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Abstract

The increasing deployment of distributed energy resources is rapidly
expanding the flexibility available in power systems (e.g., shifting
consumption or storage in response to price signals), creating sig-
nificant computational challenges for large-scale coordination. We
present SCALFLEX, a scalable heuristic framework for efficient op-
timization of distributed flexibility. SCALFLEX approximates new
optimization tasks by reusing previously computed solutions for
similar load profiles, enabling high-throughput scheduling with lim-
ited optimality loss. We evaluate the framework in two applications:
(i) large-scale household battery scheduling under dynamic pricing,
and (ii) the computation of hourly grid tariffs to reduce peak demand
through coordinated flexibility shifts. Using data from over 2,000
households and more than 100,000 optimization tasks, SCALFLEX
achieves up to 18X higher throughput than a linear programming
baseline while remaining within a few percent of optimality. These
results show that computation-aware heuristics enable scalable
coordination of distributed flexibility and tariff-driven mechanisms.
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1 Introduction

The rapid deployment of solar photovoltaic (PV) systems and bat-
tery energy storage systems (BESS), driven by the global energy
transition, is transforming many households into prosumers capable
of consuming, generating, and storing electricity. These resources
provide flexibility by enabling households to shift consumption
across time, for example by charging during low-price periods and
discharging during peak demand [9]. At the same time, increasing
electrification and the growing integration of inverter-based renew-
able resources are placing significant stress on distribution grids,
creating a need for scalable coordination of distributed flexibility.

Motivations. Addressing limited grid capacity, excess gener-
ation, and peak demand through infrastructure expansion alone
would require prohibitively high investments. Improving the uti-
lization of existing infrastructure has therefore become a critical
challenge. Dynamic electricity pricing, in particular flexible grid
tariffs that adapt to demand conditions, has emerged as a promis-
ing mechanism to shift consumption and reduce peak loads. Com-
pared to alternative flexibility mechanisms, grid tariffs are simple
to implement, can be applied at scale, and provide direct economic
incentives to end-users. However, designing effective tariffs is com-
putationally challenging, as it requires anticipating the aggregated
response of large populations of prosumers. In practice, this in-
volves repeatedly solving large numbers of cost-optimization prob-
lems under different pricing signals, leading to thousands of tasks
that must be processed within tight time constraints.

Contributions. To address the aforementioned challenges, we
propose SCALFLEX, a scalable heuristic framework for large-scale,
repeated flexibility optimization tasks. By leveraging previously
solved tasks, the framework efficiently approximates large volumes
of cost-optimization problems while maintaining near-optimal so-
lution quality. Our main contributions are: (1) a scalable framework
that significantly improves throughput and response time com-
pared to Linear Programming (LP) based optimization, and (2) an
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Algorithm 1: GridFlex iterative tariff computation

Input :User set H, time horizon T, base grid tariff price
Output:Grid tariffs gt (¢) forallt € T
Initialize gt (t) « O forall ¢ € T;
bestPeak < oo, streak < 0;
repeat
Run BatFlex for all h € H using grid tariffs g¢;
Compute aggregated demand load(¢) forall t € T;
pd — max;er load(t); // compute peak demand
if pd < bestPeak then
| bestPeak — pd, streak « 0;
else if pd > bestPeak then
| streak « streak +1;
else
\ break; // peak demand has not changed
foreach t € T do
r « load(t)/pd;
gt(t) +=a - f(r);// where f(r) is a step function with
thresholds at f(0.80) = 1/10, f(0.85) =1/4,
£(0.90) =1/2, £(0.95) =1, and £(0.99) =2; f(r) =0
for r <0.8.
16 until streak > 3;
17 return gz;
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efficient approach for simulation-based computation of dynamic
grid tariffs. The framework can support multiple optimization appli-
cations. We demonstrate its applicability through two use cases: (i)
BatFlex, which computes battery operation decisions for large pop-
ulations of prosumers, and (ii) GridFlex, which computes grid tariffs
by iteratively simulating aggregate prosumer responses to pricing
signals using BatFlex. While we focus on two use cases for brevity,
the framework generalizes to other scenarios such as peer-to-peer
energy sharing [1, 5, 6] and power-based cost optimization [4].

Outline. § 2 and § 3 start by presenting the studied cost optimiza-
tion tasks handled by our framework. § 4 then details SCALFLEX’s
design and architecture as well as the novel heuristic approach. § 5
evaluates its performance against a baseline under various config-
urations. § 6 discusses related work, and § 7 concludes the paper
and outlines future directions.

2 Energy Applications

We present two applications used to evaluate SCALFLEX under large-
scale flexibility optimization workloads.

BatFlex. BatFlex provides battery optimization as a service to
a large population of prosumers. Each user seeks optimal battery
usage decisions (charge, discharge, or idle) to minimize electricity
costs over a given time horizon. For each user, the application com-
bines historical consumption data, PV and battery characteristics,
electricity prices (e.g., day-ahead markets), and solar intensity de-
rived from weather data. When required, inputs are forecast over
the target horizon. Each user request corresponds to a separate op-
timization task, resulting in thousands of tasks that must be solved
efficiently.

GridFlex. GridFlex (Alg. 1) supports DSOs in designing time-
varying grid tariffs to mitigate peak demand. Grid tariffs act as
local signals that complement wholesale market prices, helping to
prevent congestion by incentivizing load shifting. Designing such
tariffs is computationally challenging, as it requires anticipating
the aggregated response of a large number of flexible users. As a
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usecase of our framework, we propose a simple strategy to dynam-
ically design grid tariffs, namely an iterative approach assuming
prosumer-level battery scheduling based on costs. In more details,
starting from an initial tariff (e.g. no grid tariff), user responses
are computed (via BatFlex), the resulting load profile is evaluated,
and tariffs are adjusted to penalize peak periods using heuristi-
cally chosen steps. The objective is to minimize aggregated peak
demand (after the tariffs are applied) while avoiding unnecessary
price increases. The number of iterations is unbounded as long as
peak demand continues to decrease. Following our design, Grid-
Flex provides a representative example of a strategy requiring the
computation of large numbers of optimization tasks.

3 Energy Cost Optimization

We formalize the core problem addressed by ScALFLEX as a set of
optimization tasks. We first introduce their definition, then present
an LP formulation in § 3.2 to compute optimal decisions. We de-
scribe in § 3.3 a greedy approach [2, 7] commonly used to reduce
computation time. LP will serve as baseline, while our approach
falls back to greedy decisions if needed.

3.1 Optimization Tasks

A cost-optimization task determines battery usage decisions for
a prosumer over a time horizon discretized into intervals (e.g.,
15 minutes or 1 hour). Each task is defined by time series data
including electricity consumption, solar generation, market prices,
and battery constraints.

The objective is to minimize the electricity cost, defined as (refer
to Table 1 for the definition of all variables):

cost(h, t) = elpyy(h t) - (price(t) - tax + prax + gt(t))
— else(h,t) - (price(t) + pnet)

For clarity, we omit subscription fees or peak-based grid tariffs,
as our focus is on computational scalability.!

The electricity balance is defined as el ;(h, t) = elcons(h, t) —
elgen(h, t), where electricity generation is derived from the solar
intensity profile and PV capacity as elgen(h,t) = sun(h,t) - PVj.
In the absence of storage, the problem is trivial: consumption is
directly matched by grid transactions. With PV but no battery,
excess generation is either consumed locally or sold to the grid.
The optimization problem becomes non-trivial when a battery is
available, as decisions must balance storage, consumption, and grid
interaction over time.

3.2 Linear Programming (LP) formulation

We formulate the problem as a Linear Program, following [5-
7], to compute optimal battery decisions {baty, (¢)};eT over a time
horizon T = [tsqart, teng] for a prosumer h:

e Objective: minimize ) ;T cost(h, t);

e Decision variables: {baty, (t), elp,y(h, t), else(h 1) }reTs
e Constraints:

(1) Vt € T, baty(t) 2 0, elpyy(ht) > 0, elgey(h, t) > 0,

!More complex pricing schemes would further increase computation time and thus
strengthen the benefits of our heuristic-driven approach.



Table 1: Nomenclature; all variables are non-negative except
for the cost, possibly negative for net sellers.

cost(h,t) Electricity cost (€) for user h at time t.

elgen(h, t) Electricity sold (kWh) to the grid by user A at time t.
elpyy(h,t) Electricity bought (kWh) from the grid by h at time .
elgrig(h, t) Grid interaction (kWh): elp,y (h, t) — elsyi(h, t).
sun(h,t) Solar intensity (kWh/kWp) for user h at time .
elgen(h, t) Electricity generated (kWh) by user h at time ¢.
elcons(h, t) Electricity consumed (kWh) by user h at time ¢.
elpqi(h t) Electricity balance (kWh) for user h at time ¢.

price(t)  Electricity price (€/kWh) at time ¢.

gt(t) Grid tariff (€/kWh) at time ¢, 0 if not used.

PV, PV capacity (kWp) of prosumer h.

baty(t)  Battery level (kWh) of prosumer h at time &.

By Battery capacity (kWh) of prosumer h.

Phs p; Maximum battery dis-/charging (kWh per timestep).
Ptax Fixed electricity tax (€/kWh).

Pret Revenue (€/kWh) from selling electricity.

tax Relative tax factor applied to the market price.

(2) Battery bounds and charging limits:
e 0 < baty(t) < By,
o —p, < baty(t) —batp(t - 1) < py,
(3) Energy balance:

baty, (1) = baty(t — 1) + elpgr (h, t) + elpyy(h, t) — elgy(h, t),

with initial battery level baty, (fsiqrr — 1) given as input.

3.3 Greedy Decisions

A common alternative is a greedy (myopic) strategy [2], which pri-
oritizes local battery usage over grid interaction. At each timestep,
consumption is first met using stored energy with surplus energy
stored in the battery or deficit energy taken from the battery, and
the grid is used only when necessary. The battery evolution is
defined as:

bat (1 max(0, baty(t — 1) —elpqi(ht)), ifelpg(ht) =0,
atp (1) = min(By, baty(t — 1) — elp,i(h,t)), otherwise.

Grid interactions follow from the battery change, with surplus
energy sold (when the battery is full) and deficits purchased (when
the battery is empty). While computationally efficient, this approach
ignores current and future price variations and may lead to subop-
timal decisions.

4 A Scalable Heuristic Framework

We present SCALFLEX, a scalable heuristic framework for efficiently
solving large volumes of cost-optimization tasks. § 4.1 provides an
overview of the framework, § 4.2 describes its implementation, and
§ 4.3 details the proposed heuristic.
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Figure 1: ScALFLEX’s design with data sources (handled by
the applications using the optimization framework).

4.1 System Overview

ScarFLEx (cf. Fig. 1) processes cost-optimization tasks by combin-
ing external data sources with a scalable optimization backend.
Each task computes optimal flexibility decisions for a prosumer
based on time-dependent inputs such as consumption, generation,
and pricing. The framework relies on three main data sources: (i)
weather data, providing solar intensity time series to estimate PV
generation; (ii) price data, including electricity prices and/or grid
tariffs; and (iii) household data, describing consumption profiles as
well as PV, battery capacities and charging limits. Architecturally,
ScaLFLEX comprises two main components: a database that stores
previously solved tasks and their solutions for reuse, and an op-
timizer that processes tasks using either exact (LP) or heuristic
methods (§ 4.3).

4.2 System Architecture

We implement SCALFLEX as a client—server system in Python (v3.8),
designed for high-throughput processing of optimization tasks. As
illustrated in Fig. 2, the system leverages multiprocessing to enable
concurrent task handling. Applications (e.g., BatFlex or GridFlex)
act as clients, generating cost-optimization tasks (“opt. tasks”) for
individual prosumers. Each task encapsulates the required inputs,
including consumption and generation profiles, as well as PV and
battery characteristics. The server orchestrates task processing.
Clients maintain two parallel threads: one for submitting tasks to a
shared problem queue and another for retrieving solutions from a
shared solution queue. Both queues enable efficient communication
between clients and the server and are implemented using Redis
(https://redis.io/). Task execution is handled by multiple worker
processes. Each worker retrieves a task pby, from the queue and
determines how to solve it based on the contents of the database.
If no prior solutions are available, the task is solved using [5], i.e.,
an LP solver relying on pyomo’s wrapper over cbc solver? by de-
fault. Otherwise, the worker applies the proposed heuristic method
(Alg. 2), leveraging previously computed solutions to accelerate
computation.
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Figure 2: ScALFLEX’s software architecture.

get closest_matches()
apply heuristic (best match)

Handle-Household-Request(pb:):
create T slices of pb

keep best of heuristic/greedy

return heuristic-decisions(pb,

Algorithm 2: HANDLE-HOUSEHOLD-REQUEST(pby,)

Input :pbp optimization task of a household h.
Global variable:pb_db sorted lists of solved slices with solution.
Parameters 1K', K, y, Ws, Wa (cf. Table 2).

Output :costy, best_dec  cost/decisions for household h.
dec_seq, best_dec, eu_list «— {}, {}, {}; // empty lists

slice_cost «— oo, init_bat < 0;

/* Calculate the total number of windows to create

N

3 total windows <« len(pby)/Wy, bat_level < init_bat;
4 if pb_db ={}then
5 ‘ return SOLVE-WITH-LP(pbp,);
6 for i =0 to total windows do
7 start, end «— i * Wy, min(start + Ws, len(pbyp,));
8 db «— EXTRACT-SEGMENT(pb_db,start, end) ;
/* Create slice of pby for the desired period
9 Pbn_s < CREATE-SLICE(pby,, start, end); // s-th slice of pby
10 target_netload <~ COMPUTE-NETLOAD(pby,_s);
11 pbp_s.avg < COMPUTE-AVERAGE-NETLOAD(pby, _s);
12 candidates «— cLoSEsT-MATCHES(db, K’, pby, _s.avg);
13 foreach cand € candidates do
14 cand_netload «— cOMPUTE-NETLOAD(cand);
15 dist <— EUCLIDEAN-DIsT(target_netload, cand_netload);
16 eu_list.append(cand, dist);
/% Select K candidates based on euclidean distance
17 top_cand « sELECT-TOP(K, eu_list, dist)
18 foreach s_cand € top_cand do
/* Calculate battery levels for pbj slice
19 bat_dec «— CALCULATE-BATTERY-LEVEL(s_cand, pby_s);
/* Compute decisions using battery levels
20 result <~ COMPUTE-DECISIONS(pby, _s, bat_dec, bat_level)
21 if result < slice_cost then
22 slice_cost «— result;
23 ‘ dec_seq < bat_dec;
24 if dec_seq # { ] then
25 (greedy_cost, greedy_dec) «— GREEDY_ALGO(pby, _s);
26 if greedy_cost < slice_cost then
27 dec_seq < greedy_dec;
28 nb_greedy_used <— nb_greedy_used +1;
29 best_dec.append(dec_seq[start, min(start + Wy, end)]);
30 if nb_greedy_used > y then
/* LP is applied when y threshold is exceeded
31 return SOLVE-WITH-LP(pbyp,);
32 bat_level < GET-LAST-ELEMENT(best_dec);

33 return COMPUTE-DECISIONS-COST(pby,, best_dec, init_bat), best_dec;

*/

*/

*/

*/

*/
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Table 2: ScCALFLEX parameters used in the evaluation.

Parameter Description Values

K’ Candidate end-users 25, 50, 100, 150, 200
Selected end-users 5, 20, 40, 60, 80

Y Greedy threshold 0.3,0.4,0.5,0.6

Ws Window size 48

Wy Window advance 24

4.3

ScaLFLEX accelerates task processing by reusing previously com-
puted solutions for similar optimization tasks, identified based on
their load profiles. Solved optimization tasks are stored in a database
segmented by time period to ensure consistency with time-varying
prices. Given a new task pby, of length len(pby,) = |T|, the frame-
work retrieves similar past tasks based on the average net load over
the T timesteps:

Heuristic-based approximation

pby.avg = % 3 elya(h).
teT
To better capture temporal variations, the task is divided into
shorter overlapping slices using a sliding window of size Ws and
advance W4. Each slice is processed independently using candidate
solutions from the corresponding database segment.

Approximate solution. For each slice, a two-step selection identi-
fies similar past solutions, i.e., to save O(len(pby,)) distance compu-
tations, K’ candidates are first retrieved using average net load (via
a sorted index); then the K closest are selected based on Euclidean
distance between load profiles. The selection is performed using
unnormalized data, which yielded better results in our experiments.
For each candidate /’, battery trajectories are adapted by scaling to
the target capacity while ensuring charging bounds, setting baty, (t)
as:

max {min {W, batp(t —1) + p;l'} , batp(t—1) - p}:} .
Battery difference is then derived and grid interaction follows:
elgria(h.t) = elpq(h,t) +baty (t) — baty,(t — 1). The resulting cost is
computed using Equation 1, and the best candidate is retained. To
improve robustness, the greedy solution (§ 3.3) is also evaluated for
each slice, and the lower-cost option is selected. The window then
advances and the process repeats for all slices. If the fraction of
slices solved using greedy decisions exceeds a threshold y, the entire
task is recomputed using the LP solver; otherwise, the assembled
heuristic solution (cost and decisions) is returned.

Database update. Whenever a task is solved using the LP solver
(e.g., when the database is empty or upon heuristic failure), it is
decomposed into slices and the corresponding optimal solutions
are stored in the database for future reuse.

5 Evaluation

We evaluate SCALFLEX against an LP-only baseline (which corre-
sponds to ScaLFLEX with the heuristic method deactivated) on

2COIN-OR Branch and Cut solver, https://github.com/coin-or/cbc.
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Figure 3: ScALFLEX throughput evaluation for various configurations; client rate of 8 pb/s, 1 month of data per opt. task., 2

workers.
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Figure 5: Avg. processing time and MPE between ScaALFLEX
(heuristic) and baseline (LP); client rate 200 pb/s, 2k opt. tasks.
(left axis processing time, right axis MPE)

large sets of cost-optimization tasks of different lengths, focusing
on computational efficiency and solution quality.

5.1 Experimental Setup

Experimental platform. Experiments are conducted on compa-
rable commodity hardware representative of practitioner environ-
ments: a 12-core CPU with 16,GB RAM for BatFlex and a 14-core
CPU with 32,GB RAM for GridFlex (different systems were used
due to hardware availability).

Data. We use real consumption data from 2,221 households [7],
all equipped with PV and battery systems, following [6, 7]; hourly
timesteps are considered with pz = p, = By. We refer to [6] for
set prices, taxes and fees. To avoid additional forecasting errors,
historical data is used as input to BatFlex. We vary (i) opt. task
length (48h to 1 year), (ii) the number of tasks (500 to 100k) and
(iii) ScALFLEX parameters (cf. Table 2). A configurable client rate
controls task ingestion speed.
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(s) for different opt. task lengths and worker processes.

5.2 Performance Metrics

We evaluate: Throughput (pb/s): no. of tasks (problems) solved per
second; Latency (s): end-to-end response time; Processing time
(s): server-side execution time; Solution quality: Mean Percentage
Error (MPE) vs. LP optimum.

5.3 Results

5.3.1 BatFlex application. Parameter selection. As shown in Fig. 3a,
lower values of K and K’ and higher reliance on the heuristic
(larger y), improve throughput, while larger candidate sets improve
accuracy at the cost of computation time. Fig. 3b further shows
that increasing K and K’ expands the search space and reduces
throughput. Parameters are thus empirically selected (K = 20,
K’ = 200, greedy threshold y = 0.5) to balance throughput and
accuracy.

Efficiency vs. accuracy. Figures 4-6 use overlapping bars for the
baseline and ScaLFLEX to emphasize relative improvements, with
percentage gains shown above the bars. SCALFLEX consistently
achieves higher throughput and lower latency than the baseline
across all task sizes (Fig. 4). Throughput decreases with task size
due to higher computational load and the increased difficulty of ap-
proximating long-horizon decisions. As shown in Fig. 5, ScALFLEX
achieves up to 16X faster processing for medium-sized tasks (1
month). For larger horizons, the speedup decreases (to ~ 2x for
yearly tasks) due to increased complexity and additional slice pro-
cessing and database lookups. This gain comes with a trade-off:
MPE increases with task size, reaching ~ 16% for yearly tasks,
reflecting the limits of decision reuse over long time horizons.
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Figure 6: ScALFLEX throughput (pb/s) (with % increase over
baseline) for different number of optimization tasks.

< 10000 {
2 —0
T 7500 1
c
&
& 50001 /L
~
3 2500 | | ' —— —®— No grid tariff
—e— GridFlex (Baseline-LP)
g GridFlex (Scalflex)
El
= 2001
5
a
S
[=2)
3 1001
= s o o—o—8—o —— o o
L T T T T — T T
0 10 20 30 40 50

Figure 7: Calculated peak demand by GridFlex and system
throughput; 500 end-users with 1 week of data each.

Scalability. Fig. 6 shows that SCALFLEX scales effectively with
the number of tasks, reaching ~ 120 pb/s (+90% over the baseline).
As the workload increases, the database of prior solutions grows,
improving the effectiveness of the heuristic and reducing reliance
on LP solves. Despite this, solution quality remains high, with MPE
staying below ~ 5% even at 100k tasks.

5.3.2  GridFlex application. For GridFlex (Alg. 1), we use SCALFLEX
with K = 5, K’ = 20, y = 0.66, 12 workers and a = elsqy. Fig. 7,
presenting the peak demand without grid tariffs and the peak de-
mand obtained with LP and ScALFLEX, shows that for comparable
performance in reducing peak demand (average reduction of -17.2%
for LP and -21.6% for SCALFLEX), SCALFLEX achieves between 20%
and 380% higher throughput. For a shorter time window of 48h
(Fig. 8), the throughput gains are even more pronounced (10-18%
improvement for 500 or more end-users), while the relative peak
demand difference between the two was always at most 0.2% under
this setting.

6 Related Work

A large body of work addresses cost optimization and flexibility
management in residential systems, including appliance schedul-
ing, battery management, and renewable integration [1, 11]. Many
approaches rely on forecasting techniques to anticipate prices or
demand and optimize consumption accordingly [8]. LP formula-
tions are commonly used to compute optimal decisions for energy
dispatch and storage [3], but their computation cost grows rapidly
with problem size. Distributed and decomposition-based optimiza-
tion methods, including ADMM-based approaches, have also been
proposed to improve scalability in flexibility coordination scenar-
ios [10]. In parallel, recent work has explored coordination mecha-
nisms such as peer-to-peer energy sharing and community-level
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Figure 8: Application throughput by GridFlex; 10-10k end-
users with 48 hours of data each.

optimization [2, 7]. While these approaches demonstrate the bene-
fits of coordinated flexibility, they also highlight a key limitation:
solving large numbers of optimization problems remains computa-
tionally challenging. Our approach centers on reusing previously
computed optimal decisions instead of relying solely on distributed
iterative optimization or greedy heuristics.

7 Conclusion

This paper presented SCALFLEX, a scalable heuristic framework that
improves the efficiency of cost-optimization tasks by reusing pre-
viously computed LP solutions. Beyond individual optimization
(BatFlex), SCALFLEX enables iterative design of grid tariffs (Grid-
Flex), supporting large-scale flexibility coordination. Experiments
show that ScALFLEX achieves orders of magnitude higher through-
put than an LP baseline, while maintaining near-optimal accuracy
(within 3-5%). Therefore, computation-aware heuristics can enable
scalable flexibility optimization. Future work includes extending
the framework to multi-user coordination and investigating how
GridFlex can support additional grid objectives.
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