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No Contents

1 Forecasting with Temporal Hierarchies

2 Deep Learning & Foundation Models for Forecasting
3 Exploratory Time Series Analysis

Why bother? The statistical argument

Parameter estimation uncertainty

Let’s forecast ice cream sales: as itis well known ice-cream sales are-independent of
temperaturefweather/price, so we have a demand with a constar—jt mean of 100}:1(! some

randomness. e :
o This ig wmkmpwe|

* As they are independent of everything, the mean is the correct model. The only question is to
estimate the correct mean (and variance).
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Multiple Aggregation Prediction Algorithm

If we want to go fancy, we would consider linear, spling, or other exotic interpolations. However, we are
now imposing a model on our data even before we start modelling. That is not a great idea.

Instead, we take an information argument: The forecasted points in the more aggregate levels contain all
the best available information up to that period. When the information is updated, then we get a new
forecast. Therefore, to interpolate, we only replicate the same value.

(We will return to this and show that this is actually not a random cheice and comes out of the equations
naturally.)




Towards Forecasting with Temporal Hierarchies

We are using non-overlapping temporal aggregation, so we can easily visualize each aggregation from
the original sampling fregquency to the most aggregate as a hierarchy
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Observe that some possible aggregation levels are missing:

= Whatis the maximum? Annual makes some sense, because most information is already filtered at
that level, but t is not necessary to reach or stop there.

= The in-between levels that would result in fractional seasonality (e.g., aggregate every five months)
are avoided. We do not have to, but if we would include these, we would need to have models that
can deal with that and also expand the hierarchy so that there is at least one level that everything
connects to (not necessarily the top level!)

Uniform spacing across range
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No Papers
(‘4¥ &) Future Electricity Demand of Data Centers

1 in South Korea : Based on the Basic Plan for Electricity
Supply and Demand =[E2] H1

5 Long-term Total Load Forecasting using a Functional
Regression Model

3 Stochastic Modeling of Electricity Demand on
Multiple Time Scales

4 Spatiotemporal Solar Forecasting Using a Single Sky
Imager and Satellite Data
Adaptive Probabilistic Forecasting for Wind Energy

5 Based on Generalised Logit Transformation and
Bayesian Method

6 Long-term Forecasting Model for the State of a Zonal
Electric Power System

-
emperature Effect((‘r,‘,,): Chang et al. (2016) — Model (1)
r

@ Temperature effect o; is modeled as:

a0
o = /;20 St(8)ge(s) ds

where:

@ fe(s): temperature density on day ¢
e g:(s): unknown temperature response function

@ g:(s) is approximated using Fourier Flexible Form (FFF) basi

y 9
ge(s) = E cis® + E [e1;5 cos(2mjFs) + c2; sin(275s)]
i—0 F=1




ctricity mand in Gr Britain

Half-F v El in G (2011-2023)
With Fitted Linear Trend and Weekly Average Demand

= Fitted Linear Trend —— Weekly Average Demand

Evaluation: Point Forecasts

Table 1: Forecast Errors and Diebold-Mariano Test Statistics

Model RMSE MAPE DM: Proposed vs. LCCC  DM: Proposed vs. RW

Proposed 4249.1  14.27 4.8162~*~
LCCC 5215.3 17.40 -_—
RW 5845.6 17.87 -

Proposed 2481.5 6.44 40.692"*"
| W ol &l o 3611.0 9.27 =
RwW 7091.3 21.44 -

3.3637""

48.975"""

Proposed 2561.5 7.82 101.28"" 134.11%"~
I 4123.9 12.22 - ot
RW 6142.9 18.40 il

4 with
Note: Table 1 displays the fcr_oe.__-nn; m‘::\d Di payiriig t.‘-; el (Diebotd Marianc test).
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Methodology

the future cloud cover to provide
the temporal dimension of the
forecast.

3-D Cloud Characterization:
Identifies the three-dimensional
structure of clouds to
spatial variability (i.e., ramps).
irradiance Analysis: Estimates
the expected irradiance levels
across the spatial domain.
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Causal Propagation

= Sharp and multi-scenario observation
generation is 1tial for inr
= clear 1S
cloudy and clear pixels (i.e., ramp detection).
- Hulﬂ-mr:agllo- se‘g) praa‘%nt plauillzisbtllg i
itcomes tailore: specific a|
a;fg.. Stochastic EMS o%eraﬁonff" Po.-rll;lo el:::’
- Diffusion models meet both requirements, °°t“"€ ]te.t“] ic
making them a natural choice. P 2. E3llt2

= Challenges: t € 1t,,t3]
= How can we evaluate cloud cover forecasts —
against actual observations usin(gﬂa multi- E:
scenario schemﬁ (plxel-le\?lel metrics
sk pr

Context
t € [t,. 521

= Cansuchmr be 1ed on multi-
pers ive cloud cover inputs? (e.g., Paletta et

al., 2023)
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Importance of accurate 3-D Clouds

= The combined use of ground-based sky imagers and satellite data
enables moving beyond ground-level pixel assumptions in satellite
products (e.g.. parallax effects) and the flat cloud assumptions of sky
imagers. This can significantly reduce errors in the localization of

ground-level cloud shadows (Vallance et al., ICEM 201 8).
Cloud Scene 3-D cloud reconstruction

- k]
= (Credits: Philippe Btanc) *
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Final Forecasts LAERE

= Shadow maps are converted into
clear-s| inc?ex maps K,? » which are
then transformed into irradiance
maps using a clear-sky model (e.g..,
McClear).

- Spat&a_l and temporal interpolation
of K¢ is applied to meet user
resolution requirements if needed.

= GTI can be estimated by using:
1. Decomposition models (e.g.,
Ineichen et al., 1992)
2. Transpositi LS.
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Systemic Risks and Contagion Effects in China’s
1 Regional Electricity Exchange Network : A Differential
DebtRank Model
How do Smart Aging-Friendly Policies Affect Elderly
5 Households” Energy Consumption? Casual Evidence
and Policy Scenario Simulations from
Intergenerational Technology
3 A Study for Forecasting Solar Energy Power
Generation
1 Nationwide = Weather = Impact on  Photovoltaic
Generation Forecast
Development of Operational PV Generation Forecast
5 Model in Korea Based on CNN and K-means
Clustering Method
News-driven Load Forecasting : Generative Agents
6 and Large Language Models for Unstructured Data
and Event Analysis

S Z i M Research Methods

XIDIAN UNIVERSITY

Eoput

As shown in Figure, in the power exchange network, when a regional
node is impacted, the shock can be transmitted through power exchange
<channels to directly connected nodes. These nodes, once impacted, may further
transmit the risk to other nodes, ing a ing effect that
triggers systemic risk.

To address the risks posed by seasonal and extreme weather events and to
ensure the safe and stable operation of the power system and reliable
electricity supply, various i ana icipalities in China maintain a
certain number of emergency backup coal-fired power units based on their
actual needs.

Therefore, when the loss of input power is less than the available backup

power, the local power system can effectively withstand external shocks,
— Ppreventing the spread of risk to other regions. However, when the loss of input

+ Production + (Spare) = Use + Output » § B e
power exceeds the backup capacity, the backup units will prioritize local

electricity demand, reducing the amount of power exported. At this point, the

external shock may directly or indirectly spread to connected regions,

ing into ic risk.







Two Intersecting Meg

|
Population Aging Crisis
@ 310 million people aged 60+ (22% of Carbon Neutrality Goals J
population) @ Peak CO, emissions by 2030 ]
@ From aging society to " moderate aging” @ Carbon neutrality by 2060 ‘
in just 22 years @ Home energy systems have an important
@ Projected 400+ million elderly by 2035 place in carbon reduction
(30%)

Improving elderly welfare typically increases energy consumption, potentially conflicting

with carbon reduction goals |

ies Affect Flderhs Ho:

liano Yichan

Elderly Households Consume More Energy?

Pure Aging Effect: Increased sensitivity to temperature, more time at home

Health- Related Consumption: Medical devices, monitoring equipment

Family Structure Effect: Smaller households -5 loss of scale economies

Cohort Effect: Different generations have different consumption patterns

How can smart aging policies overcome these structural drivers of increased energy
consumption?

o Smart Aging-Friendly P f) Eiderly Ho:

Introduction

Enecrgy consumption by source. Soulh Korea

e Korea's energy consumption continues to increase, and most of the materials for
energy production are imported.
Solar PV in major countries accounts for about 5% of Korea's total power
generation, compared to 12% in Germany and 10% in Japan.
Solar power generation is slowly increasing in the proportion of total power
generation because solar power plants are continuously being installed across the
country and the capacity of facilities is increasing.
of -/ ind ke /unity /potal /main /EachDtiPageDetail do?idx__ced—=1330)
Share in Korea (https:// e /
(hetps:/ frnares. _de/SharedDocs. Eny/2024 _SMARD)
Japan(https: / i a. + o

D
Facility capacity in Koera(htips://recloud energy.or kr/m/present /presentOl__01.do)
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l Data and Method

|- Data description
= Geostationary satellite data (GK-2A)
- Downward Shortwave Radiance (Jang et al, 2019)
* Spatial resolution: 2 km x 2 km
= Temporal Resolution: 10 min

|*E =0.221 + 0.08, r2 = 0.84,
= When irradiance is high, PV efficiency tends to be underestimated

= When | is high, temperature tends to be high

Result
- When Temperature is combined r2 increases by 5%
E=0241-005T + 0.16

(0.89)
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Forecasting Japanese Recessions Using Machine Learning

and Mixed-Frequency Data
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Dea- Park.

We would like to thank you for vour attendance and participation at the 45th Intemational Symposium on
Forecasting, which took place in Beijing, China from June Z9-Juby 2, 2025, Your presentation entited was a
weicome addition to the conference program: We thank wou for presenting.

The I5F is hosted by the international Institute of Forecasters, the pre-eminent organization for scholars znd
practitioners in the field of forecasting. The |IF is dedicated to stimulating the generation, distribution, and uss
of knowledge on forecasting in 3 wide range of fields.

We hope you enjoyed the world-rencwn speakers, stimaulating research shared and the many networking
opportunities provided at the I5F We ance again thank you for your participation.

Sincerely,

A

Laurent Femara, IIF President
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n . 2024 United States Data Cor1"
2 Tronds in Provious Studies *Source: om0z 202000
Bottom-Up Modeling
 iuiates neroy consumplion based on detailed data of servers.
nd installed base.
_ Alows granular analysis but hig
updates.

equipments,
=

nly dependent on data accuracy and

Top-down Modeling
Uses agaregated national or regional consumption statistics to infer infrastructure.

neads,
- Costeficient and easy to apply but limited in reflecting technological shifts.

| Extrapolation
- Projscts fulure energy use base
s 9y use based on growth rates or service demand indicators.
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