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Summary

This project presents a data-driven framework to optimize the electrification of space conditioning
in buildings. It proposes clustering models to classify over 39,000 heat pump entries into rep-
resentative groups and thermal models to estimate building-specific temperature behavior. The
models are designed for integration into the DECARB optimization framework, allowing efficient
and interpretable decision-making. While deep learning models showed strong predictive perfor-
mance, a linear regression model was ultimately selected for its compatibility with optimization
tools. The results demonstrate that simplification through clustering and interpretable modeling
can effectively support scalable building decarbonization strategies aligned with global climate
goals.

1 Introduction

Buildings represent a major source of greenhouse gas emissions, contributing about 30% of total
U.S. emissions in 2019. Of this, 12.5% came from direct fossil fuel use within buildings for space
and water heating, among other uses. Space heating alone accounted for 7%, exceeding the total
emissions of Spain during the same period. Electrifying space conditioning—particularly through
Air Source Heat Pumps (ASHPs)—is seen as a critical solution. ASHPs are efficient across a range
of climates and can provide both heating and cooling. Their large-scale deployment is central to
the IEA’s Net Zero by 2050 roadmap, which calls for a tenfold increase in global installations and
a 96% reduction in fossil fuel use in buildings.

Despite their advantages, implementing ASHPs at scale poses challenges. Their performance
depends on multiple factors, including building design, thermal characteristics, local climate, and
user behavior. This complexity demands intelligent, data-driven models capable of optimizing heat
pump adoption tailored to specific conditions.

2 Project Definition

This final degree project aims to develop a comprehensive framework to support and optimize
the electrification of space conditioning in buildings. The proposed methodology is based on
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artificial intelligence and data science, with a specific focus on the use of clustering and regression
techniques to support optimization in energy planning.

Main Goals

* Clustering of ASHPs: A clustering model was developed using the K-Means algorithm to
group more than 39,000 heat pump models into representative subsets. These clusters are
based on design temperature and ducting configuration, ensuring that the models selected
for optimization are both technically diverse and computationally manageable.

* Thermal Modeling: A model was created to predict the internal temperature of a build-
ing using time series data. Input variables included previous internal temperature, external
temperature, solar radiation, and energy consumption. Several architectures were tested,
including ARIMAX, MLP, and LSTM models.

* Integration with Optimization: The models were integrated into the DECARB.jl optimiza-
tion framework, a MILP tool developed by MIT. This allows for the minimization of energy
costs while considering realistic thermal and technical characteristics.

Results and Experiments

Different machine learning models were evaluated for their predictive power and interpretability.
Although LSTM and MLP models yielded lower prediction errors, they were discarded due to their
black-box nature and incompatibility with optimization frameworks. A simple linear regression
model was selected for its balance between accuracy and transparency.

Linear Regression Predictions
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Figure 1: Thermal model predictions using linear regression (adapted from thesis).

3 Description of the Model / System / Tool

The full pipeline developed in this project consists of two major subsystems: heat pump clustering
and building thermal modeling.



ASHP Clustering Model

The clustering model uses K-Means to classify heat pumps by technical performance metrics in-
cluding SEER, COP at different loads, and rated capacity across various temperatures. Eight sep-
arate models were trained to reflect different climate scenarios and ducting configurations. This
method reduces the complexity of choosing between thousands of models while maintaining rep-
resentative performance diversity.

To ensure practicality, cluster centroids (which are typically synthetic) were mapped to the
closest real heat pump model from the NEEP database. This guarantees that optimization outputs
remain grounded in real-world equipment.

Building Thermal Model

Thermal modeling of buildings used data from NREL’s ResStock dataset. The model predicts
hourly internal temperature based on inputs like outdoor temperature, solar radiation, energy con-
sumption, and previous indoor temperatures. After testing various machine learning methods,
linear regression was chosen for its low complexity and analytical clarity.

A sliding window approach was used for training, capturing sequences of 12 hours to pre-
dict the next temperature value. While LSTM architectures captured time dependencies more
effectively, their opacity and computational burden made them unsuitable for integration into DE-
CARB,jl.

4 Conclusion

This project demonstrates that it is possible to effectively simplify and optimize building electrifi-
cation through a combination of data-driven models and optimization frameworks. The proposed
models reduce the computational complexity of real-world scenarios while preserving meaningful
technical variability.

In doing so, this thesis lays the groundwork for scalable decarbonization strategies applicable
to thousands of buildings. Future work should incorporate behavioral modeling of occupants,
potentially through smart thermostat data, to further refine demand-side predictions.
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Resumen

Este proyecto presenta un marco basado en datos para optimizar la electrificacion de la climati-
zacion en edificios. Se proponen modelos de agrupamiento para clasificar mas de 39.000 modelos
de bombas de calor en grupos representativos, asi como modelos térmicos para estimar el compor-
tamiento de temperatura especifico de cada edificio. Los modelos estdn disefiados para integrarse
en el marco de optimizacion DECARB, permitiendo una toma de decisiones eficiente e interpreta-
ble. Aunque los modelos de deep learning ofrecieron un alto rendimiento predictivo, se opto final-
mente por un modelo de regresion lineal por su compatibilidad con herramientas de optimizacion.
Los resultados demuestran que la simplificaciéon mediante agrupamiento y modelado interpretable
puede apoyar eficazmente estrategias escalables de descarbonizacién de edificios, en linea con los
objetivos climaticos globales.

1 Introduccion

Los edificios representan una fuente importante de emisiones de gases de efecto invernade-
ro, contribuyendo aproximadamente al 30 % del total de emisiones en EE. UU. en 2019. De este
porcentaje, el 12,5 % provino del uso directo de combustibles fésiles en edificios para calefaccion
de espacios y agua, entre otros usos. Solo la calefaccion de espacios represento el 7 %, superan-
do las emisiones totales de Espafia durante el mismo periodo. La electrificacion de la climati-
zacion—especialmente mediante bombas de calor de fuente de aire (ASHPs, por sus siglas en
inglés)—se considera una solucion clave. Las ASHPs son eficientes en una amplia variedad de
climas y pueden proporcionar tanto calefaccion como refrigeracion. Su despliegue a gran esca-
la es central en la hoja de ruta “Net Zero by 2050 de la IEA, que propone multiplicar por diez
las instalaciones globales y lograr una reduccion del 96 % en el uso de combustibles fosiles en
edificios.

A pesar de sus ventajas, la implementacién a gran escala de las ASHPs plantea desafios. Su
rendimiento depende de multiples factores, como el diseio del edificio, las caracteristicas térmicas,
el clima local y el comportamiento del usuario. Esta complejidad requiere modelos inteligentes
basados en datos, capaces de optimizar la adopcidon de bombas de calor ajustdndose a condiciones
especificas.



2 Definicion del Proyecto

Este trabajo de fin de grado tiene como objetivo desarrollar un marco integral que apoye y
optimice la electrificacion de la climatizacion en edificios. La metodologia propuesta se basa en
inteligencia artificial y ciencia de datos, con un enfoque particular en el uso de técnicas de agrupa-
miento y regresion para apoyar la optimizacion en la planificacion energética.

Objetivos Principales

= Agrupamiento de bombas de calor: Se desarroll6 un modelo de agrupamiento utilizando el
algoritmo K-Means para agrupar mds de 39.000 modelos en subconjuntos representativos.
Estos grupos se basan en la temperatura de disefio y el tipo de conductos, garantizando
diversidad técnica y manejabilidad computacional.

= Modelado térmico: Se cre6 un modelo para predecir la temperatura interna de un edificio
usando datos temporales. Las variables incluyeron temperatura interna previa, temperatura
externa, radiacion solar y consumo energético. Se probaron varias arquitecturas, incluyendo
ARIMAX, MLP y LSTM.

= Integracion con optimizacion: Los modelos se integraron en el marco de optimizacion
DECARB jl, una herramienta MILP desarrollada por el MIT. Esto permite minimizar los
costes energéticos considerando caracteristicas térmicas y técnicas realistas.

Resultados y Experimentos

Se evaluaron diferentes modelos de aprendizaje automatico por su capacidad predictiva e in-
terpretabilidad. Aunque los modelos LSTM y MLP presentaron menores errores de prediccion, se
descartaron por su naturaleza de “caja negra” e incompatibilidad con marcos de optimizacion. Se
selecciond un modelo de regresion lineal simple por su equilibrio entre precision y transparencia.
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Figura 1: Predicciones del modelo térmico usando regresion lineal (adaptado del TFG).



3 Descripcion del Modelo / Sistema / Herramienta

La arquitectura desarrollada en este proyecto consta de dos subsistemas principales: el agrupa-
miento de bombas de calor y el modelado térmico de edificios.

Modelo de Agrupamiento de Bombas de Calor

El modelo de agrupamiento utiliza K-Means para clasificar las bombas de calor segtin métricas
técnicas como SEER, COP a diferentes cargas y capacidad nominal a distintas temperaturas. Se
entrenaron ocho modelos diferentes para reflejar distintos escenarios climaticos y configuraciones
de conductos. Este enfoque reduce la complejidad de elegir entre miles de modelos manteniendo
una diversidad representativa.

Para asegurar la aplicabilidad, los centroides (que son sintéticos) se asociaron al modelo real
mas cercano de la base de datos NEEP. Esto garantiza que los resultados de la optimizacién se
basen en equipos reales.

Modelo Térmico de Edificios

El modelado térmico se bas6 en datos del conjunto ResStock del NREL. El modelo predice
la temperatura interna horaria del edificio usando variables como temperatura externa, radiacion
solar, consumo energético y temperaturas internas anteriores. Tras evaluar distintos métodos de
aprendizaje, se eligié la regresion lineal por su simplicidad y claridad analitica.

Se us6 una técnica de “ventana deslizante” para el entrenamiento, capturando secuencias de 12
horas para predecir el valor siguiente. Aunque los modelos LSTM mostraron una mejor capacidad
para capturar dependencias temporales, su complejidad e ineficiencia computacional los hicieron
inadecuados para su uso en DECARB jI.

4 Conclusion

Este proyecto demuestra que es posible simplificar y optimizar eficazmente la electrificacion de
edificios mediante una combinacién de modelos basados en datos y marcos de optimizacion. Los
modelos propuestos reducen la complejidad computacional sin sacrificar la variabilidad técnica
relevante.

De este modo, se establece una base sélida para estrategias de descarbonizacién escalables
aplicables a miles de edificios. El trabajo futuro deberia incorporar el modelado del comporta-
miento de los usuarios, utilizando por ejemplo datos de termostatos inteligentes, para mejorar las
predicciones de demanda energética.
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Abstract

This project presents a data-driven framework to optimize the electrification of space
conditioning in buildings. It proposes clustering models to classify over 39,000 heat pump
entries into representative groups and thermal models to estimate building-specific tem-
perature behavior. The models are designed for integration into the DECARB optimiza-
tion framework, allowing efficient and interpretable decision-making. While deep learning
models showed strong predictive performance, a linear regression model was ultimately
selected for its compatibility with optimization tools. The results demonstrate that sim-
plification through clustering and interpretable modeling can effectively support scalable
building decarbonization strategies aligned with global climate goals.
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1 Introduction

Energy consumption in buildings is respon-
sible for 30% of total US greenhouse gas
emissions in 2019 [1]. Emissions from build-
ings can be direct, from the combustion of
fossil fuels on-site, or indirect, from the elec-
tricity used in the building. Direct emis-
sions accounted for 12.5% |[1] of total US
greenhouse gas emissions, released from the
combustion of fossil fuels for uses such as
space heating, water heating, and cooking.
Indirect emissions accounted for 18% of to-
tal US greenhouse emissions [1].

The biggest contributor to direct emissions
from buildings is space heating, responsi-
ble for 7% of total US emissions in 2019
[15]. This amount of greenhouse gas emis-
sion, equivalent to 410 million tons of CO2,
is greater than the entire national emissions
of Spain [3].

To decarbonize these buildings, there is
a wide consensus that electrification offers
the most cost-effective and scalable route
(IEA Net Zero by 2050) [5]. Mainly, the
replacement of fossil fuel-powered heating
equipment with electric alternatives, such
as Air Source Heat Pumps (ASHPs). These
heat pumps provide both heating and cool-
ing, and could be used to replace conven-
tional fossil-fueled heating equipment, such
as boilers and furnaces powered by natural
gas, oil, or propane.

While electrification does not completely
eliminate emissions, ASHPs offer a sig-
nificant reduction in emissions compared
to their conventional fossil-fueled counter-
parts. In addition, emissions from electrifi-
cation will improve as electricity generation
becomes cleaner, proving electrification of
space heating for residential buildings to be
a powerful tool for the reduction of green-
house gas emissions in the sector.

The electrification of space heating will play
a major role in the decarbonization of build-
ings [5]. Approximately 1.5 million heat

pumps are installed every month globally,
but this figure should rise to 10 million
monthly installations globally, in order to
meet the net-zero goal. The surge of heat
pump use by 2050 would cause electricity’s
share in energy consumption for space heat-
ing, water heating and cooking to go up
from 18% to more than 40% by 2050. In
addition to the new heat pump installa-
tions, 85% of buildings globally should com-
ply with zero-carbon-ready building energy
codes by 2050, meaning fossil fuel use in the
building sector must decline by 96%.

1.1 Context and Motivation

In order to optimize the decarbonization of
a building, a lot of variables come into play,
such as a building’s thermal model, the heat
pump model or even user behavior. Because
of this, powerful mathematical models are
needed in order to model and optimize a
building’s decarbonization.

An important factor such a model should
take into consideration is the wide range of
heat pumps available, and their importance
of outside temperature in order to work at
maximum efficiency. Heat pump efficiency
can drop sharply in colder climates when
outside temperatures fall below the system’s
optimal design points. The introduction of
Cold Climate Heat Pumps (CCHPs) also
makes electrification of space heating suit-
able for regions with harsh winters. A pow-
erful model capable of accounting for all the
possibilities is needed in order to optimize
the electrification of buildings.

The process of electrification also calls for
thermal models of buildings in order to
estimate each building’s thermal necessi-
ties. The thermal properties of a build-
ing’s materials (e.g., walls, windows, insula-
tion) impact its ability to retain heat, which
creates different thermal profiles for differ-
ent buildings. Building occupancy, ther-
mal mass, building location and climate are
other examples that affect a building’s ther-
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mal needs.

As shown in this chapter, powerful mathe-
matical models capable of processing all of
these variables are needed in order to op-
timize the decarbonization of buildings and
to reach the Net Zero goal by 2050 [5].

1.2 Objectives

The main objective is to capture and op-
timize the dynamics in the replacement of
fossil fuels with heat pumps through the use
of data-driven models and artificial intelli-
gence techniques. These dynamics include
the ones introduced in the previous chap-
ter, such as heat pump model and thermal
conditions of the building.

To achieve this, a series of models are pro-
posed to solve each of the aforementioned
dynamics, focusing on machine learning ap-
proaches to each of them.

Firstly, a data-driven model is proposed
for the classification and clustering of heat
pump models, focusing on design tempera-
ture to ensure the model is as accurate as
possible. This model will enable the opti-
mization of heat pump model selection for
different climates and building thermal pro-
files.

Secondly, a heavily data-focused model to
assign thermal necessities and thermal pro-
files to buildings, given each building’s dif-
ferent thermal properties. A different model
is proposed for each building, tailored to
each building’s thermal characteristics.

Finally, the implementation of the pro-
posed models in the DECARB optimization
framework, a mixed integer linear program
developed by researchers at the MIT En-
ergy Initiative, that minimizes a building’s
total energy costs. Further details on the
DECARB optimization framework are pro-
vided in Section 2

Although a machine learning model capable
of understanding user behavior was men-

tioned as an objective in the first exhibit,
this surpassed scope, and was left as a sepa-
rate project for the future, further explored
in Section [6l

1.3 Structure of the Paper
1.3 Structure of the Paper

The remainder of this paper is structured as
follows:

Section [2, “State of the Art,” presents
an overview of existing methodologies and
frameworks related to building electrifica-
tion and optimization. It specifically em-
phasizes the DECARB optimization frame-
work and identifies current limitations that
the present study aims to address.

Section [3] “Methodology,” describes in de-
tail the methodological approach adopted
for this study. It includes two main compo-
nents: the Air Source Heat Pump (ASHP)
clustering model, aimed at simplifying the
selection of representative heat pump mod-
els; and the building thermal model, devel-
oped to accurately predict indoor tempera-
ture dynamics.

Section[d] “Experiments,” outlines the series
of experiments conducted to evaluate the ef-
fectiveness and suitability of the proposed
models. It elaborates on the objectives, the
experimental setups, and the criteria for as-
sessing model performance.

Section [f], “Results,” provides a comprehen-
sive presentation of the outcomes obtained
from the experimental phase. It covers de-
tailed analyses of the clustering models and
the thermal prediction model, highlighting
performance metrics and the implications
for practical application.

Finally, Section [6] “Conclusion and Future
Work,” synthesizes the key findings, empha-
sizes the contributions of this research to the
field of building electrification optimization,
and suggests potential directions for future
investigation and model enhancement.
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2 State of the Art

Before embarking on any research project,
it is essential to examine existing frame-
works and studies that are relevant to the
project’s scope. Specifically, in the context
of electrifying space conditioning in build-
ings, the DECARB.jl framework emerges
as a critical foundation. DECARB.jl utilizes
mixed-integer linear programming (MILP)
optimization to model energy systems com-
prehensively, covering technologies such as
Combined Heat and Power (CHP), HVAC
systems, absorption chillers, water heaters,
photovoltaic panels, wind turbines, battery
storage, and electric vehicle infrastructure.

The strength of DECARB.]jI lies in its de-
tailed integration of thermal and electrical
modeling, enabling precise operational sim-
ulations and effective investment planning
for decarbonization. While existing tools
like REopt [9] and EnergyPlus [2] provide
significant contributions—REopt in multi-
technology optimization and EnergyPlus in
detailed building simulations—they do not
fully address the integrated operational and
investment optimization that DECARB.jl
offers.

Nevertheless,  certain aspects  within
DECARB.jl still remain underexplored.
Notably, there is a significant potential
in enhancing the framework through the
integration of advanced, data-driven ap-
proaches and machine learning models.
These include:

e Optimized heat pump selection
based on climatic conditions and
thermal characteristics. The cur-
rent framework adds a list of equip-
ment without tailoring representative
heat pump models to the specific
building-climate characteristics.

e Detailed building thermal model
profiling. The current setup defines
each building by a RC thermal model

based on constructive characteristics,
which has performed poor under real-
world simulation conditions.

The present paper addresses precisely these
gaps by developing targeted machine learn-
ing models intended to enrich the DECARB
framework. These models aim to opti-
mize heat pump selections, refine building-
specific thermal modeling, and explore pre-
liminary approaches to incorporating user
behavior into energy optimization strate-
gies.

3 Methodology

The work of this project has been heavily
focused on data-driven models, making use
of machine learning techniques to learn new
relationships between the used data. Specif-
ically, clustering models were used to group
together different models of ASHPs and find
representatives of the hundreds of different
heat pump models. Finally, a variety of ma-
chine learning and deep learning techniques
and models were used in order to estimate
a building’s thermal model. Each of the
models’ experiments and results will be ad-
dressed in the following sections.

All of the project’s programming was made
using Python 3.10, and popular libraries
such as Pandas [12] for data processing,
Numpy [11] for linear algebra calculations,
Scikit-Learn [14] for clustering models and
PyTorch [13] for all remaining models. All
of the project’s code can be found in the
GitHub repository |7].

3.1 ASHP Clustering Model

3.1.1 Model Design

The first objective of this study has been the
creation of a machine learning model capa-
ble of clustering different Air-Source Heat
Pumps (ASHPs) into a given number of dis-
tinct groups, each group having one heat
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pump as its representative. Due to the dif-
ferences in ASHP design temperature, mul-
tiple models were created, each for a specific
design temperature. The design tempera-
tures for which clustering models are pro-
posed are -8 °C, 8 °C, 28 °C and 35 °C, as
these are the most popular design tempera-
tures for cold and hot climates, respectively.
Under mild-temperature conditions, ASHPs
either perform efficiently or are not needed.
Additionally, two different models are pro-
posed for each ducting configuration. A
model for single-zone ducted buildings, and
a separate one for multi-zone ducted build-
ings, to ensure similar heat pumps are still
clustered together when building character-
istics change. This approach yields a total of
eight distinct clustering models, each corre-
sponding to a specific combination of zoning
configuration and design temperature. This
ensures that the selected ASHP representa-
tives remain valid and representative across
a wide range of operational scenarios.

A K-means model is proposed for the clus-
tering of ASHPs. Other clustering tech-
niques were used to ensure the most opti-
mal clustering was created, as described in
Section [l Ultimately, eight K-Means clus-
tering models were developed—two for each
of the design temperatures previously dis-
cussed. For every design temperature, one
model was trained for single-zone ducted
buildings and another for multi-zone ducted
buildings, allowing the clustering process to
account for differences in HVAC zoning con-
figurations.

The main limitation of using K-means as
the clustering method stems from the prac-
tical requirements of the problem: repre-
sentative heat pumps must correspond to
real models from the NEEP database [§].
However, K-means computes synthetic clus-
ter centroids that minimize the distance be-
tween each data point and its assigned clus-
ter center, without regard for the existence
of real heat pump entries at those centroids.
To address this, an additional selection step

is introduced in the training pipeline: for
each cluster, the heat pump that lies clos-
est to the centroid is selected as its repre-
sentative. This approach ensures that the
full set of over 39,000 heat pump entries in
the NEEP Database is reduced to a smaller,
manageable subset, while guaranteeing that
each representative corresponds to an actual
product in the database.

3.1.2 Training and Validation

In order to train the clustering models, na-
tive train functions of the Scikit-Learn [14]
library were used, trained to group ASHPs
based on various efficiency and capacity
metrics. To validate different clustering
models, the average distance from a heat
pump to its cluster center was used, to
judge a model’s clustering capabilities. Vi-
sual validation was also conducted by apply-
ing Principal Component Analysis (PCA)
for dimensionality reduction, enabling the
projection of clustering results onto a two-
dimensional space. This allowed for a qual-
itative assessment of the clustering model’s
performance and the degree of separation
between clusters.

3.1.3 Datasets

The clustering model was trained using data
on various heat pump models, carrying in-
formation like heat pump design tempera-
ture, and efficiency and capacity measure-
ments at different external temperatures.
We used the NEEP Cold Climate Air Source
Heat Pump Specification Database [§], de-
veloped by the Northeast Energy Efficiency
Partnerships, which contained all of the re-
quired data to train the model. The NEEP
Heat Pump database contains over 39,000
Air Source Heat Pump entries, and a model
was trained over this dataset in order to re-
duce this amount to the requested number
of representatives.
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3.1.4 Data Processing

To train the heat pump clustering model, a
subset of features from the NEEP Database
[8] was selected with the aim of achiev-
ing accurate grouping of heat pumps while
minimizing the dimensionality of the in-
put data. A total of seven input vari-
ables were ultimately selected for the clus-
tering model, variables that capture both
the energy efficiency and capacity perfor-
mance of the heat pump across different op-
erating regimes: the Seasonal Energy Ef-
ficiency Ratio (SEER), which measures
the average seasonal efficiency and reflects
real-world performance; the Coefficient of
Performance (COP) at minimum, rated,
and maximum loads, quantifying the effi-
ciency ratio between thermal energy output
and electrical energy input at each operat-
ing point; and the minimum, rated, and
maximum capacity values, representing
the thermal output in these regimes and
describing the unit’s flexibility and opera-
tional range. Together, these metrics enable
the model to accurately distinguish equip-
ment based on their energy behavior and
thermal characteristics, resulting in well-
separated clusters. The COP and capac-
ity variables were categorized according to
design temperature, resulting in the cre-
ation of separate datasets for each design
condition provided in the NEEP Database.
The design temperatures considered in this
study were -8 °C, 8 °C, 28 °C and 35 °C. The
reason for this selection of parameters lies
in a main physical feature of heat pumps:
the output capacity and COP declines with
the distance between the outdoor and de-
sign temperatures.

3.2 Building Thermal Model
3.2.1 Model Design

In order to model buildings’ thermal char-
acteristics and make it compatible with DE-
CARB’s current thermal model behavior, a
machine learning model capable of predict-

ing a building’s internal temperature is pro-
posed. This model uses observable data,
such as outside temperature, radiation lev-
els, heating and cooling consumption, and
previous internal temperature values. This
model behaves as a time series forecast-
ing model, predicting the building’s internal
temperature hourly timeseries one step at a
time.

To achieve this, a Linear Regression model
is proposed, to estimate each of the in-
put variables’ parameters, and subsequently
use these parameters in the DECARB op-
timization framework.  Although many
deep-learning techniques were experimented
with, a Linear Regression model was finally
chosen for the problem. These alternative
models will be discussed in Section [l

3.2.2 Training and Validation

Building thermal models, developed using
the PyTorch library [13], were trained and
validated using custom-made functions, in
order to accommodate for different training
parameters, optimizers and loss functions,
and monitor model training in real time.
The final model used for modeling build-
ing thermal characteristics was trained for
100 epochs with a batch size of 32, using an
Adam optimizer with learning rate of 1074,
and tuned using a Mean Squared Error loss.

For the evaluation of thermal profile pre-
diction models, the dataset was divided
chronologically, with the first 80% of the
calendar year data used for training and
the remaining 20% reserved for validation.
This split resulted in slightly more than two
months of unseen data for model assess-
ment. The selected validation period was
sufficient to evaluate model performance un-
der a variety of seasonal and operational
conditions, providing a reliable basis for
comparison across the different modeling
approaches.




3 Methodology

TFG - Adrian Lépez-Lanchares

3.2.3 Datasets

Models created to estimate a building’s
thermal model were all trained using
NREL’s ResStock dataset [10]. The Res-
Stock dataset contains information on thou-
sands of buildings, includng thermal infor-
mation like ducting or insulation, as well
as climate information, building heating en-
ergy consumption, building temperature,
orientation. In total, more than 300 infor-
mational variables are stored for each build-
ing, in addition to multiple time series in-
cluding hourly heating energy consumption
and building indoor temperature. As will
be explored in Section different input
variables were experimented with, includ-
ing building layout variables such as build-
ing floor area, wall material or number of
windows, and building heating energy con-
sumption.

Finally, weather data from ResStock’s
AMY2018 dataset [10] was used, specifi-
cally outdoor temperature data and direct
solar radiation data, both in hourly time
series format. All used ResStock datasets
were datasets for Massachusetts, where the
weather data used corresponded with a
given building’s county inside the state of
Massachusetts.

3.2.4 Data Processing

The majority of the data processing in this
paper was done using NREL’s ResStock
dataset [10]. As a first step, all time series
were standardized to an hourly resolution,
as the original sampling frequencies varied
across datasets. These time series include
weather data, heating energy consumption
data for each building, and internal building
temperature.

Weather data played a critical role across all
model architectures and experiments, mak-
ing its proper processing essential. The
analysis focused on two key time series: am-
bient temperature and direct normal radi-
ation, as these variables were identified as

the most influential. Preprocessing steps
included unit conversions, resampling the
data to an hourly resolution, and handling
missing values to ensure data quality and
consistency.

In addition to time-dependent data, such as
time series, the ResStock dataset [10] also
provides a wide range of time-independent
variables, including building characteris-
tics, insulation levels, and layout informa-
tion. While these static features were not
incorporated into the final linear regres-
sion or ARIMA models, they were exten-
sively explored in the development of deep
learning approaches, where they were in-
tegrated with time series data to enhance
model performance.  Specifically, time-
independent features were aggregated with
temporal inputs for training Multi-Layer
Perceptron (MLP) and Long Short-Term
Memory (LSTM) models. These models are
discussed in detail in Section @l

To predict a building’s internal tempera-
ture time series using MLP and LSTM ar-
chitectures, a sliding window technique was
applied. Each input sample consisted of
a sequence of 12 time steps (equivalent to
12 hours), corresponding to a single target
value used for supervised learning. The in-
put sequences included past values of in-
ternal temperature, external temperature,
direct solar radiation, and heating energy
consumption. Additionally, encoded time-
independent building characteristics were
appended to each sequence. The full list of
features used for this purpose is presented
in Appendix [A]

Since most of the static features were cat-
egorical rather than numerical, an encod-
ing step was necessary. Given the relatively
low number of unique categories per fea-
ture, one-hot encoding was selected to rep-
resent non-numeric variables. After pro-
cessing and encoding the time-independent
features, they were concatenated with each
temporal window to form the final input
used by the deep learning models.
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Finally, the proposed linear regression
model only takes temporal variables as in-
put, these being: Previous building inter-
nal temperature, current and previous ex-
ternal temperatures, direct solar radiation,
and heating energy consumption. This re-
sults in 5 parameters capable of modeling a
building’s thermal profile, by modeling its
internal temperature. No bias term is used
in the proposed model, as this approach
works best for the integration with the DE-
CARB optimization framework.

4 Experiments

4.1 Objectives

With the aim of determining the most ef-
fective model for each objective, a series of
experiments were carried out by changing
model architecture, parameters and data
processing approaches. Finding the opti-
mal configuration for each model guarantees
that predictions are made optimally and er-
rors are minimized.

The primary objective of all the conducted
experiments was to select the optimal model
architecture for each problem, these being
the clustering of ASHPs and the estimation
of a building’s thermal model. Selecting
the optimal model architecture proved to be
crucial, not only to minimize the model’s
error, but to ensure its complexity was low
enough, as a complex deep learning model
behaving as a black box would not work in-
side an optimization framework such as DE-
CARB.

Secondary objectives of experimentation in-
cluded data processing techniques such as
data normalization, unit conversions, and a
combination of variable selection and vari-
able importance evaluations, in order to de-
termine relevant ResStock [10] features for
thermal profile prediction.

4.2 Experiments on Models

4.2.1 Clustering Model

The primary subject of experimentation
in this section was the selection of the
most optimal clustering model architecture.
Two different architectures were selected to
study, K-means clustering and DBSCAN
clustering, as other options proved to be too
complex for the problem at hand.

Both models achieve the final result of clus-
tering a dataset, but operate on fundamen-
tally different principles. K-means cluster-
ing relies on one hyperparameter, where the
number of desired clusters is indicated. The
algorithm starts by assigning random cen-
troids for each cluster, and iteratively up-
dates the centroids until the most optimal
clustering is achieved for the given number
of clusters.

Conversely, DBSCAN clustering relies on
two hyperparameters: the neighborhood ra-
dius € and the minimum number of points
minPts. The algorithm groups together
points that are closely packed, and labels
as outliers those that lie in low-density re-
gions. Unlike K-means, it does not require
the number of clusters to be specified in ad-
vance and can identify clusters of arbitrary
shape.

Experiments using both model architectures
and different hyperparameters proved K-
means to be the most optimal architecture
for the heat pump clustering problem. Se-
lecting the number of clusters showed to be
crucial, as keeping this number relatively
low was vital to achieve a satisfactory result.
The main limitation of the DBSCAN algo-
rithm lies in the need to define a distance-
based radius parameter, which can be prob-
lematic in high-dimensional spaces, where
distance metrics often become less informa-
tive and may lead to suboptimal clustering
performance.

Regarding parameter selection for K-Means
clustering, elbow plots were used to deter-
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mine the optimal number of clusters by bal-
ancing model inertia and the simplicity of
the clustering structure.

Finally, Principal Component Analysis
(PCA) was explored as a dimensionality re-
duction technique with the aim of decreas-
ing the complexity of the input data and po-
tentially enhancing clustering performance.
However, the results showed no significant
improvement, and thus PCA was excluded
from the final pipeline in order to maintain
model simplicity.

4.2.2 Building Thermal Model

In line with the experiments carried out
for the clustering model, model architec-
ture was the primary subject of study for
the estimation of a building’s thermal pro-
file. Various approaches were used to deter-
mine the most optimal model architecture
for the problem at hand, ranging from time
series forecasting models such as ARIMA, to
deep learning models, namely Multi-Layer
Perceptron models and LSTM [4] models,
optimized for time series prediction. How-
ever, due to the complexity limitations the
DECARB optimization framework posed, a
linear regression model was ultimately se-
lected, in order to estimate a building’s ther-
mal profile with a low number of parame-
ters. Additionally, all experiments were car-
ried out for a single building, but the same
approach can be followed for all buildings in
the ResStock Dataset [10].

The thermal behavior of a building can
be modeled using a simplified lumped-
capacitance energy balance, which assumes
the building’s air volume behaves as a sin-
gle thermal node. It is important to note
that indoor temperature is not purely a
passive thermal response to external con-
ditions and internal heat inputs. In resi-
dential buildings, temperature is typically
regulated by a thermostat, which activates
the heating system when the temperature
drops below a certain threshold and deacti-
vates it when the upper threshold is reached.

This results in a control mechanism that
produces a step-like evolution of the indoor
temperature, rather than a smooth contin-
uous curve. Understanding this behavior
is key when modeling or predicting indoor
temperature, as it introduces nonlinear dy-
namics and discontinuities into the thermal
profile. The continuous-time equation de-
scribing the evolution of the indoor temper-
ature T, is:

ATy,
dt R

Tou - irm
d + thac + n- Qsolar

-

Here, C is the building’s effective thermal
capacitance (in J/K), and R is the thermal
resistance between the indoor and outdoor
environments (in K/W). The term Qppac
represents the heating or cooling power de-
livered to the building (in W), while Qsolar
corresponds to the incident solar radiation
(in W), modulated by a gain factor n that
accounts for the building’s solar heat gain
characteristics.

This equation reflects the principle of con-
servation of energy: the rate of change of in-
ternal energy is determined by the net heat
exchange through the building envelope, the
mechanical heating/cooling provided, and
the absorbed solar energy. For practical im-
plementation in a data-driven context, this
equation can be discretized and reformu-
lated into a linear regression model to es-
timate the indoor temperature over time.

711‘71,75 = 60 + Blﬂn,t—l + BQTout,t
+ ﬁi’)Tout,tfl + B4Qsolar,t

+ 55thac,t + €t (1)

where:
o T}, .—1: previous indoor temperature
o Thys: current outdoor temperature

o Toutt—1: previous outdoor tempera-

ture
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e Qsolars: current direct solar radiation

o Qnuact: current heating/cooling en-
ergy consumption

* o

error term

, B5: regression coefficients
® €4

Several modeling approaches were explored
to estimate a building’s indoor temperature,
with the goal of identifying the most rep-
resentative model for capturing its thermal
dynamics. The selected models ranged from
statistical time series methods to deep learn-
ing architectures, each evaluated for accu-
racy, complexity, and compatibility with the
DECARB optimization framework. While
complex models offered strong predictive
performance, they posed integration chal-
lenges due to their black-box nature. Ul-
timately, a linear regression model was se-
lected for its simplicity and interpretabil-
ity, but its performance was benchmarked
against the more sophisticated alternatives
to validate its effectiveness.

The first model evaluated was the Autore-
gressive Integrated Moving Average with
Exogenous variables (ARIMAX) model [6].
This time series forecasting model extends
the traditional ARIMA framework by in-
corporating external variables believed to
influence the target time series. In this
case, the exogenous inputs included hourly
heating energy consumption and outdoor
temperature, both introduced with a one-
time-step lag to account for temporal de-
pendencies. Direct solar radiation was also
included. Despite tuning input selection,
lag structure, and model order, ARIMAX
failed to adequately capture the building’s
thermal behavior, prompting a shift toward
more flexible modeling strategies.

Deep learning models were subsequently
evaluated, starting with the Multi-Layer
Perceptron (MLP). MLPs are feedforward
neural networks consisting of layers of neu-
rons, where each layer applies a linear trans-
formation followed by a non-linear activa-

tion function. Given an input vector x,
a hidden layer computes h = o(Wx +
b), where W and b are learnable param-
eters, and o is an activation function such
as ReLLU. Several MLP configurations were
tested, varying in depth, activation type,
and the use of regularization. The best-
performing architecture employed one hid-
den layer with ReLU activations and no
dropout. Figure [1] shows an MLP architec-
ture of one input layer, two hidden layers
and one output layer.

output-layer

Figure 1: Multi-Layer Perceptron (MLP)
model architecture.

In parallel, Long Short-Term Memory
(LSTM) networks [4] were explored due to
their ability to capture temporal dependen-
cies in sequential data. LSTMs use mem-
ory cells and gating mechanisms to man-
age information flow across time steps. Fig-
ure [2| shows the architecture of a single
LSTM layer. The final LSTM architec-
ture consisted of two stacked layers with a
hidden size of 32 and no dropout. Both
MLP and LSTM models received time se-
ries inputs that included lagged outdoor
temperature and heating energy consump-
tion, along with solar radiation and static
building characteristics extracted from the
ResStock dataset [10], as detailed in Sec-
tion [3.2.4f This setup reflects the building’s
thermal inertia, where past conditions influ-
ence current indoor temperature.
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Hidden state
H,, B

Figure 2: Long Short-Term Memory
(LSTM) model architecture.

To support model selection, exploratory
feature analysis was conducted to deter-
mine the most relevant ResStock variables,
with the final selection summarized in Ap-
pendix [A] While both deep learning mod-
els demonstrated promising performance,
they were ultimately rejected for use in
DECARB due to their black-box nature,
which conflicts with the framework’s re-
quirement for model interpretability and an-
alytical tractability.

As a result, experimentation focused on lin-
ear regression models. These offer full trans-
parency, are easy to implement within an
optimization context, and allow for analyti-
cal insight into variable influence. The final
linear regression model used five input fea-
tures: current and lagged outdoor tempera-
ture, direct normal solar radiation, heating
energy consumption, and the previous in-
door temperature. This feature set balanced
simplicity and predictive power, enabling ef-
fective indoor temperature forecasting while
satisfying DECARB’s constraints. The re-
sults, further discussed in Section [5], were
comparable to those of the more complex
models, demonstrating that linear regres-
sion is a viable alternative despite its sim-
plicity.

5 Results

5.1 Heat
Results

Pump Clustering

As mentioned in Section [3], the chosen model
architecture to perform clustering over the

Air Source Heat Pump (ASHP) database
was K-Means clustering. A total of 8 models
are proposed, one for each design tempera-
ture (-8 °C, 8 °C, 28 °C and 35 °C), and
for each ducting configuration (Single-zone
ducting and Multi-zone ducting).

The performance of the clustering models
was quantitatively assessed using two key
metrics: the average distance to cluster cen-
ter and the maximum distance to cluster
center. These metrics provide insight into
the compactness and representativeness of
each cluster, with lower values indicating

more coherent and tighter groupings of Air
Source Heat Pumps (ASHPs).

The following tables summarize the results
of the K-Means clustering procedure across
all experimental configurations. Table
presents the clustering performance for the
single-zone configurations, while Table
displays the corresponding results for the
multi-zone case. Each row within the ta-
bles corresponds to a specific design tem-
perature, allowing for a clear comparison of
clustering behavior across temperature set-
tings within each zoning category.

Design Temperature (°C) Avg. Distance to Center Max Distance to Center

-8 2.64 25.95
8 2.19 18.54
28 1.54 8.40
35 2.25 79.65

Table 1: K-Means clustering metrics for
single-zone configuration.

Design Temperature (°C) Avg. Distance to Center Max Distance to Center

-8 2.67 12.11
8 2.93 30.94
28 1.18 6.10
35 2.60 51.31

Table 2: K-Means clustering metrics for
multi-zone configuration.

The clustering results show that all mod-
els achieved relatively low average distances
to their respective cluster centers, indicat-
ing that the K-Means algorithm successfully
grouped heat pump models into compact
clusters for each configuration. However,
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the maximum distances in some cases are
significantly higher than the average, sug-
gesting the presence of outliers or instances
less well represented by their assigned clus-
ters. This is an expected behavior in clus-
tering large and heterogeneous datasets,
and it reinforces the importance of selecting
representative heat pumps carefully, par-
ticularly those furthest from the centroid.
Overall, the results validate the use of K-
Means for this application, while also high-
lighting the need for post-clustering review
of extreme cases.

These results show the selected heat pumps
are good representatives of the whole
dataset, and divide it into optimally-placed
clusters. The optimal number of clusters
was determined to be five for all models.
This choice was guided by an analysis of the
elbow criterion, whereby the within-cluster
sum of squares exhibits a pronounced inflec-
tion at k = 5 in each case. Accordingly, all
models were specified to partition the data
into five clusters. Figure [3| presents the el-
bow plot for a specific model, clearly demon-
strating the marked “elbow” at k = 5 and
thereby validating this configuration.

Elbow plot for kmeans_-8, singlezone
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Figure 3: Elbow plot of the K-Means
model trained for -8 °C and single-zone
ducting configuration.

The representative heat pumps identified
through clustering serve as a reduced set
for integration into the optimization frame-
work. This approach significantly simplifies
the problem, as it allows the original dataset
of over 39,000 distinct heat pump models

to be condensed into only five representa-
tive Air-Source Heat Pump (ASHP) models,
thereby reducing complexity without com-
promising diversity of performance charac-
teristics. These representatives, as well as
the whole dataset’s clustering results, can
be found in Figure [4] referring to a 2D PCA
projection of the K-Means clustering result
for the —8 °C single-zone configuration.

Clustering kmeans_-8, singlezone

PCA Component 2

5
PCA Component 1

Figure 4: Each point represents a heat
pump model, colored by assigned cluster,
while red crosses denote the
PCA-transformed cluster centroids.

To provide further insight into the technical
characteristics of these selected representa-
tives, Tables[3land [d] present their respective
heating capacities and coefficients of perfor-
mance (COP) at three different operating
points (minimum, rated, and maximum),
all measured at —8,°C. Table [3| summarizes
the thermal output ranges in Btu/h, high-
lighting the diversity in system sizes cap-
tured by the clustering process. Table []
on the other hand, presents the efficiency
metrics of each representative under varying
capacity conditions. Together, these tables
help illustrate how the clustering retained
a broad spectrum of operational character-
istics across the original dataset, ensuring
representativeness in both size and perfor-
mance.
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SEER Min. Capacity (Btu/h) Rated Capacity (Btu/h) Max. Capacity (Btu/h)
108 3,200 8,800 12,700
20,725 7,600 15,100 15,100
21,773 10,200 23,200 23,200
26,180 14,000 25,200 25,200
39,260 21,860 34,400 34,800

Table 3: Minimum, rated, and maxi-
mum heating capacities of the selected heat
pump representatives at —8°C and single-
zone ducting configuration.

SEER COP at Min. Capacity COP at Rated Capacity COP at Max. Capacity

108 2.61 2.93 2.68
20,725 3.01 2.65 2.65
21,773 2.25 2.56 2.56
26,180 2.63 2.56 2.56
39,260 2.49 2.20 2.21

Table 4: Coefficient of Performance (COP)
at minimum, rated, and maximum capacity
of the selected representatives at —8°C

5.2 Building Thermal Model
Results

A diverse set of models was evaluated for
the task of predicting a building’s thermal
profile, as detailed in Section [4] These in-
clude the Autoregressive Integrated Mov-
ing Average with Exogenous variables (ARI-
MAX) model [6], as well as two deep learn-
ing architectures: the Multi-Layer Percep-
tron (MLP) and the Long Short-Term Mem-
ory (LSTM) networks [4], along with a base-
line Linear Regression model. To estimate
the building’s internal temperature, each
model was trained using a selected set of
input features, as outlined in Section [3.2.4]
including weather conditions, energy con-
sumption, and prior temperature values.

Although the ARIMAX model demon-
strated acceptable predictive performance
from a statistical perspective, it fell short
in terms of capturing the fundamental ther-
mal behavior of the building. Its forecasts
exhibited a rigid and repetitive structure,
showing limited responsiveness to variations
in input features such as solar radiation or
outdoor temperature. This pattern suggests
that the model’s predictive mechanism pri-
marily relied on short-term autoregressive
memory, rather than effectively incorporat-
ing the external influencing factors relevant

to thermal dynamics. While this approach
may result in relatively low error metrics,
particularly in datasets with smooth tem-
poral continuity, it does not yield a model
that is informative or explanatory. Given
that the objective of this work is not merely
short-term prediction but the extraction of
parameters that characterize the building’s
thermal inertia and responsiveness, ARI-
MAX is ultimately unsuitable for the in-
tended purpose.

In contrast, the deep learning models MLP
and LSTM demonstrated a substantially
better capacity to capture the nonlinear and
time-dependent interactions present in the
thermal data. Both models were able to
learn from sequences of past conditions and
internal states, yielding forecasts that more
accurately reflected the building’s response
to environmental and operational variables.
The LSTM model, in particular, showed a
clear advantage in modeling temporal de-
pendencies, especially over longer time hori-
zons, due to its gated memory architecture.
These qualities translated into strong em-
pirical performance, as evidenced by the
Mean Squared Error (MSE) values obtained
during training and validation.

Model Mean Squared Error (MSE)
MLP 0.1211
LSTM 0.0446
Linear Regression 0.1472

Table 5: Comparison of MSE values for
thermal profile prediction models.

Table Bl summarizes the MSE values for all
models under consideration. The results in-
dicate that the LSTM model achieved the
lowest prediction error, with an MSE of
0.0446, followed by the MLP at 0.1211.
Although the Linear Regression model
recorded the highest MSE at 0.1472, this
value remains within a reasonable range
considering the model’s simplicity and the
small amplitude of the target variable. The
indoor temperature values for the eval-
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uated building ranged approximately be-
tween 21°C and 23°C throughout the pe-
riod studied. Within this narrow range, an
MSE of 0.1472 corresponds to a relatively
modest deviation, reinforcing the idea that
even simple models can provide a mean-
ingful approximation of indoor thermal be-
havior under certain conditions. Figures
Bl [6] and [7] show MLP, LSTM and Linear
Regression model predictions, respectively.
These results illustrate each model’s perfor-
mance over the test dataset, which, in the
case of input data spanning a full calendar
year, corresponds to slightly more than two
months of unseen observations.

Figure 5: Predictions over the test dataset
for the Multi-Layer Perceptron (MLP)
model
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Figure 6: Predictions over the test dataset
for the Long Short-Term Memory (LSTM)
model
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Figure 7: Predictions over the test dataset
for the Linear Regression model

Nevertheless, model selection in this study
is not driven solely by predictive accuracy.

The final choice of Linear Regression is
justified primarily by its high level of in-
terpretability and its seamless integration
into optimization-based frameworks. Un-
like deep learning models, which behave as
black boxes and require substantial com-
putational resources, the linear model of-
fers transparency and computational sim-
plicity. These features are particularly ad-
vantageous when the model is used within a
mixed-integer linear programming environ-
ment such as DECARB, where the explicit
mathematical formulation of thermal dy-
namics is a prerequisite. While LSTM and
MLP models could theoretically yield bet-
ter predictions, their complexity and opac-
ity make them impractical for optimization
tasks that demand explainable and compu-
tationally efficient formulations.

In summary, while all models tested were
capable of approximating the building’s
thermal behavior to varying degrees, the
Linear Regression model represents the
most balanced choice for the objectives of
this work. It combines acceptable predic-
tive accuracy with interpretability, low com-
plexity, and compatibility with downstream
optimization applications.

6 Conclusion and Fu-
ture Work

This study has developed a comprehensive
framework to support the electrification of
space conditioning in buildings through the
use of data-driven methods. The approach
is structured around two core contributions:
a clustering-based selection of representa-
tive heat pump models, and a predictive
modeling strategy for estimating building
thermal behavior. Together, these compo-
nents address key limitations in current op-
timization tools by reducing model com-
plexity while preserving essential technical
and thermal characteristics.

The clustering methodology enabled the re-
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duction of a large set of over 39,000 commer-
cially available air-source heat pump mod-
els into a limited number of representative
units. This simplification proved critical for
enabling computationally efficient integra-
tion into the DECARB optimization envi-
ronment. Despite the dimensionality and
diversity of the original dataset, the cluster-
ing approach maintained sufficient variabil-
ity to ensure realistic and applicable results
in downstream tasks.

In parallel, the study evaluated multiple
data-driven approaches for modeling indoor
temperature dynamics based on building
and weather data. While deep learning
architectures such as LSTM and MLP of-
fered superior predictive performance, they
lacked interpretability and compatibility
with the structure of the optimization prob-
lem. In contrast, the Linear Regres-
sion model, though less complex, offered
adequate accuracy and aligned well with
the need for transparency and analytical
tractability within the DECARB frame-
work.

Overall, the proposed methodology demon-
strates that significant gains in practical-
ity and computational efficiency can be
achieved through careful model selection
and data preprocessing, without substan-
tial losses in performance. By enabling the
use of simplified yet robust representations
of both equipment and thermal response,
this work contributes to the broader goal
of accelerating the decarbonization of build-
ing systems through scalable, optimization-
ready tools.

6.1 Future Work

The development of a data-driven machine
learning model capable of predicting user
behavior has emerged as a new line of in-
vestigation. User behavior is a critical yet
often neglected factor in residential energy
consumption, and its inclusion can signif-
icantly enhance the realism and accuracy

of predictive models. Specifically, the pro-
posed model aims to capture thermostat us-
age patterns in order to enhance the un-
derstanding of occupant-driven thermal de-
mand. Incorporating such behavioral mod-
eling would offer valuable insights for im-
proving the effectiveness of space condition-
ing electrification strategies.

The development of a user behavior predic-
tion model remains an important avenue for
future research, with the potential to signif-
icantly strengthen the current optimization
framework by accounting for real-world us-
age variability and demand-side dynamics.

In addition to the proposed user-behavior
model, a promising line of future work in-
volves the development of a deep learning
model designed to scale the methodology
to a large set of buildings. Specifically, the
approach will be applied to a dataset con-
taining over 300,000 residential buildings,
incorporating the most relevant construc-
tion features extracted from the ResStock
database [10]. These construction features
could include, but not be limited to, the fea-
tures presented in Appendix [Al The goal is
to experiment with different neural network
architectures, such as Multilayer Percep-
trons (MLPs), Long Short-Term Memory
(LSTM) networks, or other suitable mod-
els, to infer thermal models for buildings
that are not explicitly characterized in the
dataset, either due to missing construction
typology or undefined thermostat setpoints.
This model would enable the generalization
of the thermal profile estimation process to
unseen or partially defined buildings, en-
hancing the scalability and adaptability of
the overall DECARB framework.
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A ResStock Dataset Column Names

e in.bedrooms

e in.duct_leakage_and_insulation
e in.duct_location

e in.geometry floor_area

e in.geometry_stories

e in.geometry_wall_type

e in.ground_thermal conductivity
e in.hvac_has_ducts

e in.insulation_ceiling

e in.insulation_floor

e in.insulation foundation wall
e in.insulation_roof

e in.insulation_wall

e in.occupants

e in.orientation

e in.roof material

e in.sqft

e in.windows

e in.window_areas

e in.vintage
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