc =min(P_b,P-L_t)"." The greedy schedule charges *"G=min(c ,(E-s_(t-1)"G)/(MA)"," so that (2)
holds and s_t"G=min(E,s_(t-1)"G+nc Ap"." The schedule ¢ has c_t<P_b and c_t<P-L_t+d_t "." If d_t=0"," its net
enetgy gain is at most nc  At"." If d_t>0"," its net gain is at most n(P-L_t+d_t)At-d_t At/n=nP-L_)At+d_t At(n-

1/SnP-L_oAt"," and also at most nP_b At"." In both sub-cases the net gain is at most nc At"." Hence
s_t"o<min(E,;s_(t-1)"o+nc A)<s_t"G"."

Corollary. The greedy test succeeds if and only if a feasible schedule exists for P"."

Proof. If ¢ is feasible, the greedy schedule never fails, by the case analysis above. If the greedy test succeeds, its schedule,
with the charge capped by the free capacity, satisfies (2) and (3) by construction.

Theorem 1 (minimum to within a tolerance). In exact arithmetic, for any tolerance t>0"," Algorithm 1 returns P"such that
P’is feasible and OSP*P™*<t"," after at most max(0, log_2 (P_b/1) ) feasibility tests.

Proof. Feasibility is monotone in P™:" a schedule with g t<P also satisfies g t<P™ for every P*'2P"." The initial upper
bound hi=max_t I._t is feasible, because with P=hi no discharge is needed and the greedy charging keeps every state within
capacity. The initial lower bound lo=max(0,max_t I._t-P_b) satisfies lo<P™* ":" for the step t at which the maximum load
occurs, any feasible schedule has P2L_t-d_t=L_t-P_b "," and P=0 because grid power is never negative. By the Corollary,
each test decides feasibility exactly, so the invariant lo<P"*=hi with hi feasible holds throughout. Each iteration halves the
interval. Its initial width is min(max_t L tP_b)<P_b "," so after n iterations the width is at most P_b/2"n "." The loop
stops once the width is at most 1"," which takes at most max(0, log_2 (P_b/1) ) iterations. At that point P [hi-t,hi] and
hi is feasible, so P"=hi has the claimed properties.

Algorithm 1 has one greedy pass per test, so its time is O(Tlog(P_b/7))"." The extra memory is constant if the seties can be
read again on each pass. Our implementation converts the series to a list of floating-point numbers for speed, which makes
its memory grow linearly with the series length, and compares stored energy with a slack of 10"(-12) kWh. When P™* equals
the lower bound, every test succeeds and P " exceeds it by the final bracket width, P_b/2715%9.2X10"(-5) kW here; a single
test at the lower bound would certify such optima exactly.

Figure 3 runs Algorithm 1 on the evaluation window in which stored energy limits the optimum most, the week from 17
July 2010, whose optimum lies 0.73 kW above the lower end of the initial bracket, max(0,M-P_b)"." The lowest stored
energy reached by the greedy pass, computed as if the battery could go below empty, never falls as the target rises and
reaches zero at P™ ")" so each test reads the sign of one number; 6 of the 15 tests fail. The greedy state of charge at P~
never falls below that of the optimal schedule returned by the linear programme, as Lemma 1 requires, and the third test, at
1.10 kW, runs out of stored energy at minute 6,208.
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Figure 3. Algorithm 1 at work on one evaluation window. The window is the one in which stored energy limits the
optimum most, from 17 July 2010, with E=4 kWh. (a) Lowest stored energy of the greedy pass for each target P in the
initial bracket [M-P_b,M]"," computed as if the battery could go below empty (shaded: infeasible), with the 15 tests, filled
when passed; the inset enlarges tests 7 to 15. (b) The bisection as a funnel: row k is the bracket after k tests, as distance from
the returned peak P™," on an axis linear within £10"(-5) kW (double bars) and logarithmic outside. The end moved by test
k shows its result; the dashed lines atre the bound ZP_b/2"k of Theorem 1, the grey band is £1"," and the green dotted line
is the linear programme’s optimum P™* ",)" inside every bracket. (c) State of charge of the greedy schedule at P™," of the
linear programme’s optimal schedule, never above it (Lemma 1; grey margin), and of the greedy schedule at test 3, which
runs out of stored energy at the cross.

Online threshold rule. The online rule compares the load with a threshold 6 fixed before the window. It charges when the
load is below the threshold and discharges when the load is above it. When L_t<6"," it sets d_t=0 and charges

ﬂ)’ (53)

c; = min (Pb, 0—1L,

and when I,_t>0")" it sets c_t=0 and discharges
. 1 St—1
d, = mln(P , L. —0, —)
L b t At
When Li=0 both are zero. The state of charge follows (2). The rule uses only the thresholxd and the current state, so it can
run in real time. Its peak on a window is max.g:; ";" Figure 4 shows the rule and the offline optimum on one window.
Because the rule produces a feasible schedule for its own peak, that peak can never be below P~

(5b)
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Figure 4. The online rule and the offline optimum over one week. The week is the first evaluation window, from
minute 282,240, with E=4 kWh and P_b=3 kW. (a) Houschold load (grey line) with the energy each policy discharges
shaded: in vermillion the optimum, the greedy schedule at the optimal peak, 4.24 kW (dash-dot), and in blue the online rule,
which discharges only above 0"," 5.44 kW (dotted); the box marks the two hours of (d). (b) Shortfall of stored energy below
capacity, E-s"," on a logarithmic axis; minutes with a full battery are blank. (c) Load-duration curves of the week, each series
sorted from highest to lowest on a logarithmic axis: the flat tops show how long each policy holds the grid at its peak. (d)
Grid power of the online rule (dashed) and of the optimum (solid) in the two hours around the largest load. (e) The first two
hours of the week with the largest gap: the online rule recharges from half capacity (hatched) and lifts the grid above the raw
peak of the week (dotted).

Relative gap. For a window w"," let P_w"™* be the offline optimum, which Algorithm 1 returns as P”_w to within t"," and
let P_w"c be the peak of the online rule. The relative gap is
Pt —B,
= (6)
Yw B,

Using P”_w for P_w"™* lowers y_w by at most (1+y_w)1/P_w "," which is below 10"(-3) wherever the optimum exceeds 1
kW and at most 0.011 at 4 kWh. We use relative gaps because they are scale-free. Section 7 shows that they become unstable
when the optimal peak is small, and we therefore also report the absolute gap of the primary case.

Structure of the online peak. Let M=max_t L._t be the raw peak of a window. The online rule is the greedy schedule of
Algorithm 1 run at the target 0"," which gives its peak in closed form.
Proposition 1. Run the online rule from the same initial state as Algorithm 1. If P™*=<0"," the rule never runs short of
power or stored energy, and its peak is 6 when M=0 and lies between M and min(0,M+P_b) when M<0"." In particular, if
PM*<0=M"," the relative gap is

0

Y = e 1. (7)

If instead 6<P”"*=M-P_b and the rule never runs out of stored energy, its peak is P"* and the gap is zero.
Proof. With the target 0"," (5a) is the greedy charge with its cap, and (5b) delivers the greedy discharge L,_t-0 whenever that
is within P_b and the stored energy. If P"*=<6"," the target 0 is feasible, so by the Corollary the greedy test never fails, every
discharge is the greedy one, and the rule is the greedy schedule. Its grid power is then 0 when L_t=6"," and L_t+c_t ","

>

between L_t and min(6,L_t+P_b)"," otherwise, which gives the peak in both cases. If 0<P**=M-P_b and energy never
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runs out, (5b) delivers min(P_b,L_t-0)"," so the grid power never exceeds max(0,M-P_b)=P™* "," and no schedule has a
lower peak.

An optimum sits at the power bound when it equals the lower end of the bounds in the proof of Theorem 1,

max(0,M — P,) < P" < M. (8)

At 4 kWh, 84 of the 119 evaluation windows have P"<6=M"," and in every one of them the online peak equals 0 exactly, so
(7) with P"in place of P™* gives their gaps. In 19 windows the threshold lies below the optimum, which sits at the power
bound; the rule never ran out of enetrgy there, and their gaps are zero to within 2X10"(-5) "." The other 16 windows have
M<0"," and their online peaks lie between M and min(6,M+P_b)"," the upper bound being reached in four. Figure 5a
draws both policies as maps from load to grid power in the minutes in which they use the battery, and Figure 5b plots the
observed peak minus the predicted one, or minus its upper bound.

Figure 5. The online rule against Proposition 1. (a) Grid power against household load in the minutes of the first evaluation
week, with E=4 kWh, in which each policy uses the battery; in all other minutes the battery is idle and the point lies on the
diagonal g=L"." The shaded band is the grid power any schedule can reach, from max(0,L-P_b) to L+P_b "." The rule
caps the grid at 0 and the optimum at P™;" above the diagonal the battery charges, below it discharges. (b) Obsetved online
peak minus its prediction, or minus its upper bound, in the 119 evaluation windows, by regime of Proposition 1. In the 103
windows with M>0 the difference is rounding error, whether the peak is 0 (84 windows, one circle) or P™*=M-P_b (19
windows); for the 16 windows with M<0"," min(6,M+P_b) is only an uppetr bound, reached in four (the squatre around the
circle).

5. Design

Battery and policy parameters. Table 4 lists the design. The battery parameters are assumptions chosen to span a range of
ca-pacities, not measurements of any device, and a zero-capacity battery serves as a negative control. The threshold is the
99th per-centile of the observed load of the training period,

0 = Qpoo{Ls:t < Ty, Ly observed} = 5.442 kW, 9)
with linear interpolation between order statistics. The training period precedes every evaluation window, so the rule is online.

Table 4. Design of the evaluation, as fixed in the plan unless marked.

Setting Value

Capacity 1, 2, 4 (primary), 8 and 16 kWh; 0 as control

Power limit  ; efficiency 3 kW both ways; 0.95 one way

Initial and final state 0o = /2 in every window; no final condition

Step; window 1 min; 10,080 min from a Saturday at 17:24

Training period first 180 days; threshold (9)

Bisection tolerance 10™* kW, at most 15 tests

H1 median relative gap below 10% at 4 kWh

Interval percentile bootstrap, blocks of 4 windows, 10,000 resamples, seed 2018
Validity sample (V1) 30 complete days, seed 2018

Timing repetitions 5 (bisection) and 3 (linear programme); 21 interleaved, after a review

Hypothesis and decision rule fixed in advance

The primary hypothesis, H1, states that the median relative gap over the evaluation windows is below 10% when the battery
has E=4 kWh. We chose 10% as the margin of practical relevance, and we do not present it as an external standard. The
decision rule uses a 95% percentile bootstrap interval for the median, for weeks generated like the observed ones, drawing
blocks of four consecutive windows that wrap around the end of the series. If the upper limit of the interval is below 0.10,
H1 is supported; if the lower limit is above 0.10, it is rejected; otherwise the result is inconclusive. The plan with this
hypothesis and rule was frozen in a version-controlled tag before the primary analysis was run, following the logic of
preregistration for data that already exist; it is not publicly registered, so readers cannot verify its date. Before the freeze
only the audit of the record had been run (coverage, missing values, complete windows and percentiles of the whole record);
no window peak or gap had been computed.

Validity checks. Three checks must pass for any result to count as valid, and Table 5 gives their criteria and results. V1
compares the bisection with the linear programme on 30 complete 1,440-minute days with E=4 kWh, V2 checks that no
online peak lies below the computed optimum minus t"," and V3, a weak negative control that only exercises the zero-
capacity path, requires a zero gap with zero capacity; V1 is itself checked with a deliberately defective variant that never

charges. Before any results were computed, we amended V2 from a tolerance of 10™(-6) kW to 1"," because the bisection
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can legitimately place the optimum up to t above the true minimum; a count made after a later review found that 93 of the
595 window—capacity pairs with a battery would have failed the original criterion.

Table 5. Validity checks, their criteria and their results. Rows marked post hoc were added after a review.

Check Criterion Result

V1, optimum within 1072 kW of the linear programme | largest difference 9.2 % 1075 kW

V1, defective variant must fail fails on 17 of 30 days, by up to 0.743 kW

V2, dominance online peak at least the optimum minus | no violation in 595 pairs; smallest —9.2 %

107° kW

V3, zero capacity gap exactly zero zero in every window

All pairs, post hoc bisection at most above the linear 1.3 x 107% t0 9.2 x 107% kW above, in 595
programme pairs

Second implementation, post same decision on H1 same, median within 107%; not independent

hoc

Clean clone, two runs identical result files identical apart from timings and memory

Exploratory analyses. After the primary analysis, we evaluated a double-threshold variant that discharges above a
threshold 6_d and charges only below a lower threshold 6_c "," set to the training median. We varied 0_d over the 90th,
95th and 99th training percentiles. These exploratory analyses do not alter H1. A sensitivity analysis on the power limit, the
efficiency, the threshold percentile and the training length, one at a time and jointly (Section 6), was added in the same way,
with the same windows and bootstrap seed, as were Proposition 1 and its numerical check, the shares of windows at the

power bound, and the checks of the window protocol, of missing data and of timing reported below.

Benchmark protocol. Run-time non-determinism makes execution times differ from run to run, so every timing is
repeated. The bisection was timed over all 119 evaluation windows with five repetitions. Both procedures were timed on
one, two, four and seven days of the first evaluation window; each timing of the linear programme includes building its
constraint matrices in the interpreter, and the linear programme was not run on the full archive. The full set of 2,049,280
observed minutes was timed three times as a scale check, with the segment boundaries ignored. Timing runs had memory
tracing off, because tracing inflates the time. Memory was measured in separate passes with the Python allocation tracer,
which does not see memory allocated inside the compiled solver, together with the peak working set of the process. The
bisection is a single-threaded loop, and the linear programme, solved by the dual revised simplex method, used about as
much processor time as wall-clock time on seven days, so neither gained from the other hardware threads. After a review we
added diagnostics that time the two procedures interleaved, 21 times each, also with the bisection run to tolerances from
107(-1) to 10"(-8) kW, the solver’s default feasibility tolerance being 10°(-7) "," and on every evaluation window. Timings
follow the reporting rules of Hoefler and Belli: every ratio comes with its absolute times, medians with their interquartile
ranges, and the intetleaved diagnostic gives the confidence intervals that their fifth rule asks for.

The hardware is described by its characteristics: an eight-core processor with sixteen hardware threads and 16 GiB of
installed memory, running 64-bit Microsoft Windows. The software is Py-thon with NumPy and SciPy, whose versions are
recorded with the code, and the figures are drawn with Matplotlib.

Reproducibility. Figure 6 shows the stages of the pipeline, the data at each one and what is checked there. All random
elements are seeded: the validity sample and the bootstrap use seed 2018. Every number in the text comes from a result file
written by the pipeline, which is available from the corresponding author on request, and a check compares the decimal
values in the text with those files. The bisection is tested against the linear programme on 200 random instances, and the
tests check monotonicity and the state-of-charge invariants. A second implementation, written after the primary analysis
from the frozen plan and its amendments, without the analysis code, and a clean clone of the repository, with the data
downloaded and verified again, reproduce the results (Table 5). The second implementation is not independent: the
amendments it read report the primary result, and it ran with the same software and the same copy of the data.
Reproducibility of this kind is a minimum standard when independent replication is not possible, and the repository follows
common recommendations for research computing.
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(D Rawrecord SHA-256 4259¢9d7...
2,075,259 one-minute rows over 1,441 days  hash; dates up to 2018
(@ Audit
25,979 missing minutes (1.25%), 72 observed runs
o Seven-day blocks 0 =544 kW from training
A A T A AT A
2007 2008 2009 2010
W training 25 [Jboundary 1 [l evaluation 119 excluded 60 205 blocks
(4) Primary analysis SHA-256 93467f3e...
119 windows x 6 capacities = 714 pairs v plan frozen first; Theorem 1 bounds
(5) TestofH1 SHA-256 ¢25a6d50....
median gap 34.5% [20.4, 43.7]: H1 rejected v independent replica agrees
(6) Further analyses
20 scripts, 34 JSON and CSV result files
(7) Figures and tables
13 figures and 9 tables, read from the result files v alt text, captions
(8) Manuscript
every number traced to a result file; 58 references v numbers, references, dates
(®) Release

only if all 33 automated checks pass

Figure 6. Architecture of the analysis pipeline. The stages run in order down the left axis, each with the size of its data;
the strip shows the 205 seven-day blocks of the record in time order, col-oured by role as in Figure 1. On the right are the
first eight hexa-decimal digits of the SHA-256 fingerprints of the raw data and of the primary results and, after a check mark,
what an automated check verifies at that stage before the document can be released. Counts and fingerprints are read from
the files when the figure is drawn.

6. Results

Validity. All checks passed (Table 5). The defective variant fails, so V1 detects a faulty procedure, and over all window—
capacity pairs the bisection stays within the bound of Theorem 1.

Primary result. For E=4 kWh, the median relative gap over the 119 evaluation windows is 34.5%, with a 95% bootstrap
interval of 20.4% to 43.7%. The interquartile range is 7.6% to 64.0%, and only 21.0% of windows have a gap below 5% and
26.9% below 10%. The lower limit of the interval lies above 10%, so H1 is rejected (Table 6). Figure 7a shows the
distribution of the gap for every capacity.
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Figure 7. Distribution of the relative gap and of the online peak. (a) The relative gap in the 119 evaluation windows for
each capacity, on an axis linear up to 10% and logarithmic above (double bars): a kernel density (top), the interquartile range
(bar) with the median (circle) and its 95% bootstrap interval (black), and the windows themselves (dots). The primary
capacity is in blue, and the dash-dot line is the 10% margin of H1. (b) Online peak against the offline optimum for E=4
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kWh, by regime of Proposition 1, with marginal distributions: 88 online peaks sit at 6"," 84 in the first regime and four with
M<0"." Every point lies on or above the identity (dashed) up to the bisection tolerance, as V2 requires.

Table 6. Results for the evaluation windows. Relative gaps as defined in equation (6). Rows marked exploratory were
added after the primary analysis, and the intervals for capacities other than 4 kWh after a review.

Setting Median gap, % [95% CI]® IQR, % Under 5%, %
Battery 1 kWh 30.9 [20.7, 43.7] 9.9-60.4 19.3
Battery 4 kWh (primary) 34.5[20.4, 43.7] 7.6-64.0 21.0
Battery 2, 8 or 16 kWh 34.5[20.4, 43.7] 7.6-64.0 21.0

Zero capacity (control) 0.0 0.0 100
Exploratory = 2.99 kW 2.0 [0.0, 12.5] - 53.8
Exploratory? = 3.75 kW 0.0 [0.0, 5.9] - 58.8

The median offline optimum is 4.05 kW and the median raw peak 7.05 kW. Per window, the median reduction of the peak
is 42.6% for the optimum and 22.8% for the online rule, whose me-dian peak is 5.44 kW; the rule achieves a median 53.5%
of the achievable reduction, measured per window as
M, — Py

Pw = M, — Py (10)
with an interquartile range of 29.2% to 87.2%. The online peak equals the threshold in 73.9% of windows. The median
absolute gap between the online peak and the optimum is 1.40 kW, with an interquartile range of 0.38 to 2.12 kW.
Sensitivity to battery capacity. From 2 to 16 kWh the median and the quartiles of the gap are identical (Table 06), as
Proposition 1 implies where the optimum sits at the power bound (8) and the threshold is achievable. Table 7 shows why:
from 2 kWh on, more than 90% of windows sit at the bound, and only the minimum optimum keeps falling. The energy
limit matters mainly at 1 kWh and in a few windows with a low raw peak: at 4 kWh, the nine windows whose optimum is off
the bound all have a raw peak of about 5.04 kW or less, and 110 of the 113 windows whose raw peak exceeds 3 kW sit at
the bound. A window counts as at the bound when its optimum is within 10"(-3) kW of M-P_b.

Table 7. The offline optimum and the online rule by battery capacity. Over the 119 evaluation windows: share of
windows at the power bound (8), median and minimum optimum, share of online peaks at the threshold, and windows
where the rule does worse than no battery.

, kWh At bound, % Optimum, kW At ,% Worse
1 74.8 421/0.18 71.4 8

2 90.8 4.05/0.18 72.3 9

4 92.4 4.05/0.17 73.9 1

8 94.1 4.05 / 0.16 73.9 12
16 95.0 4.05/0.14 75.6 13

Exploratory variants. The double-threshold variants in Table 6 show that the gap depends strongly on the discharge
threshold. With the 99th percentile, 5.44 kW, the median gap equals the pri-mary value, but the two rules differ in 11 of the
119 windows, where the variant charges only below the training median. These variants were chosen after seeing the primary
result, so they show where the gap comes from, not how a confirmed rule would per-form.

Computational cost. Figure 8 reports the timings. The bisection takes a median of 6.72 ms for a seven-day window and
0.93 ms for a one-day window, and the linear programme 144.28 ms for the same window, about 21.5 times longer. Over
one to seven days, the log—log slope of the bisection is 1.02 and that of the linear programme is 1.03, and at every length the
interquartile ranges of the two procedures do not overlap. In a separate run, building the matrices of the programme took
15.2 ms and solving it 128.7 ms for the seven-day window, so construction accounts for 10.6% of its time and the solver for
the rest. Absolute times varied by up to about a factor of two between runs, and the ratio at seven days ranged from 17 to
26 over five separate runs; in the interleaved diagnostic it was 22.2 (95% interval 21.3-24.3). Tightening the tolerance from
107(-1) to 10"(-8) kW raises the number of feasibility tests from 5 to 29 and the median time from 2.31 to 12.67 ms, still less
than a tenth of the 14549 ms of the linear programme (Figure 8b). Over the 119 windows the median ratio is 21.1
(interquartile range 20.1-23.6), but in the low-load week with the largest gap the linear programme needs 4.17 s and 24,048
simplex iterations (Figure 8c). The bisection over all 119 windows takes a median of 0.776 s, and the full set of observed
minutes takes 1.39 s, consistent with the per-window rate, because 2,049,280/10,080X6.72 ms is about 1.37 s.

Memory differs by more than an order of magnitude. The bisec-tion allocates a Python peak of 0.31 MiB for one seven-day
win-dow, mostly the list of 10,080 floats, and the linear programme at least 13.2 MiB, since the tracer misses the solvet’s
own memoty.
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Figure 8. Computational cost. (a) Wall-clock time against series length for the bisection (circles) and the linear
programme (squares) on the first evaluation window, one to seven days, with interquartile bars smaller than the markers,
and for the bisection on all observed minutes (diamond). Dashed lines: least-squares log—log fits with 95% bands; the legend
gives each slope with its interval (t"," two degrees of freedom), and the triangle has slope 1. (b) Bisection time on the seven-
day window against its tolerance, with the number of tests on the top axis and a line proportional to that number fitted
through the origin (dashed), and the linear programme with its interquartile band; 21 interleaved repetitions. (c) Linear-
programme against bisection time in each of the 119 windows, on logarithmic axes, coloured by the number of simplex
iterations; dotted lines mark constant ratios and the dashed line the median ratio.

For the full set of observed minutes the bisection reaches a Python peak of 62.5 MiB, almost all of it from converting the
series to a list of Python floats. The whole process reached a peak working set of 393.8 MiB, which includes the interpreter
and the loaded data. Table 8 gives the measured time and memory of every stage of the pipeline: run on a clean clone, the
whole pipeline takes about 9 minutes, most of them in the validation against the linear pro-gramme and in the timing
diagnostics.

Table 8. Measured cost of each stage of the pipeline. Run on a clean clone with 3 repetitions of each step: wall-clock
time as median [interquartile range], and the median of the peak working set of the largest process of the stage; the word
processor that exports the PDF is not counted.

Stage Time, s Memory, MiB
Download check and data audit 2.6 [2.6-2.0] 217
Primary analysis and benchmark 27.2 [27.1-27.3] 394
Linear-programme validation 199.2 [199.1-202.2] 260
Threshold sweep 38.9 [38.8-39.0] 261
Multiverse 25.6 [25.6-25.8] 261
Timing diagnostics 146.8 [146.8-146.8] 262
Other secondary analyses 64.2 [64.2—64.3] 262
Figures 13.6 [13.5-13.6] 260
Tests 6.2 [6.1-6.3] 101
Document, DOCX and PDF 7.6 [7.6-8.3] 173
Gates 1.8 [1.8-2.7] 73
Total, sum of medians 533.7 —
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Sensitivity to design choices. These analyses are exploratory. Figure 9 crosses the design choices in a multiverse of 54
specifica-tions, for a 4 kWh battery: power limits of 1.5, 3 and 6 kW, thresholds at the 90th, 95th and 99th training
percentiles, 90 or 180 training days, and efficiencies of 0.90, 0.95 and 1.00. All use the same windows and bootstrap draws,
and the primary specification reproduces Table 6. The decision on H1 turns on two choices. With a 1.5 kW limit all 18
specifications have an upper interval limit below 10%, and with a 6 kW limit all 18 have a lower limit above it; at 3 kW the
threshold decides, and the 90th and 95th percentiles bring the gap below 10%. Efficiency and training length never change
the decision. Overall, 30 specifications would support H1 and 24 reject it. Figure 10 sweeps the threshold percentile and
crosses it with the power limit: at 3 kW the median gap crosses 10% at a threshold of 4.45 kW, the 97.5th training percentile,
and H1 would be supported up to the 96.5th percentile (4.07 kW) and is rejected from the 98.5th (5.00 kW).

Threshold percentile of the training load
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Figure 10. Threshold sweep for a 4 kWh battery (exploratory). (a) Median relative gap with its 95% bootstrap interval
against the threshold, at P_b=3 kW, with the training percentile that sets it on the top axis; open triangles support H1, grey
circles are inconclusive and black squares reject it. The dashed line is 6/med_w P_w™*-1")" the median gap that (7) gives if
every window has PM*<0<M"." (b) Median gap over thresholds and power limits, each cell as wide and tall as the step
between settings; white lines are the 10% (solid) and 50% (dashed) contours, triangles and open circles mark settings that
support H1 or are inconclusive, and the black box marks the primary specification. The right margin of (b) gives the share
of windows whose optimum sits at the power bound (8) for each power limit, with 95% Wilson intervals (n=119); the
diamond marks the primary 3 kW.

Rolling threshold. This analysis is exploratory. Recomputing the threshold before each window as the 99th percentile of
the observed load in the preceding 180 days, as in (9), keeps the rule online. The rolling threshold ranges from 3.78 to 5.51
kW, with a median of 4.75 kW it is highest in spring, after a winter of training data, and lowest in autumn (Figure 11a). It
lowers the median gap to 13.5%, with a 95% interval of 7.0% to 26.8%, which contains the 10% margin, so H1 would be
neither supported nor rejected, and 47.1% of windows have a gap below 10%, against 26.9% with the fixed threshold. The
gap falls in 89 windows and rises in 6, and the rule does worse than no battery in 8 windows instead of 11 (Figure 11b, ¢).
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Figure 11. Fixed and rolling thresholds for a 4 kWh battery (exploratory). (a) The rolling threshold 6_w "," the 99th
percentile of the observed load in the 180 days before each window, the fixed threshold 0 and the optimal peak P_w"* of
each window. (b) Distribution of the relative gap with each threshold, drawn as in Figure 7a, with the median and its 95%
bootstrap interval written beside each. (c) Change in the gap of each window from the fixed to the rolling threshold, in
percentage points, in increasing order, on an axis linear within *1 point (double bars) and logarithmic outside; the dashed
line is the median change.

Sensitivity to the window protocol. These checks are exploratory (Table 9). Neither a full battery at the start nor an end
condition on the optimum moves the median gap; the end condition raises the optimum in five windows, by at most 0.012
kW. Shifting the start of every window by one to six days leaves 119 to 124 complete windows, with median gaps of 31.3%
to 34.6% and lower interval limits of at least 18.4%, so H1 is rejected at every shift. At 15-minute resolution, with the
threshold at the 99th percentile of the 15-minute training means, 4.95 kW, the gap grows, because aver-aging lowers the
weekly peak to a median 76.7% of its one-minute value but the threshold only to 90.9% (Figure 1c). Only 3 of the 44 four-
week blocks after training are complete, too few to evaluate monthly windows.

Table 9. Robustness of the primary result to the window protocol and to missing data, for a 4 kWh battery
(exploratory). Shifted windows start one to six days later than the primary ones, and their row gives the range over the six
shifts. Near-complete blocks lack at most two minutes, interpolated linearly.

Variant Windows Median gap, % [95% CI] H1
Primary 119 34.5 [20.4, 43.7] rejected
Full battery at the start 119 34.5 [20.4, 43.7] rejected
Optimum ends at least as charged 119 34.5 [20.4, 43.7] rejected
Windows shifted by 1 to 6 days 119-124 31.3-34.6, lower limits = 18.4 rejected
Near-complete blocks added 160 28.8 [18.9, 39.8] rejected
15-minute means 119 91.9 [72.1, 136.0] rejected
Four-week windows 3 not estimable —
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7. Discussion

Where the gap comes from. Proposition 1 locates the gap. Wherever the threshold is achievable the online peak equals it, so
the gap is 0/P™*-1™" it measures how far the training percentile sits above the week’s optimum, not how the battery is
operated within the week. The median gap therefore falls below the 10% margin when the threshold is below

6,;; = 1.1 med,, P;; = 4.45 kW, (11)

approximately, because windows change regime as 6 moves; the sweep of Figure 10 crosses 10% at the same value. At 4
kWh the optimum is the raw peak minus 3 kW in 110 of the 119 windows, so H1 amounts to asking whether the median
weekly raw peak exceeds about 7.95 kW it is 7.05 kW. Figure 7b shows the consequence: online peaks cluster at 5.44 kW,
while optimal peaks spread from 0.17 kW to 8.12 kW, with a median of 4.05 kW and an interquartile range of 3.32 to 5.06
kW. The training period runs from December to June, so its 99th percentile, 5.442 kW, exceeds that of the full record, 4.85
kW: the load exceeds 0 in 1.00% of training minutes but in only 0.44% of evaluation minutes (Figure 1c).
The charging rule also matters. Charging adds up to 3 kW to the load of the minute, so the grid peak can rise to that load
plus 3 kW, capped at 0"," even in windows that need no peak reduction at all. Of the 16 windows whose raw peak is below
0")" the online peak sits at 0 in 4, at the load of its minute plus 3 kW in 7, and at another value in 5. In 11 of them it
exceeds the raw peak, so the rule does worse than no battery. In all 11 the peak falls, at minutes 0 to 36, within the time the
battery needs to recharge from half capacity at full power,
t 5 — 56 . w peus (12)
e min.
rec npP,
Figure 4e shows the week with the largest gap, whose raw peak is 1.18 kW. The relative gap is therefore very large in
windows with a small optimum. The largest relative gap at 4 kWh is 1,788%, in a window whose optimum is 0.17 kW and
whose online peak is 3.26 kW. Only 5.0% of windows have an optimal peak below 1 kW, the summer weeks of very low
load in Figure 2, yet these six windows all have gaps above 100%, with a median gap of 1,261%, against a median of 31.4%
for the other windows. For this reason the absolute gap of 1.40 kW, or the bounded share (10), summarizes the cost of the
online rule better than the relative gap.
The exploratory variants indicate that a lower discharge thresh-old brings the online peak close to the optimum in the
median window, with or without a lower charging threshold. This charging threshold did not help in these data: at 3.75 kW
the share of win-dows within 5% is 58.8% for the double-threshold variant and 66.4% for the single threshold, and with the
discharge threshold at the 90th and 95th percentiles 46% and 41% of windows keep a gap of at least 5%. The repository
records that they came after the primary result only in the amendment that adds them, because both entered the same
commit. A confirmatory test would have to fix such a design in advance and evaluate it on data not used to choose it.

Practical reading. For a designer, the offline optimum is a bound on what any rule can achieve for a given battery and load,
computed in milliseconds per week, against which a rule and its threshold can be checked before a design is adopted. The
power bound holds in most windows only because the limit is 3 kW: with a 6 kW limit and a 4 kWh battery, only 11 of the
95 windows whose raw peak exceeds 6 kW sit at the bound (9.2% of all windows), and the share of windows at the bound
falls from 92.4% at 3 kW to 80.7% at 4 kW and 45.4% at 5 kW (Figure 10b, right margin), so this conclusion depends on
the assumed power limit. It is not a competitive analysis: the worst-case ratio of this rule is unbounded, because on a
constant load € with €+P_b<0 and a battery that is not full it draws €+P_b while the optimum is at most €"," and we did
not test the algorithms with worst-case guarantees.

Battery use. Reaching the optimum asks more of the battery. Every minute above P " needs a discharge of at least L_t-P™)"
so no schedule reaches P " with less energy than the greedy schedule, which delivers exactly that. At 4 kWh this least energy
has a median of 2.00 kWh per week, against 0.31 kWh for the online rule, or 0.53 against 0.08 equivalent full cycles of the
battery (Figure 12). The largest deliveries, up to 18.9 kWh in a week, come in summer weeks in which the optimum holds
the grid below 0.4 kW, and in 9 weeks even the greedy schedule, which keeps the most energy in store (Lemma 1), must
draw the battery to within 0.01 kWh of empty. The model does not cost this cycling (Section 10).

Kurdish Studies



Luis Ednardo Muitog Guerrero 205

5 10 { ‘ mrjﬁw—‘ i
0
30k A Online median, 0.31 KWh / 7

< Optimum median, 2.00 kWh s
(0o} O Optimum empties the battery (9) 7 :l

Least energy to reach the optimum (kWh)
N
Optimal peak P* of the week (kW)

1 /: (I 1 1 1
0 0.01 0.1 " 1 10 0 10

Energy delivered by the online rule (kWh per week) n

Figure 12. Energy delivered per week by the 4 kWh battery. Vertical axis: the energy delivered by the greedy schedule at
P’, the least with which any schedule reaches the optimum; horizontal axis: that of the online rule, on a logarithmic axis,
with the 16 windows in which it delivers nothing in the strip at zero. Colour gives the optimal peak of the week, from 1 to 7
kW; the six weeks below 1 kW take the darkest shade. Triangles on the axes and dotted lines: the two medians; dashed:
equal energy. Circles: the 9 windows where the greedy schedule brings the battery to within 0.01 kWh of empty. The
margins give the distribution of each energy in logarithmic bins, with the count at zero.

Computation. The bisection is fast because each test is one pass, linear in the window length, and the number of tests is
logarithmic in P_b/1"." The linear programme is more general and returns the same optimum, to within t"," on every
window, but it is about 17 to 26 times slower at the analysis tolerance, more than ten times slower at 107(-8) kW, and far
slower in low-load weeks, where its iteration count grows (Figure 8). Both times grow about lineatly over one to seven days,
but four lengths of one window cannot establish growth rates, and we did not time the linear programme on longer series.
For a single offline bound both procedures are fast enough; the difference matters when many windows, batteries or

thresholds are evaluated.

Choices that could change the answer. Four choices shape the headline number, and Figure 9 crosses them. Training on
90 days instead of 180 raises the threshold to 5.75 kW and the median gap to 42.1%, as (7) predicts from the median
optimum, 5.75/4.05-1=0.42"." With a 6 kW limit the threshold sits far above the achievable peak.

8. Threats to validity

Construct validity. The offline optimum is a perfect-foresight benchmark for each window, but the gap of one fixed rule
does not measure the cost of not knowing the future. Because the rule’s peak equals its threshold wherever the threshold is
achievable, the gap mostly measures how the threshold is calibrated to the week: with the 90th or 95th training percentile,
the same rule with the same information has a median gap near zero (Figure 9). The gap is therefore an upper bound on the
value of foresight for this load, not an estimate of it, and we did not seck the best online rule. The relative gap is unstable
when the optimum is small (Section 7), and the primary metric was the relative gap although the absolute gap proved more
informative.

Internal validity. Each window starts with the battery half charged and has no condition on its final state, so the optimum,
which knows when the window ends, may finish emptier, while the online rule recharges at the start for the time (12); Table
9 shows that neither choice changes the median gap. Excluding windows with missing values is not neutral: the 41 blocks
that lack at most two minutes have a higher median raw peak than the evaluation windows (7.58 against 7.05 kW) and more
weeks that start in winter (31.7% against 18.5%), and adding them lowers the median gap (Table 9), so the primary estimate
is probably too high. The bisection tolerance of 10™(-4) kW bounds the error of every optimum; V2 uses the same tolerance,
V1 uses 107(-3) kW and V3 an exact zero.

External validity. The findings concern one household over almost four years at one-minute resolution. They do not
establish how the gap behaves for other households, climates, tariffs or battery designs, or at the coarser resolutions, such as

15 minutes, on which demand charges can be assessed, where Section 6 finds a larger gap.
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Conclusion validity. H1 is a single test fixed in advance, and the secondary capacities carry intervals but no tests; the plan
called for a correction only if they were tested as a family. The block bootstrap treats windows as dependent within blocks
of four: the autocorrelation of the gap falls from 0.58 at lag one to 0.02 at lag three, and with every block length from 1 to
26 windows the lower limit stays between 17.7% and 20.9% (Figure 13). The interval still assumes stationarity, which the
seasonal pattern only approximates. The exploratory analyses are not corrected for multiplicity and carry no inferential
weight. The timings come from one machine and one implementation, and the ratio between the procedures varied between
runs.
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Figure 13. Dependence between evaluation windows, for a 4 kWh battery. (a) Autocorrelation of the relative gap and
of the raw weekly peak at lags of 1 to 26 windows; the shaded band is +1.96/\n with n=119"." (b) Distribution of the
bootstrap median gap against the block length, from 1 to 26 windows: the shaded bands are its central 50%, 80% and 95%
intervals and the line its median; the dotted line marks the primary length of four and the dash-dot line the 10% margin of
H1.

9. Conclusions

On one household’s record, a threshold rule set at the training 99th percentile does not meet the 10% margin set in advance
for a 4 kWh battery with a 3 kW limit: its median relative gap to the offline optimum is 34.5%. Wherever the threshold is
achievable the rule’s peak equals it, so the gap is the threshold divided by the week’s optimum, minus one; it mainly
measures how the threshold is calibrated, and it changes little between 2 and 16 kWh of capaci-ty. A threshold below about
4.45 kW, the 97.5th training percentile given by (11), would have brought the median gap under the mar-gin (exploratory).
The offline optimum costs a few milliseconds per week of data, over ten times less than a linear programme, so it can serve
as a bound when a dispatch rule and its threshold are de-signed. In a post hoc multiverse the decision on H1 turns on the
power limit and the threshold percentile alone. A rolling threshold, recomputed before each week from the preceding 180
days, low-ered the median gap to 13.5% in an exploratory analysis, with an interval that contains the margin. A confirmatory
study should fix those choices in advance, compare adaptive thresholds and include a baseline without a battery.

10 Limitations and scope of the literature review

The literature review is limited. It searched two bibliographic data-bases with fixed queries, followed citations backward and
forward from the closest works, and relied on abstracts; for seven cited works, by Blokhuis, Hledik, Uddin, Zheng, Chua,
Leadbetter and Simonsohn with their colleagues, only the title and metadata were available, and for those we state only what
the title says. It is not a full systematic review, and we do not claim priority.

The model omits battery degradation, whose cost depends on how the battery is cycled, as well as tariffs, forecast error,
which affects schedules built on predicted loads, and the cost of the battery itself. The sensitivity analyses are post hoc and
cover a single household. Apart from one exploratory rolling threshold, we did not test adaptive thresholds, forecast-based
control or algo-rithms with worst-case guarantees, and the efficiency and power values are assumed. Public datasets with
whole-house demand at finer resolution and for more homes, such as UK-DALE and RE-FIT, would allow the
comparison to be repeated across house-holds.
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