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Abstract— A scalable system for estimating regional flexibility in
distribution grids is presented, focusing on building-level demand
response and thermal demand forecasting. The method integrates
open-source mapping, building metadata, and time series
foundation models to generate representative historic data and
optimize flexibility calculations. Target buildings are identified,
their physical characteristics estimated and relevant time series
data retrieved for forecasting. Flexibility is quantified by
aggregating demand response potential and optimizing power
requirements across buildings. Statistical tuning and retrieval-
augmented generation address data sparsity and scaling
challenges. Results show improved forecast accuracy and
flexibility quantification, supporting effective grid planning and
increased consumer participation in flexibility schemes. The
system enables utilities to assess and activate regional flexibility,
aiding renewable energy integration and grid reliability.

Index Terms—Demand response, Foundation models, Power
distribution networks, Retrieval augmented generation

I. INTRODUCTION

Increasing renewable energy (RE) curtailment is a global
issue. In Japan, curtailment due to supply-demand balance
began in 2018 and non-firm grid connections, to address
congestion, were introduced in 2022. More regions now face
limitations at distribution substations which lack sufficient
reverse power flow, restricting further RE integration.

Japan's renewable energy generation relies heavily on PV,
which accounts for 10% of annual output in 2024, while wind
power contributes only 1.2% due to limited wind-suitable
areas. With forests covering 67% of the land, policies promote
rooftop PV and use of idle land to balance expansion with
forest conservation. As most new PV installations will connect
to distribution grids, grid reinforcement or demand-side
flexibility is needed. However, the absence of methods to
estimate flexibility based on regional user profiles hinders
quantitative assessment of grid reinforcement and local
consumption potential. This research aims to develop a
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scalable approach to estimate regional flexibility and its
activation costs.

Several advanced tools exist to estimate regional electricity
demand and renewable energy deployment. For instance, SP
Energy Networks' DFES (Distribution Future Energy
Scenarios) uses local demographic and industrial projections to
provide detailed insights, but relies on extensive proprietary
data, limiting scalability [1].

Distribution grid planning also employs building-level
estimates using regional statistics and forecasts for heat pumps
(HP) and EV chargers, generating high-resolution time series
for PV generation and energy use, however, expanding this
approach necessitates updated data processing rules [2].

ETH’s EnerPol simulates multi-scale demand by
integrating traffic models yet requires significant regional data
collection and calibration [3]. Given these limitations, we
established the following requirements for regional flexibility
estimation tools:

Region: The region used in the analysis is the geographic
boundary at the substation level, this varies across Japan but in
the relatively rural study area this is maximum of 40 to 60MW.
Flexibility: Estimated by triggering demand response at set
times, comparing costs with and without it and summing results
across users to assess overall potential.

Targets: Connected consumers with controllable demand
response as not all buildings or devices are suitable. For local
PV production, users with high demand and DR-controllable
devices to optimize flexibility are prioritized, even if fewer
qualify. As such the current focus is on those with substantial
thermal needs for refrigeration or hot water.

Flexibility estimation can use either a top-down method,
which profiles regions, or a bottom-up approach, which
optimizes individual DER operations [4]. This study uses the
top-down method to analyze buildings and demand patterns,
then applies the bottom-up approach to quantify flexibility
based on those profiles, estimating regional flexibility as the
sum of economically rational DR from EMS-equipped users.



Recent reviews show deep learning (LSTM, GRU, CNN,
Transformers), ensemble ML (RF, XGBoost), and hybrid
statistical-Al models now dominate energy demand
forecasting, with superior accuracy and adaptability [5].
Reference [6] highlights computational and communication
challenges in bottom-up flexibility envelope estimation. We
developed a flexibility model for distributed computing and
hierarchical aggregation to overcome some of these problems.

Section II of this paper presents the overview of data driven
energy demand profiling and the optimal operation-based
flexibility quantification. Section III presents the evaluation
results of the proposed methods and prototype application. We
conclude in Section IV with a summary.

II. IMPLEMENTATION

A.  System overview

This section provides an overview of the developed system
for flexibility estimation, a schematic is shown in Fig. 1. The
approach has several steps: 1) a calendar range of 1 — 14 days
ahead is chosen. 2) A distribution area is selected. 3) Target
buildings in the area are extracted based on predetermined tags
available in mapping APIs e.g. supermarket, nursing home,
hospital, family restaurant, and hotel. API query response is
then cross-referenced to offline Japanese building metadata and
returns building lists, class tags, locations, and footprint
polygons. 4) For each building, the polygon is used to calculate
floor area, building height is estimated from this and other
metadata, then total floor space is found by dividing height by
3m (average Japanese floor height) and multiplying by the
single floor area. 5) For each building, metadata, seasonal data,
and total area are used to select short representative time series
from a knowledge base. These are combined to form a single
recent historic input, usually covering the week before the
chosen calendar date and input into the forecasting model. 6)
Thermal demand forecasts for each building are passed to
refrigeration or heat pump models. Numerical optimization
determines the minimum cost and demand response power
needed at each time step and flexibility is calculated by
summing all building power requirements in the region for each
interval. 7) results are visualized via a UI.
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Fig. 1. Schematic overview of flexibility estimation tool.
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B. Modelling challenges

Time series analysis (TSA) is crucial for making decisions
based on trends and patterns of data in many business domains
and is a core requirement of flexibility estimation. The
prevailing approach often suffers from two problems.

1) Lack of standardization for modelling approach

Time series analysis tasks, such as forecasting, classification,
and anomaly detection, often require specialized models for
each building type or device. This approach is inefficient and
limits scalability and generalization for regional applications.

2) Data sparsity

Specialized models depend on closed data, which is often
unavailable or limited. Even with access, models may not adapt
well to new cases, resulting in poor performance across
different tasks.

C. Time Series Foundation Model

To mitigate these issues a foundation model approach was
used.

1) Hitachi CITRAS

Recent TSFMs, such as Timer and TimesBert, have enabled
zero-shot forecasting on first-seen time series based on
temporal dynamics. However, they cannot utilize covariates
that represent external factors affecting future values, such as
weather or calendar information. In contrast, CITRAS [9]
flexibly incorporates these covariates into a decoder-only
transformer, thereby enableing forecasts based on temporal
dyamics and external infleunce. We utilized a pretrained
version of CITRAS as our TSFM, which can generalize across
domains without requiring task- or building-specific model
training.

2) TS-RAG application

In most zero-shot TSFM applications, recent real historic
data is assumed to be available as input at inference time. In
the practical setting considered here, however, closed behind-
the-meter data from devices is difficult to obtain for individual
consumers and infeasible to collect at scale for regional
applications. As a result, the system operates in a cold-start
deployment setting, where data sparsity arises at the forecast
input stage rather than during model training. To address this,
we propose the use of Time Series Retrieval-Augmented
Generation (TS-RAG) to construct a representative historical
input sequence for TSFM inference. In contrast to typical TS-
RAG applications that augment real historical inputs, retrieval
here substitutes for missing history to enable forecasting under
these conditions. Retrieval-Augmented Generation (RAG)
uses relevant information from an external knowledge base for
use in downstream model tasks. In this system, the knowledge
base consists of homogeneous, semi-anonymized open EMS
data [10], enabling a straightforward retrieval process as
illustrated in Fig. 2. Building metadata from the mapping API
query (e.g., building type, floor area, and target date range) is
used to retrieve and filter candidate time series sequences,
which are normalized, dissimilar samples are then excluded
based on RMSE.
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Fig. 2. Overview of straightforward data retrieval method implementation.

The retrieved time series are then aggregated using a
lightweight attention-based encoder—decoder mixer. Given 1—
10 retrieved EMS time series, the encoder computes similarity-
weighted attention scores and produces a single latent
sequence that lies in the same space and units as the input data
(kWh at hourly resolution). The mixer is trained offline using
a standard supervised learning loop, where the mixed sequence
is decoded back to the retrieved series and optimized using a
reconstruction loss. The TSFM (CITRAS) is not required
during mixer training and remains fixed and pretrained, it is
not fine-tuned or adapted. At inference, only the encoder
component of the mixer is used to generate a single
representative historical time series, which is passed directly to
the TSFM for forecasting the selected date range. The resulting
thermal demand forecasts for each building are subsequently
used in flexibility estimation and optimization.

D. Flexibility optimization and calculation

Flexibility modeling aims to simply express power and
energy with demand response (DR) as a “virtual storage
battery.” This raises the following challenges:

1. Unlike a physical battery, a DER such as a heat pump
is primarily operated to deliver a service. As a result,
its flexibility is conditional on its operating state, and
the equivalent virtual battery parameters, including
state of charge, power, energy, and cost, are not fixed.

2. Increasing parameters to represent time-varying power
or energy complicates aggregation and allocation.

3. Methods requiring revisions to existing DER operation
models make it difficult for DER users or aggregators
to adapt easily, preventing societal implementation.
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Fig. 3. The flexibility supply curve and stepwise aggregation.
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Regarding challenge 1, we defined a “flexibility supply
curve” using three metrics: unit price, power, and duration.
This is a supply curve, common in electricity trading,
augmented with a duration axis. In the flexibility supply curve
on the left of Fig. 3, for a given incentive (flexibility unit price),
the height of the rectangle corresponds to the power (kW) as a
virtual battery and the area corresponds to the energy (kW-h).
The kW maximization mode and the kW+h maximization mode
correspond to power-type batteries and energy-type batteries,
respectively. The advantage of the flexibility supply curve is
that when aggregating multiple DERs focused on a specific
flexibility unit price, the corresponding rectangles can be
extracted and stacked in a stepwise manner, as shown on the
right of Fig. 3, enabling easy aggregation as virtual batteries
with discrete durations.
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Fig. 4. The idea for DR cost definition based on DER operation planning.

Regarding challenge 2, calculating such a flexibility supply
curve requires identifying acceptable demand response for a
given incentive while satisfying the DER's intended usage. Fig.
4 illustrates this concept. While a downward DR is used as an
example here, the same applies to upward DR.

DERs equipped with EMS are generally operated to
minimize operating costs under given constraints, which is
termed the base operation plan. DR operation plans differing
from the base operation plan increase operating costs. The
additional cost of the DR operation plan relative to the base
operation plan represents the activation cost of the flexibility.
If the activation cost is less than or equal to the flexibility
incentive, the user can accept those DR operation plans. This
idea is expressed as the following DR constraints.

KdirectionCunit(Wbase Factivate WFactivate)nduration

= Zf Yusage fo - Zf Yusage beasef > (1)

Wbasef - Wf = Wbase Factivate WFactivate’
f = {Factivate +1,- 'Factivate + (nduration - 1)} . (2)

where the constant Wy,,s. ¢ and the variable wy is electricity
demand at time frame f in the base operation plan and DR
operation plan, respectively. The variable ngyration 1S the
number of sustained frames for DR duration. The constant
Kgirection represents a downward or upward DR when set to 1
or -1, respectively. Cynic 1s the given flexibility unit price.
Yusage s 18 the given electricity usage charge at frame f .
Fctivate 18 set to indicate the frame of DR activation. The left-
hand side of (1) represents the incentive income for DER users,
while the right-hand side represents the DR activation cost
mentioned above. In addition, the DR power is constrained to



remain the same throughout its duration by (2). The rebound
effect can be managed by additional inequality constraints
between Wy,se ¢ and wy in the specific time window.

Furthermore, under these constraints, the DR objective
function that maximizes flexibility becomes:

max. Kdirection (Wbase Factivate WFactivate)nduration

—KpaseObjpase- 3)
where Objy4se 1S the objective function of the base operation
plan and Ky, is the parameter for the linear weighted sum.
The first term of (3) represents maximizing DR energy while
the second term represents the cost-minimizing DR operation
plan against redundancy under sufficient incentive. Equation
(3) is defined for kW-h maximization mode, while kW
maximization mode can be defined by excluding ngqyration -
Though these equations are described using quadratic
programming for the variables wy and ngyration» they can also
be described using the mixed integer linear programming.

Regarding challenge 3, as seen in equations (1), (2) and (3),
the original base operation plan with device/comfort
constraints does not require modification in the calculation of
the DR operation plan. That is, the DR operation plan can be
implemented as an additional module that calls the operation
planning algorithms for various DERs or combination of DERs,
making use of existing software assets. Furthermore, this
approach is expected to contribute to reducing iterative
calculations by using the solution of the base operation plan as
the initial solution for the DR operation plan.

III. RESULTS

Results are presented as two sections, A) covering forecast
accuracy of the TS-RAG implementation and B) Flexibility
calculation.

A. Demand Forecasting

Thermal demand forecasts are generated using a recursive
approach, where each day’s forecast uses a seven-day input
window, as forecasting progresses, previous predictions replace
historical data. While longer horizons are possible, practical
deployment is currently limited to one week, with a maximum
horizon of two weeks. It is important to note that when recent
historical data is available, direct TSFM (as well as more typical
TS-RAG implementations) inference would be expected to
outperform the current approach. In the target deployment
setting considered here, however, such behind-the-meter data is
unavailable prior to deployment. TS-RAG therefore enables the
use of a pretrained TSFM by constructing a representative
historical input under cold-start conditions. A key objective of
this work is to achieve a forecast error of <35%, corresponding
to the maximum allowable error for PPA subsidy eligibility and
consumer participation in flexibility schemes. Fig. 5 shows
unscaled and normalized demand forecasts for four
supermarket size categories. Direct comparison of unscaled
forecasts reveals large variation in raw energy error across sizes,
with an average error of 72%, driven primarily by
overestimation for the largest building.
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Fig. 5. Unscaled raw (left) and normalized (right) demand forecasts.

Normalizing by total daily energy substantially improves
shape accuracy, reducing average error to 10%, indicating that
occupancy-driven temporal patterns are well captured, while
absolute power scale remains sensitive to unobserved factors
such as efficiency, building age, and device characteristics.
Applying statistical scaling using limited closed datasets further
reduces raw energy error to 23% and normalized error to 7%
(Fig. 6), meeting the threshold required for business feasibility.
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Fig. 6. Scaled raw (left) and normalized (right) demand forecasts.

Additionally, we compare the proposed TSFM-based approach
against a conventional boosting ensemble trained separately
for weekdays, Saturdays, and Sundays, with multiple
regressors aggregated per day type. While effective for single-
building forecasting, this baseline requires maintaining
multiple models and does not scale naturally to regional
deployment.

Under the same evaluation and scaling procedure, TSFM
(with RAG) consistently outperforms the boosting ensemble
across size categories, reducing median MAPE from 31.05%
to 26.38% (—17%) and RMSE-based error from 34.19% to
30.41% (—11.0%) for statistically scaled data.

B. Flexibility optimization and calculation

Flexibility modeling is evaluated by single DER simulation.
We examined the DR behaviors and price signal requirement,
focusing on a HP. The rated power is 17 kW, and the base
operation plan is optimized for the market-linked charge shown
in Fig. 7 (a). DR operation plans for flexibility unit prices of 2
and 4 JPY/kWh are shown in Fig. 7 (c1) and (c2), respectively,
while (d1) and (d2) show the corresponding thermal balances.
Thermal demand follows the case study for a nursing care home
in the heat pump guidebook [11].

Graphs (cl) and (c2) both represent DR operation plans
with an activation time of 14:00. For each flexibility unit price,
upward DR of 3.7 kW x 2 hours and 5.1 kW x 5 hours was
achieved. The decrease in operational efficiency due to DR and
rebound, along with differences in electricity charges, leads to



increased operating costs. Because these factors are nonlinear
as shown in the graphs (a) and (b), the DR quantity does not
increase linearly with the flexibility unit price.
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Fig. 7. Examples of DR operation planning for a hot water HP.

The daily operation costs of the base operation, DR
operation (cl), and (c2) are 17,499 JPY, 17,598 JPY, and
18,469 JPY respectively. For DR operation (cl) and (c2), the
cost increase relative to base operation is 99 JPY and 970 JPY
respectively, equivalent to the flexibility incentives. This result
indicates that the DER user can perform economically rational
DR with a small signal price. Such quantification provides
crucial insights for grid operators seeking to utilize DERs as an
alternative to grid reinforcement.

C. Prototype application

We have prototyped a web application combining the
technologies described above. This features a Ul for selecting
distribution areas, dates, and building types, and performs map
rendering of identified buildings, demand forecasting, and
quantification of flexibility as shown in Fig. 8.
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Fig. 8. Overview of the regional flexibility estimation tool.

Fig. 9 illustrates the stepwise aggregation of flexibility within
the region view of the graph in the lower right corner of the tool.
The horizontal axis represents the activation time of flexibility,
and the vertical axis represents the corresponding power. The
differently colored bar graphs represent durations of 1, 2, and 3
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hours, respectively. Comparing graph (a) and graph (b), it was
confirmed that in kW maximization mode, the power tends to
be higher while the duration is shorter, whereas in kWh
maximization mode, the energy tends to be increased by
extending the duration.

(a) kW maximization mode (b) KW-h maximization mode

1hour M 2hour W3 hour 1 hour M 2 hour M 3 hour

mlllliuununnui\ 1l i
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Fig. 9. Comparison of kW and kW-h maximization modes.

IV. CONCLUSION

The paper introduces a system for estimating building-level
grid flexibility, featuring data collection, profiling, and time
series demand forecasting. It employs statistical tuning and
retrieval-augmented generation to manage data sparsity and
scaling, resulting in better forecast accuracy and flexibility
assessment. The approach supports renewable integration and
is scalable. Future work aims to enhance models, broaden the
knowledge base, improve retrieval methods, and develop new
flexibility calculations for industrial use.
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