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1. Introduction

The accelerating energy transition and the in-
creasing complexity of urban energy systems re-
quire modern, scalable, and analytically robust
data infrastructures. Traditional legacy data
environments, characterized by fragmented ar-
chitectures, manual processes, and limited scal-
ability, are no longer sufficient to support ad-
vanced analytics, forecasting, and policy-driven
decarbonization strategies.

This thesis addresses this gap by the imple-
mentation of a Snowflake-based Intelligent Data
Platform to support long-term energy transition
planning within a regulated utility context. The
research adopts an exploratory single-case study
approach and develops a governed and repro-
ducible architecture based on a structured Lo-—
Li1-L2 framework.

2. Context and Literature Re-
view

2.1. The Data Management Chal-
lenge

Smart utilities generate massive volumes of het-
erogeneous data from smart meters, IoT sen-
sors, and SCADA systems. The literature iden-
tifies "data silos" and "information asymmetry"

as primary barriers to efficiency. Traditional
databases struggle to handle the variety and ve-
locity of this data, leading to fragmented opera-
tions where critical decision-making information
is locked within specific departments [1][2].

2.2. Cloud Platform Architecture

To overcome these limitations, the industry is
shifting toward cloud-native architectures that
decouple storage from compute. The liter-
ature highlights "Industrial Data Operations"
(DataOps) and the creation of "foundational
digital twins"—systems that organize raw sig-
nals around equipment and topology rather
than rigid tables—as best practices. This ap-
proach supports the creation of semantic layers
that standardize definitions across business do-
mains, facilitating the transition from descrip-
tive reporting to predictive analytics [3].

2.3. Forecasting Evolution

While statistical models (e.g., ARIMA) remain
useful for stable, aggregated baselines, the lit-
erature suggests a pivot toward Machine Learn-
ing (ML) and Deep Learning (DL) to manage
the non-linearity introduced by Electric Vehicles
(EVs) and heat pumps [4][5]. However, a pre-
requisite for deploying these advanced models
is a robust data infrastructure that guarantees



data quality and reproducibility [6][7].

3. Methodology and Architec-
ture Design

The proposed architecture ensures traceability,
scalability, and governance by organizing data
flows into three logical layers instantiated in the
Snowflake environment.

3.1. The Lo—Li-L2 Framework

e Lo — Landing Layer: Serves as the
raw ingestion layer, preserving the original
structure and semantics of source systems
(e.g., API payloads, CSV uploads). This
guarantees data immutability and full re-
processability.

e L1 — Integration Layer: Performs histor-
ization, validation, and harmonization of
data across a unified temporal dimension.
Time-travel capabilities allow analysts to
reconstruct past scenarios by querying data
as it existed at a given timestamp.

e L2 — Business Layer: Exposes certified
Facts and Dimensions. It hosts the domain
logic of the Modello TE, producing vali-
dated KPIs under strict governance rules
to ensure a “single version of the truth.”

3.2. Data Integration and Determin-
istic KPI Generation

The Proof of Concept integrates four heteroge-
neous but complementary data domains into a
governed analytical pipeline: SIDES (energy
consumption metering), CURIT (heating sys-
tem registry), CENED (energy performance
certifications via API), and manual business
inputs (expert-defined scenario parameters his-
torized in L1).

The architecture harmonizes them within the
Lo-L1-L2 framework and transforms them into
certified KPIs through deterministic procedures
materialized in the L2 fact table.

Three core transformation logics operationalize
this integration:

e Consumption Workflow (SIDES):
Monthly electricity, gas, and district
heating data are filtered (e.g., residen-
tial vs. non-residential, voltage levels)
and aggregated into standardized annual
KPIs, ensuring consistent energy vector
comparability.

e Installed Power Workflow (CURIT):
Heterogeneous technology labels from the
regional registry are reconciled into stan-
dardized Modello TE categories.  This
enables coherent calculation of installed
power shares by technology and building
type.

e Certification Workflow (CENED):
API-derived building certification data are
processed to compute the municipal effi-
ciency mix (e.g., high-efficiency heat pumps
vs. conventional boilers), anchoring sce-
nario modeling to empirically observed
baselines.

Manual business inputs are injected at the in-
tegration layer to govern scenario parameters
(e.g., renovation rates, impact coefficients), en-
suring that all analytical outputs remain trace-
able and reproducible.

The full orchestration of these data sources and
transformation workflows within the Snowflake
architecture is illustrated in Figure 3 (Ap-
pendix).

4. Implementation of the Mod-
ello TE

To demonstrate how the Modello TE trans-
forms complex data transformations within the
Snowflake Lo—Li—Lz2 framework, this section de-
tails the deterministic calculation logic for one
component for reading porpouses. The item
is the heating-related electricity consumption,
specifically focusing on high-efficiency domestic
electric heat pumps.

4.1. The “Modello TE” Calculation
Logic

The computation is a structured and de-
terministic chain of intermediate Key
Performance  Indicators  (KPIs)  mate-
rialized in the certified L2 fact table
L>_F_MODELLO_TE_TD_TEM. This
approach combines thermal demand base-
lines, technology mix coefficients, conversion
parameters, and historized manual scenario
inputs.

4.1.1  Manual Input Injection

The calculation begins by integrating expert-
defined parameters historized in the L1 layer to



ensure governance and traceability of scenario
assumptions.
Two primary manual inputs are injected into the
model for the reference year:
e KPI 236: Square meters per housing unit
(surface area).
e KPI 224: Impact factor on consumption
for high energy class buildings.
These factors are stored with explicit times-
tamps in L1, ensuring that all assumptions are
fully auditable.

4.1.2 Derived Intermediate Baseline

Consumption

To establish a baseline consumption level, the
model computes KPI 233, representing the av-
erage heating consumption per housing unit for
electric heat pumps.

KPI 233 is computed as:

KPIo3p - 139

KPIy33 = KPlyss

* YkWh/smc (1)

Where:

e KPIs3p = Heating consumption of tradi-
tional boiler (10 smc) - Sourced from L2,
derived from district heating consumption.

e KPIs35 = Performance Coefficient for lower
class efficiency (3) - Manual input coeffi-
cient stored in L2 from Lai.

e aj39 = Efficiency (85%) - Manual input co-
efficient stored in L.

® YiwWh/sme = Unit conversion factor (10.69
kWh/smc) - Manual input coefficient stored
in L1.

By formalizing the SQL logic into Equation (1),
the deterministic nature of the Modello TE be-
comes explicit, demonstrating that each KPI
materialized in L2 is a traceable mathematical
transformation of upstream quantities and con-
trolled parameters. This design explicitly dis-
tinguishes between:

e Operationally certified physical quantities
(SIDES/CURIT/CENED),

e Business-controlled scenario assumptions
(manual inputs).

4.1.3 Final KPI Materialization for the
Reference Year

Once intermediate KPIs are materialized, the
domestic heating electricity consumption per

residential unit for high-efficiency electric heat
pumps is computed as KPI 194.
The deterministic logic combines:

KP1194 = KP1224 X KP1233 X KP]:236 (2)

Where:
e KPIlyyy = High-efficiency impact factor
(28%)
e KPIs33 = Average heat-pump heating con-
sumption
e KPIy3s = Average dwelling surface area
(88m2)
The resulting value is written into the certified
L2 table under transactional control, ensuring
consistency and atomicity of updates.

4.1.4 Projection Logic for Future Years
(2025—2050)

The Modello TE explicitly separates the refer-
ence year, denote as tg, corresponding to the
current year minus one. From projection years
in order to forecast the long-term impact of heat
pump adoption.

The drivers of future electricity demand is the
penetration rate of heat pumps in residential
units, captured by KPI 212 and the change in
high-efficiency heat-pumps over time in residen-
tial units captured by KPI 218.

Initialization (Base Year). For the refer-
ence year, KPIs1o is obtained using the in-
formation stored in L2 (CURIT) and KPIyg
is anchored to empirically observed data in-
gested from the regional energy certification
API (CENED).

Future Projections (¢t > tg). The propaga-
tion logic for KPIsio is materialized for each
projection year through a deterministic trans-
formation of upstream certified KPIs in the L2
layer.

For KPI515(t) can be formalized as:

KPlIy1o(t) = KPIyg(t) x KPIggo(t)  (3)

Where:
e KPIy5(t) = Number of residential units
equipped with electric heat pumps.
e KPIyp(t) = Share of residential units
adopting electric heat pumps.



o KPIyy(t) = Total number of residential
units.
For KPI5ig, the penetration rate is not extrap-
olated independently. It uses the penetration
year and the previous year:

KPIng(t) = KPI218<t - 1) + TRQIS(t> (4>

Where:
o KPIy5(t) = Share of high-efficiency electric
heat pumps at year ¢
e TR913(t) = Annual technological restruc-
turation aiming for 100% by 2025
However, to ensure consistency of the total tech-
nology mix (sum equal to one), KPI 218 is si-
multaneously constrained by:

KPlIais(t) = 1 — (KPIa1g(t) + KPIaao(t)) (5)

Where:
e KPIy9(t) = Share of medium efficiency
heat-pumps
e KPIyyo(t) = Share of low efficiency heat-
pumps

4.2. Separation of Physical Drivers
and Diffusion Dynamics

A key architectural principle of the model is the
explicit separation between:
e Physical consumption drivers (KPI
194),
e Technology diffusion dynamics (KPI
218, KPI 212).
This separation enables planners to simulate
“what-if” scenarios by modifying diffusion pa-
rameters without altering the consumption
model.
As a result, the total high-efficiency heat-
pumps for domestic electric heating consump-
tion evolves according to:

= KP1194 X KPIng(t) X KP1212 (t)

4.3. Architectural Evaluation

The Snowflake-based architecture was evaluated
using a traceability matrix to map each require-
ment to its corresponding architectural or op-
erational implementation element, enabling a
qualitative assessment of coverage.

The evaluation confirms that the majority of
critical requirements for energy demand analyt-
ics are addressed by the implemented Lo—-L1-L2
framework in Snowflake. In particular:

e Data traceability: Raw data retention in
Lo and historisation in L1 ensure auditabil-
ity of all analytical outputs.

e Governance and access control: Role-
based access profiles and controlled L2
schemas enforce secure and consistent data
usage.

e Integration and analytical readiness:
Cross-domain harmonization of opera-
tional, registry, certification, and scenario
data enables unified KPI generation.

e Scalability: Snowflake’s separation of
storage and compute allows concurrent an-
alytical workloads without impacting oper-
ational processes.

Overall, the evaluation demonstrates that the
architecture substantially improves these ele-
ments compared to the legacy setup.

4.4. Emergy Transition Forecasts

(z025—2050)

Regarding the calculation of the heating-pump
consumption computed in the implemnetation
section 4. We obtained the following results at
table 1:

KPI Description 2025 2050
236 Avg. surface (m?/unit) 88 88
224 High Efficiency (%) 28.04 28.04

233 HP base cons. (kWh) 30.62 30.62

194 HP High-eff cons. 755.87 755.87
(kWh/unit)

200 House units (n.) 766635 834910
206 HP share (%) 2.94 9.43
212 HP house units (n.) 22577 78782

218 High-eff HP share (%) 59.28 100

- High-eff HP heating 10.12 59.55
demand (GWh)

Table 1: Evolution of high-efficiency residential
heat pump KPIs (2025-2050).

4.-4.1 Electricity Demand Growth

Total electricity demand increases from
6.45 TWh in 2025 to 8.34 TWh in 2050, rep-



resenting a growth of approximately 29%. The
expansion is primarily driven by electrification
trends, particularly private mobility and new
urban developments. Another remark is photo-
voltaic self-consumption partially mitigates net
growth as see in table 2 and figure 1.

Sector 2025 2050
Domestic Hot Water 13.09 203.36
Domestic Appliances 1401.15 1660.80
Non-Domestic Appliances 4202.59 4576.87
Public Lighting 36.48 36.48
Private Mobility 48.77 570.50
Public Mobility 304.93 376.47
New Urban Developments 0.00 800.80
Industrial Processes 313.21 301.73
PV Production (Self-cons.) -96.66 -527.01
Domestic Heating 26.85 59.55
Non-Domestic Heating 180.38 235.23
Total Demand 6447.95 8335.03

Table 2: Electricity Demand by Sector (GWh)
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Figure 1: Total electricity consumption (TWh),
2025-2050.

Total Energy Consumption Evolu-
tion

4.4.2

As shown in Table 3 and Figure 2, the urban
energy mix undergoes a structural transforma-
tion between 2025 and 2050. Electricity de-
mand increases, while natural gas consumption
declines sharply by nearly 49%. In contrast,
district heating expands by over 60%, reflecting
network development and fuel substitution dy-
namics. The relative share of electricity grows
from 39.7% to 57.8% of total final energy con-
sumption, confirming a progressive electrifica-
tion of end uses. Overall, the results highlight a
clear vector substitution process, with electric-
ity emerging as the dominant energy carrier by

2050.
Energy Vector 2025 2050 Change
Electricity 6447.95 8335.03 +29.27%
Natural Gas 0042.63 4642.36  -48.67%
District Heating 771.25 1243.39  +61.21%

Table 3: Total Final Energy Consumption by
Vector (GWh) (2025-2050)

Total Consumption Electricity Total Consumption Gas @ Total Consumption TLR
18

R

12

55.6% 41.5%

Figure 2: Total final energy consumption by en-
ergy carrier (TWh), 2025-2050.

4.5. Governance and Reproducibility

Although L2 output tables are overwritten to
provide the latest forecast, full reproducibility is
guaranteed because manual inputs, operational
data, and transformation logic are historized in
Li. Any past forecast can be deterministically
reconstructed.

5. Conclusions

5.1. Strategic Contribution

This thesis demonstrates that data moderniza-
tion is a strategic enabler of energy transition
planning. The research addresses a fundamental
challenge: establishing a governed, scalable, and
reproducible data foundation capable of sus-
taining long-term electricity-demand analytics
within a regulated utility environment.

5.1.1  Architectural Impact

The implementation confirms measurable im-
provements in data accessibility, cross-domain
integration, and analytical reuse. Com-
pute—storage separation enables workload isola-
tion and scalability without compromising op-
erational stability. Importantly, reproducibility
is embedded structurally through historization
and governed parameter management, ensuring



that forecasts can be reconstructed determinis-
tically over time.

5.1.2 Decision-Support Enablement

The Modello TE operationalizes this architec-
ture into a transparent decision-support system.
Since it operates as a transparent “white box”
planning tool, enabling scenario testing and im-
mediate impact visualization.

5.2. Limitations and Strategic Impli-
cations

Results are grounded in A2A, one company con-
text and may not generalise directly to all en-
ergy companies.

The findings must be interpreted within the con-
text of data maturity and its effectiveness re-
mains dependent on the completeness source
data. Data modernization therefore requires
sustained governance and quality initiatives
alongside platform deployment.

Furthermore, the evaluation focused on batch-
oriented planning workflows rather than real-
time streaming scenarios, and performance was
assessed through architectural behavior and not
stress testing.

These constraints reflect the proof-of-concept
scope of the study.

5.3. Positioning and Forward Out-
look

While existing literature predominantly concen-
trates on improving forecasting techniques, this
thesis focuses on making such models opera-
tional at scale. The contribution lies in bridging
the gap between modelling theory and company
execution, specifically in Milan, Italy.

The results indicate that the architecture pro-
vides a robust foundation for future extensions,
including the integration of machine learning
workflows within a controlled and auditable en-
vironment. In this sense, the transition to
Snowflake is not simply a technical migration,
but a structural upgrade that enhances strate-
gic readiness for the evolving energy transition
landscape.
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Figure 3: Procedural and data-layer architecture of the MODELLO_ TE domain in Snowflake.
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