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Abstract: This study investigates electricity-purchase optimization for a PV-storage microgrid under changing photovoltaic
output, load and prices, with storage coupling adjacent intervals. It establishes a unified ten-minute physical and accounting
framework and compares fourinformation settings using deterministic linear programming with an MILP cross-check, historical-
error scenario programming, finite-state dynamic programming for rolling correction, and scenario programming under time -
varying prices. The deterministic schedule costs 35,126.95 CNY, 26.90% below the no-storage baseline. Over 334 days, the
historical-error scenario setting costs 14,731,085.32 CNY. Rolling updates at 06:00, 12:00, and 18:00 reduce cost from
16,143,244.46t013,905,968.07 CNY (13.86%) and emergency purchases by 81.55%. Under variable prices, intraday updating
cuts emergency purchases by 38.69% but raises total cost slightly (0.06%). These results show that the shared framework
supports physically consistent comparisons, rolling feedback can mitigate forecast errors, and price updates should be assessed

alongside adjustment costs and storage state.
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1. Introduction

A photovoltaic-storage microgrid must make electricity-
purchase decisions while three types of information change at
different rates. Load and photovoltaic output are observed or
forecast at ten-minute resolution, the storage state couples
adjacent intervals, and electricity prices can be known only
partially before operation. A schedule that is optimal under
complete information can therefore become expensive when
forecast errors trigger emergency purchases or when the
storage trajectory reaches an operating boundary. Stochastic
storage scheduling, model predictive control and scientific-
computing tools provide useful foundations for this class of
problem [1-3].

The underlying physical system is common across
operating settings: ordinary grid purchase, emergency
purchase, photovoltaic energy, storage charge and discharge,
unused photovoltaic energy and storage state must satisfy a
power balance, storage recursion and mutually exclusive
charge-discharge logic. What changes is the information
boundary. A deterministic day-ahead model assumes the full
day is known; a historical-error model represents the
unavailable future with paired residual scenarios; a rolling
model fixes executed intervals and re-optimizes only the
remaining horizon after new forecasts arrive; and a price-
scenario model replaces a fixed tariff with a forecast
distribution and revises the plan at selected times. Recent
research emphasizes that storage sizing, forecast uncertainty
and online control should be evaluated togetherratherthan as
isolated layers [4-6].

This paper consolidates those settings into one physical and
accounting framework. A ten-minute time axis is used
throughout, poweris converted to energy by the common step
length, and the same storage bounds, efficiency definitions
and nonnegativity conditions are retained. The solution
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method follows each setting: linear programming for the
deterministic and historical-error layers, finite-state dynamic
programming for rolling correction, and scenario linear
programming for time-varying prices. Scenario-specific
terms are added only where required, allowing direct
comparison of cost, emergency energy and storage movement
under consistent physical accounting [7-9].

The study uses 144 ten-minute intervals per day, a 12,000
kWh storage device with a 10%-90% operating range, a 5,000
kW charge or discharge limit, and charging and discharging
efficiencies of 0.90, corresponding to a round-trip efficiency
of 0.81. The evaluation period for uncertain and price
scenarios is 334 days from February 1 to December 31,
containing 48,096 ten-minute intervals. The reported results
quantify the value of storage, historical error scenarios,
updates at 06:00, 12:00 and 18:00, and a 14-day same-time
price forecast. Related multi-timescale control and energy-
trading studies support this focus on information value and
rolling decision quality [10-13].

2. Unified Physical and Accounting
Framework

2.1. Time Axis, Energy Conversion and
Storage State

The day contains T=144 ten-minute intervals. Let d denote
the operating day and t the interval index. The planning
horizon is represented by interval-boundary storage states
E 0,.,E T. A forecast publication at hour h becomes
available at k=6h, so the remaining horizon is expressed on
the same grid.

T:144,t=0,...,T—1,At=§,M=50004t 1)

Car =Atlq, Par = Atpzf,‘t/ ey



Let g_tbeordinary grid purchase,h_t emergency purchase,
c_t storage charge, b_t storage discharge and w_t unused
photovoltaic energy. The base energy balance is:

G3)

Eyy =E, +1,¢, — ;’—;,1200 < E, <10800,E, = e, E; =
6000 (4)

Jai T Pact bar+ hae = fac+cae+ way

An explicit binary representation of mutually exclusive
charging and discharging is:

0<c¢, <Mz,0<b, <M —z),2 € (0,1 )

2.2. Objective Functions and Information
Extensions

The deterministic cost is the sum of ordinary purchase cost.
For uncertain settings, emergency purchase is assigned a
fivefold price to represent the operational value of unserved
or late-arriving energy. Rolling adjustment terms are added
only to the remaining horizon, while price-scenario
coefficients replace the fixed tariff without changing the
physical constraints.

(©)

Ctotal = Cplan + Cadj + Cemg

The framework therefore has one physical core and four
information extensions. The deterministic setting uses full
daily inputs and is solved by linear programming with an
MILP cross-check; the historical-error setting uses scenario
linear programming; the rolling setting uses finite-state
dynamic programming after fixing executed intervals; and the
price setting uses scenario linear programming with time-
varying price coefficients and update times.

3. Full-Information Intraday
Scheduling

The full-information setting uses the 144-interval load,
photovoltaic powerand electricity price as known inputs. The
linear-programming  formulation minimizes ordinary
purchase while the storage state transfers photovoltaic energy
from surplus intervalsto higher-price or deficit intervals. The
continuous LP is cross-checked with a binary MIP
representation of charge-discharge exclusivity; because the
LP and MIP objectives coincide to numerical precision in the
evaluated instance, the reported schedule also verifies the
integer cross-check. Figure 1 illustrates the resulting dispatch
trajectory, and Table 1 summarizes the deterministic results.
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Figure 1. Full-day purchase, storage and unused-photovoltaic trajectory under the deterministic baseline.

Table 1. Deterministic full-information results.

Metric With storage
Purchase cost / CNY 35126.95
Purchase energy / kWh 59482.70
Cost reduction 26.90%

Maximum balance residual 2.27x107-13 kWh

The storage device is operated between 1,200 and 10,800
kWh, with 5,000 kW maximum charge and discharge power.
The result illustrates the value oftemporal energy transfer: the

Not reported as a separate baseline
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No-storage baseline Change
48052.05 -12925.10
Reference

0
Verification

26.90 percentage points
Numerical zero

schedule charges during low-price or photovoltaic-surplus
intervals and discharges when the net load and price make
ordinary purchase expensive. The conclusion is conditional



on the evaluated price, load and PV profiles; it is not a claim
that storage always lowers cost under different market rules.

4. Historical-Error Day-Ahead
Scenario Optimization

4.1. Forecast and Residual Construction

The day-ahead layer uses the nearest W=2 same-weekday
load curves and the nearest H=7 daily PV averages. Historical
residual pairs are taken from R=14 completed days. The
residuals are added to the current forecast before the scenario
balance is formed, preserving the within-day co-movement
between load and PV error.

o LyWa

Lge = wq&i=1la-7jt

™)
®)

The scenario residual is clipped into the nonnegative net-
load or emergency-purchase representation, and each
historical residual pair remains matched to its original day.
The evaluation period contains 334 days from February 1 to
December 31. It includes 48,096 ten-minute intervals, so the
model evaluates a long sequence of daily schedules rather
than a single representative day. Figure 2 shows the median
load and PV profiles used to construct these historical -error
scenarios.
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Figure 2. Median daily load and PV profile used to construct the historical-error scenarios.

4.2. Scenario LP and Results

The scenario linear program shares the ordinary purchase,
charge, discharge and storage decisions across scenarios,
while emergency purchase h t*(s) absorbs the forecast
residual. The objective adds a scenario-weighted penalty to
emergency energy. Under the selected historical windows, the
total evaluation cost is 14,731,085.32 CNY and emergency
purchase is 300,628.68 kWh. A 48-hour cross-day
comparison costs 14,797,771.46 CNY and does not improve
the evaluation objective, so the reported method retains the
day-ahead scenario plan. Table 2 summarizes the resulting
day-ahead scenario performance.

Table 2. Historical-error day-ahead scenario results.

Result
W=2 same-weekday load; H=7

recent PV days

R=14 completed days

334 days; 48,096 ten-minute
intervals

14,731,085.32 CNY
300,628.68 kWh

14,797,771.46 CNY

Evaluation item
Forecast windows
Residual history
Evaluation period

Total cost
Emergency purchase
48-hour comparison cost

5. Intraday Rolling Correction

Therolling layerseparates a plan from its execution. A plan
is generated at 00:00, while new PV forecasts arrive at 06:00,
12:00 and 18:00. At each update, executed intervals,
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measured storage state and already observed demand are
fixed. Only the remaining ordinary-purchase decisions and
the storage trajectory after the current state are re-optimized.
This is a receding-horizon finite-state dynamic-programming
layer built on the same physical ledger, not a new physical
model.

dax = qg,t +Ugr — YV, Uae = maX(Qd,t - qg,tno)'vd,t =
max(qd, — qa,,0) )

The day-ahead plan uses a normal purchase cost, while a
rolling correction charges 1.5 times the tariff for upward
adjustment, 0.5 times the tariff for downward adjustment and
five times the tariff for emergency purchase. A small positive
coefficient only breaks ties between physically equivalent
actions. The dynamic state layer uses a discrete storage grid
S={1200,1320.,...,10800} and a backward Bellman recursion
to select feasible storage actions. The terminal condition is
V_T(E)=0 at E=6000 kWh and +o otherwise.

V.(E) = minE!ES,llIJ(E!—E)lS e Vel ()} (10)

The complete four-update strategy costs 13,905,968.07
CNY, compared with 16,143,244.46 CNY for the 00:00-only
plan. It saves 2,237,276.39 CNY, or 13.8589%, while
emergency purchase decreases from 636,769.98 to
117,452.29 kWh, a reduction of 81.55%. The result
demonstrates the value of state feedback: it changes the
remaining storage trajectory before the next forecast error is
fully converted into emergency purchase. Figure 3 presents
the day-ahead plans and storage trajectories at the four update



times, and Table 3 summarizes the rolling-correction results.
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Figure 3. Day-ahead plans and storage trajectories at four forecast-update times.

Table 3. Rolling correction results.

Total cost / CNY
16,143,244.46
13,905,968.07

13.8589%

Strategy
00:00-only plan
06:00+12:00+18:00 rolling
Saving or reduction

6. Time-Varying Price Scenarios

6.1. Price Forecast and Scenario Construction

The price layer uses the average of the same time interval
over the previous 14 days. The 365-day price series has a
minimum of 0.0076, a mean of 0.7575 and a maximum of
1.7936 CNY/kWh. Historical price residuals are paired with
load residuals by day so that the scenario retains the
dependence between net load and price. A positive floor of
0.001 CNY/kWh prevents an artificial negative price.

A _i Hg
Par = 3 Zj=1Pa-jt

(11)

()

Pa: = max{0.001,5,, + €’} (12)

6.2. Day-ahead and Intraday Price
Optimization
The day-ahead price strategy fixes the shared purchase and

storage variables at 00:00, while the intraday strategy updates
photovoltaic information at 06:00, 12:00 and 18:00. Both
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= 10000 A
3 5000
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0 6 12 18 24
Time of day (h)
Emergency purchase / kWh Interpretation

636,769.98 No intraday correction
117,452.29 Feedback-corrected plan
81.55% Relative to baseline

strategies use the same power balance, storage bounds and
charge-discharge exclusivity. The day-ahead objective
combines ordinary purchase with scenario-weighted
emergency cost; intraday updates minimize the remaining-
horizon adjustment, emergency-purchase and tie-breaking
terms. The remaining-horizon update uses the same 1.5/0.5
adjustment coefficients and fivefold scenario-weighted
emergency term.

min Zt opt‘h +7 Zs 12»: op(S)h(S) (13)

The day-ahead and intraday strategies cost 17,277,452.76
and 17,288,271.78 CNY, respectively. The intraday strategy
reduces emergency purchase from 285,846.08 to 175,26545
kWh, or 38.6854%, but total cost increases by 10,819.02 CNY,
or 0.0626%. The difference is a useful warning: lower
emergency purchase does not guarantee lowertotal cost when
adjustment fees and price timing are included. Figure 4
compares annual cost and emergency purchase; Table 4 gives
the corresponding values, while Figure 5 illustrates a
representative-day profile.
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Figure 4. Annual cost and emergency-purchase comparison under the two time-varying-price strategies.
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Figure 5. Representative day showing load, PV, storage and ordinary purchase under the price strategies.

Table 4. Price-scenario comparison.

Strategy Total cost / CNY
Day-ahead price strategy 17,277,452.76
Intraday price strategy 17,288,271.78
Intraday minus day-ahead +10,819.02

7. Integrated Evaluation and
Conclusions
The four settings share a common physical and accounting

core but answer different information questions. The
deterministic schedule measures the pure value of storage

Emergency purchase / kWh Relative result

285,846.08 Lower total cost
175,265.45 38.6854% less emergency energy
-110,580.63 Cost rises 0.0626%

when the day is known. The historical-error scenario
measures the cost of preparing for forecast residuals. Rolling
correction measures the value of state feedback after
execution. The price scenario measures the economic value of
updated tariff information when adjustment and emergency
costs are both present. Table 5 consolidates the results across
the four information settings.
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Table 5. Integrated results under the four information settings.

Information setting Main result

Full-information intraday

Historical-error day-ahead
purchase

06/12/18 rolling correction

Time-varying price intraday

The modeling contribution is the common accounting
boundary. Every comparison retains the same ten-minute
conversion, storage efficiency, operating range, charge-
discharge exclusivity, nonnegativity and terminal-state
convention. Only the information available at the decision
time changes. This prevents a lower cost from being
incorrectly attributed to a new physical device when it
actually comes from forecast access or a different settlement
rule.

Numerical verification also supports the reported results.
Recomputed energy balances, storage recursion, feasible-
state transitions and cost components agree to numerical
precision. The conclusions are therefore limited to the
terminal-storage, no-sale and empirical-scenario assumptions
used in this study. Battery degradation, network constraints,
reserve markets and forecast distributions beyond the
historical sample are not represented by the available data and
should be added before deployment.

8. Conclusions

This study supports the computational feasibility of a
unified physical and accounting framework for electricity-
purchase and storage scheduling in a PV-storage microgrid.
Using one ten-minute ledger, it applies linear programming,
finite-state dynamic programming and scenario optimization
to four information settings while retaining a common power
balance, storage range, efficiency and terminal-state
convention. The 334-day evaluation, together with numerical
checks of energy balance, storage recursion, feasible-state
transitions and cost components, supports consistent
comparison at the tested resolution.

The full-information schedule costs 35,126.95 CNY, 26.90%
belowthe no-storage baseline; historical-error scenarios yield
14,731,085.32 CNY over 334 days. Rolling updatesat 06:00,
12:00 and 18:00 reduce cost by 13.8589% and emergency
purchases by 81.55%. Under time-varying prices, intraday
updating cuts emergency purchases by 38.6854%, while total
cost increases by 0.0626%. These findings show that storage,
forecast feedback and tariff information should be assessed
together when designing practical purchase policies.

The present findings are limited by the terminal-SOC, no-
export, fixed-efficiency and empirical-scenario assumptions,
and by the omission of battery degradation, network
constraints, reserve markets and out-of-sample forecast
distributions. Future work should incorporate these
operational factors and test the framework across additional
microgrids, seasons and tariff structures. Pilot deployments
can then assess update latency, operational feasibility and
realized cost savings under real-time data.
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