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Abstract—This paper presents the development stages and
implementation results of a decision support system (DSS) for
the energy management of office buildings. The research uses
the Matrix Profile (MP) algorithm to detect anomalies in the
Building Data Genome Project 2 dataset. The results demonstrate
the system’s ability to identify HVAC faults and quantify energy
waste without manual data labeling. The implementation was
able to identify a saving opportunity of C29,800/year by opti-
mizing equipment start-up (”Soft Start”) and a 15% reduction
in residual consumption (”Phantom Load”). The system also
calculated a carbon footprint of 2,044 tonnes of CO2 using a
conversion factor of 0.25 kg/kWh, providing a solid basis for
Environmental, Social and Governance (ESG) reporting through
an open software.

Index Terms—data mining, energy efficiency, matrix profile,
decision support system, building automation.

I. INTRODUCTION

The commercial building sector is a major consumer of
energy globally, with a significant portion of this consumption
attributable to operational inefficiencies, incorrect building
management system (BMS) settings, or equipment failures that
go unnoticed. In current practice, facility managers often rely
on reactive analytics or static alert thresholds, which generate
many false alarms and do not take into account operational or
climatic contexts.

The objective of this research is to develop a functional
prototype capable of automating the data analysis and decision
support process in smart buildings. The goal was to move from
a simple data visualization to a system capable of diagnosing
the condition of the building and proposing concrete, finan-
cially quantified actions.

This article provides three main contributions to the field of
building energy analysis: first, it introduces an unsupervised
detection methodology by applying the Matrix Profile algo-
rithm to eliminate the need for manually trained and labeled
datasets, which are often not available in existing buildings;
second, it provides thermodynamic contextualization by inte-
grating the building energy signature with meteorological data
to reduce the false alarm rate caused by extreme weather con-
ditions; and third, it operationalizes the impact by transforming
technical anomalies into financial and sustainability indicators
that can be directly used in the managerial decision-making
process.

The rest of this paper is organized as follows: Section II
reviews the current state of building energy management and
the theoretical foundation of the Matrix Profile algorithm.
Section III describes the methodology and algorithms used
for data selection and anomaly detection. Section IV presents
the software implementation and its modular architecture.
Section V discusses the experimental results, including the
comparative analysis an impact of building selection and
the quantified impact of the detected inefficiencies. Finally,
Section VI concludes the paper and presents future research
directions.

II. STATE OF THE ART

Energy performance management in the built environment
has undergone major transformations in the last decade,
moving from sporadic manual checks to continuous digital
monitoring. The widespread implementation of Advanced Me-
tering Infrastructure (AMI) and IoT sensors has generated an
exponential increase in the amount of data available to building
managers. However, simply collecting these time series does
not guarantee consumption optimization. The industry faces
the difficulty of extracting useful information from raw data, a
phenomenon often described as “data rich, information poor”.
Currently, the specialized literature and industrial research
directions focus on the development of automated software
solutions capable of offloading the analysis burden from
the human operator and moving from reactive to predictive
maintenance [1].

A. Evolution of Fault Detection and Diagnostics (FDD) Sys-
tems

The field known as FDD (Fault Detection and Diagno-
sis) has become a central component in intelligent building
management strategies. The objective of these systems is to
automatically identify suboptimal equipment operation before
it generates additional costs or thermal discomfort. Katipamula
and Brambley [2] classify FDD methods into three distinct
methodological categories, each with specific advantages and
limitations:

1) Quantitative model-based methods: This approach in-
volves constructing a detailed mathematical model [3]
of the building, based on thermodynamic and heat



transfer principles. Although theoretically offering the
highest accuracy, their practical applicability is limited.
Implementation requires detailed knowledge of building
parameters, such as wall thermal resistance and equip-
ment coefficients, information that is often unavailable
or inaccurate for existing buildings. Calibrating these
models is a laborious and expensive process, difficult to
scale across a large real estate portfolio

2) Knowledge-based qualitative methods: This is the dom-
inant approach in commercial solutions today and is
based on sets of logical rules derived from engineering
expertise (e.g., if-then logic). Expert systems verify com-
pliance with predefined operating conditions. However,
recent studies, including those by Granderson et al.
[4], indicate that systems based strictly on static rules
tend to generate a large number of false alarms when
operating conditions change. This instability often leads
to operators ignoring alerts (“alarm fatigue”), reducing
the effectiveness of the system.

3) Data-driven methods: This category, which includes
artificial intelligence and advanced statistical techniques,
has gained significant ground. Unlike the first two ap-
proaches, these methods do not require physical knowl-
edge of the building or explicit rules, but learn behav-
ioral patterns directly from historical time series. This
flexibility makes them suitable for rapid deployment in
buildings with heterogeneous infrastructure, where data
is abundant but technical information about equipment
is lacking.

B. Existing Software Architectures and Limitations of Deter-
ministic Approaches

The embodiment of the building automation layer is mainly
represented by the Building Management Systems (BMS) as
an operational system, ensuring the operation of electrome-
chanical equipment through continuous control and feedback
loops. Although modern BMSs have the ability to store
historical operating parameters, their architecture is optimized
for immediate execution, rather than retrospective analysis.
Consequently, alerts generated by a BMS are usually binary
and are triggered only upon total equipment failure or violation
of safety limits, making them incapable of signaling gradual
degradation of energy performance.

To fill the gap in hindsight, energy management systems
(EMS) have emerged in response to the growing need to
visualize data collected by smart meters. These platforms
shift their focus to data aggregation, periodic reporting, and
operational benchmarking. However, Zhao et al. [5] highlight
a significant limitation of these systems: their inherently
descriptive nature. While an EMS can successfully indicate
that energy consumption has increased on a given day, it lacks
the logical mechanisms necessary to isolate the underlying
technical cause, thus leaving the entire investigation task to
the human operator.

The next level of analytical complexity within this ecosys-
tem is fault detection and diagnosis (FDD) solutions. The

industry standard approach to implementing FDD remains
highly deterministic and rule-based, using extensive libraries
of logical expressions. Although these systems are well vali-
dated for detecting obvious mechanical faults, their widespread
application faces major obstacles, mainly due to the high costs
of initial setup and ongoing maintenance. Furthermore, as
Granderson et al. [4] have noted, static rules quickly become
obsolete as buildings undergo natural functional changes over
time. Moreover, these rigid logic structures fail to integrate
complex contextual variables, frequently leading to false pos-
itives during atypical events or extreme weather conditions.

C. Transition to Data-Driven Analysis

The inherent limitations of deterministic systems have led to
a shift in research efforts towards data-driven methodologies.
This shift is significantly supported by the widespread avail-
ability of advanced measurement infrastructure (AMI), which
generates high-resolution time series. Unlike physical models
that require hard-to-obtain parameters, these data-driven ap-
proaches use numerical history to automatically extract and
analyze behavioral patterns.

Historically, a major obstacle to the validation of these
modern energy efficiency algorithms has been the lack of
standardized and open datasets. Therefore, for an anomaly
detection algorithm to be rigorously and scientifically validated
today, it is imperative that it be tested on a wide range
of standardized consumption profiles [6]. The Building Data
Genome 2 (BDG2) dataset [7] represents a comprehensive
and representative resource for the building energy analytics
community which aggregates hourly data from over 3,000
energy meters. The main importance of this dataset lies in
the heterogeneity and realistic quality of the data, which
inherently contain real-world noise and operational gaps. Us-
ing the BDG2 dataset ensures that any proposed solution
possesses the generalizability required for real-world, large-
scale applications.

Finally, the large volume and variability of the BDG2 data
clearly demonstrated that simple statistical methods are in-
sufficient for accurate analysis. Commercial buildings exhibit
highly nonlinear behavior that is continuously influenced by
multiple competing factors. Therefore, as studies derived from
this dataset support [7], [8], machine learning algorithms are
uniquely capable of modeling this inherent complexity and
learning subtle operational correlations without the need for
explicit programming.

D. Unsupervised Learning Algorithms and the Matrix Profile

In an unsupervised learning scenario, anomaly detection
fundamentally involves identifying subsequences that deviate
significantly from the typical operating pattern. However,
traditional clustering methods, such as K-Means, have proven
to be extremely inefficient for this specific task, as they tend to
“average” temporal behavior, thereby masking rare but critical
events [9]. Furthermore, while deep neural networks offer
advanced capabilities, they often operate as “black boxes,”
providing results that lack the necessary transparency and are



therefore difficult for facility managers to interpret and act
upon.

To directly address these analytical limitations, Yeh et al.
[10] introduced Matrix Profile, a data structure that annotates
a time series with the exact distance of its nearest neighbor.
Unlike traditional heuristic methods, Matrix Profile provides
a strict mathematical guarantee for discovering the most sim-
ilar and most different sequences in a data set. This robust
approach elegantly solves two fundamental problems in time
series analysis: identifying “patterns,” which represent nor-
mal recurring behavior, and detecting “discrepancies,” which
are unique subsequences that indicate potential operational
anomalies. Specifically, this research uses the STUMPY li-
brary [11], a modern implementation of Matrix Profile using
the Python programming language that accelerates the use and
applicability of the algorithm.

III. METHODOLOGY AND ALGORITHMS

To achieve the research objectives, a structured workflow
was adopted, consisting of four main stages: data selection,
preprocessing, algorithmic analysis, and integration into a
user interface. This methodological framework ensures the
transition from raw historical data to validated and actionable
information.

A. Dataset Selection

For the experimental validation of the proposed system, the
building identified as “Hog office Byron” from the Building
Data Genome 2 (BDG2) dataset was selected as reference
model. The selection criteria focused on the specific charac-
teristics of the building to ensure relevance:

1) Use Type: Commercial office building, characterized by
distinct weekly consumption patterns.

2) Climate Zone: Located in a temperate climate (Zone 6A
– Cold and Wet), which implies significant seasonal vari-
ations in energy demand for both heating and cooling.

3) Data Availability: The dataset covers a 24-month period
with hourly resolution, providing sufficient historical
depth for the algorithm to learn long-term seasonality.

B. Exploratory Data Analysis

Before applying the advanced detection algorithms, an ini-
tial visual inspection was performed using a heatmap (Figure
1). This technique maps the time of day to the day of the year,
assigning a color intensity proportional to energy consumption.

The analysis revealed a clear operational schedule
(08:00–18:00), consistent with office activities. In addition,
the visualization highlighted a significant data quality issue:
a prominent horizontal band of missing values spanning a
continuous period of several weeks, which required subsequent
data imputation.

C. Anomaly Detection with Matrix Profile

The main analytical component of the system uses the
Matrix Profile algorithm, implemented through the STUMPY
library. The technical basis of this implementation is based
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Fig. 1. Energy consumption heatmap for the BDG2 Hog office Byron
building.

on the use of the Z-normalized Euclidean distance between
subsequences, a critical step that allows the algorithm to
identify shape similarities (motifs) and discrepancies (anoma-
lies) regardless of amplitude variations or linear delays in
energy consumption. The Euclidean distance between two
subsequences Ta and Tb of length n is defined as:

d (Ta, Tb) =

√√√√ n∑
i=1

(Ta,i − Tb,i)
2 (1)

For this study, a window length, n, of 24 hours was selected
to capture the daily diurnal cycle. To ensure mathematical
accuracy and prevent “trivial matches” - where the algorithm
identifies an adjacent overlapping subsequence as a neighbor
- a temporal exclusion zone of m/2 was implemented. The
processing generates two primary data structures: the Matrix
Profile vector, which stores the calculated minimum distances,
and the Matrix Profile index, which maps the index of the
nearest neighbor for each analyzed temporal window. This
unsupervised framework provides a robust method for discov-
ering operational irregularities without the need for pre-trained
models or manually labeled historical datasets [12].

The results of applying the algorithm are visible in Figure 2,
where the anomaly score (bottom graph) highlights the critical
moments.
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Fig. 2. Result of applying the Matrix Profile algorithm.



D. Climatic Analysis (Energy Signature)

To distinguish between mechanically induced anomalies
and weather-driven consumption peaks, the methodology in-
tegrates an analysis of the building’s energy signature. By
correlating daily energy averages with external temperature
data, a scatter plot is generated.
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Fig. 3. Building energy signature.

This visualization typically reveals a double dependency in
temperate climates: consumption increases as temperatures fall
below a heating equilibrium point (approximately 10◦C) and
increases again as temperatures exceed a cooling threshold
(20◦C). Deviations from the expected operational reference
level serve as a secondary layer of validation for alerts
generated by the Matrix Profile algorithm.

IV. SOFTWARE IMPLEMENTATION

The realization of the proposed system required the adoption
of a modular software architecture, capable of handling the
complex data flow, from the ingestion of raw time series
to the visualization of performance indicators. The system
was developed using the Python 3.14 programming language,
selected for its extensive ecosystem of libraries dedicated to
data science and numerical computing [13].

The operational link between the mathematical foundation
and the user interface is achieved through the Decision Engine.
The backend processing pipeline serializes the distance vector
from the Matrix Profile and passes it to the decision engine,
which applies a dynamic threshold, calculated as a multiple
of the average of the distances. When a value in the Matrix
Profile exceeds this threshold, the system not only signals
an anomaly, but also automatically triggers the calculation
scripts for financial and ESG impact, transforming an abstract
mathematical distance into a quantifiable maintenance ticket.

A. Backend Architecture and Design

Figure 4 illustrates the high-level software architecture of
the proposed decision support system. The system is designed
based on a layered framework that orchestrates the transforma-
tion of raw building data into concrete facilities management
information.

The data flow starts at the data source level, which ingests
heterogeneous time series from the Building Data Genome
Project 2 (BDG2) and external meteorological records. These
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Fig. 4. High-level software architecture of the developed decision support
system.

inputs are processed at the backend, where an Extract-
Transform-Load (ETL) pipeline cleans the data before sending
it to the Matrix Profile algorithm, implemented through the
stumpy library - to calculate anomaly scores and establish
climatic correlations. To ensure system responsiveness, the
processed outputs are serialized to the storage layer, decou-
pling computationally intensive tasks from user interactions.
The web application layer, developed using the Streamlit
framework, hosts the main decision engine and dynamic
KPI calculations e.g. EUI, financial impact, carbon footprint.
Finally, the user interface layer renders these analyses through
an interactive dashboard [14].

To facilitate visual tracking of the information flow and
highlight the separation of concerns, the architectural design
uses a semantic color and shape coding scheme. Specifically,
blue nodes represent raw data sources, such as CSV files, while
green nodes denote computational processing tasks, including
data cleaning, anomaly scoring, and dynamic KPI calculations.
The algorithmic core of the system and decision logic are
explicitly highlighted by orange dotted diamonds, which in-
dicate complex conditional or mathematical evaluation points.
Finally, the purple components indicate the data persistence
layers used for storage efficiency, and the white elements
describe the user interface modules through which the plant
operator interacts with the system.

B. Backend Processing

The processing component operates as a batch process,
running independently of the graphical user interface (GUI).
The implemented data pipeline includes the following distinct
steps:

1) Ingestion and Cleansing (ETL): Python scripts use the
Pandas library to load datasets from CSV format. In
this step, the consumption time series is aligned with
the weather data, and missing values are treated by
linear interpolation to ensure continuity of the analysis
algorithms.

2) Matrix Profile Calculation: For each 24-hour time win-
dow, the system calculates the Euclidean distance to
the historical nearest neighbor. The result is a vector
of anomaly scores, where high values indicate discord
sequences.



3) Climate Correlation: The backend integrates external
temperature data to contextualize consumption. Through
timestamp-based connection operations, each consump-
tion record is associated with the corresponding temper-
ature, allowing for additional filtering of alerts caused
by extreme weather conditions..

C. Interactive Frontend

The user interface was built using the Streamlit framework
[14], a modern solution that allows for the rapid transformation
of data scripts into interactive web applications. Designed
with a focus on ease of use and clarity, the platform tar-
gets the specific operational needs of a facilities manager.
For advanced data graphing, the Plotly library is integrated,
providing interactive functionality superior to static charts,
allowing the user to zoom in, debug, and inspect individual
values through hover actions. In addition, a significant aspect
of the implementation is the adaptability of the interface to
the specific theme. By using native CSS variables, the visual
style automatically adapts to the user’s system preferences,
switching between dark and light modes to minimize visual
fatigue for operators who monitor screens for long periods of
time.

In addition to its visual components, the interface extends
beyond static data display by incorporating dynamic computa-
tional logic. The system features a real-time calculation engine
that instantly recalculates key performance indicators, such as
EUI, as well as financial impact estimates. These dynamic
updates are triggered directly by structural and operational
parameters entered by the user in the sidebar, such as gross
built-up area and facade type, ensuring a highly responsive
analytical environment.

V. EXPERIMENTAL RESULTS

The developed application was validated using the reference
historical data set from the “Hog office Byron” building as
described beforehand.

To validate the benchmarking capability, an algorithm was
developed to select similar buildings that minimize the dif-
ference in floor area within the same use category. Thus,
the reference building Hog office Byron (80,038 m2) was
compared with the building Rat office Colby (79,000 m2).
Although the difference in floor area is negligible (1.3%),
the analysis revealed a major performance discrepancy: the
similar building has an energy consumption of 472.7 kWh/m2,
126.1% higher than the reference (209 kWh/m2). This com-
parison, supported by an anomaly score of 4.30 for the
similar building, demonstrates that structural similarity does
not guarantee operational efficiency, justifying the need for
automated diagnostic tools to isolate massive energy waste
(equivalent to C 3,091,568/year).

A. Main Dashboard and KPI Monitoring

The central module (Figure 5) provides a complete overview
of the building’s operational status. Unlike traditional BMS
screens that typically display instantaneous values such as

current voltage or air flow, this dashboard aggregates data
to calculate dynamic key performance indicators (KPIs). For
example, the system calculates an energy use intensity (EUI)
of 327 kWh/m2 for the analyzed period. This specific measure-
ment is dynamically normalized based on the gross floor area
(GFA) entered by the user, facilitating immediate comparison
with established industry standards.

In addition, the module incorporates an automatic cost
estimation function; by applying a standard commercial rate,
it converts gross kilowatt-hours directly into monetary value
to show the operating expenses since the beginning of the
year. Finally, to address the common absence of physical sub-
metering, the system generates a consumer fault. It estimates
the distribution of energy consumption in categories such as
HVAC, lighting and outlet loads using probabilistic models
adapted to the specific building type and time of day.

Fig. 5. Main system dashboard.

The EUI calculation (327 kWh/m2), the estimated consump-
tion breakdown and the demand response module are visible.

B. Optimization Center (Decision Support)

This module represents the main innovation of the proposed
system. Instead of relying on passive graphs, the application
interprets the Matrix Profile anomaly scores to generate action-
able tickets. During the testing phase, the system successfully
identified two distinct types of inefficiencies and automatically
quantified their financial impact using specific cost modeling
algorithms.

Soft Start Opportunity: The algorithm detected a recurring
increase in consumption at 05:00 during the winter months.
The decision engine marked this event as a “Hard Start”
event and generated a recommendation to implement a “Soft
Start” sequence. The system estimated a potential saving of
approximately 29,800C/year. This estimate is derived from the
peak tariff reduction, calculated using the following equation,
where Speak represents the potential financial savings:

Speak = P × C (2)

Here, the variable P indicates the power surplus, defined
as the difference in kilowatts between the recorded peak and
the nominal load. The variable C represents the penalty cost,
which is the surcharge applied by the utility provider for
exceeding the subscribed power limit.



Phantom Load Detection: The analysis revealed a consis-
tently high consumption during weekends (Saturday-Sunday),
deviating from the expected reference load. The system clas-
sified this as “Phantom Load” and recommended a physical
audit of the local HVAC units on the upper floors. To motivate
the intervention, the financial loss is calculated by isolating the
non-operational energy waste using the formula below, where
Sphantom is the estimated savings:

Sphantom = E × T (3)

In this equation, E corresponds to the weekend consump-
tion, isolating the non-operational energy waste measured in
raw energy data (kWh), and T is the current energy tariff
used to convert this data directly into a monetary value. This
application of this formula in our case yields a potential waste
reduction of 15%.

C. ESG and Sustainability Reporting

To align with modern corporate reporting requirements, the
system includes a dedicated module for Environmental, Social
and Governance (ESG) criteria. The application automatically
converts energy consumption into carbon emissions (tonnes
of CO2) using a conversion factor specific to the local energy
mix (set to 0.25 kg/kWh for this experiment), from [15].

To make the data relatable to non-technical stakeholders,
the interface visualizes the environmental impact in equivalent
terms. As illustrated in Figure 6, the module displays the tangi-
ble equivalence between the total emissions of the building and
the number of trees needed to sequester the emitted carbon.
This feature directly facilitates communication between facil-
ity managers and boards of directors on sustainability goals
and reporting.

Fig. 6. ESG reporting module.

VI. CONCLUSIONS AND FUTURE DIRECTIONS

The research validated the feasibility of integrating the
Matrix Profile algorithm into a decision support system (DSS)
capable of identifying operational anomalies without the need
for labeled data sets. Testing on a reference building demon-
strated that the use of open-source technologies allows the
transformation of raw time series into practical maintenance
actions. The implementation generated immediate quantitative
results, identifying potential savings of C29,800/year through

equipment start-up optimization and a 15% reduction in
“Phantom Load” waste. At the same time, the integration of
the 0.25 kg/kWh conversion factor allowed the monitoring of a
carbon footprint of 2,044 tonnes of CO2, providing a rigorous
basis for ESG reporting.

The main limitation of the current prototype is the offline
architecture and the lack of sub-metering, which requires
the use of probabilistic models for energy usage. Future
research directions will focus on the transition from descriptive
to predictive analytics by implementing forecasting models,
such as LSTM [16] or Prophet, and direct connection to
BMS systems via industrial protocols such as BACnet or
MQTT. Continuous validation through ”Human-in-the-loop”
mechanisms will ensure algorithm refinement and reduction
of false alarm rates in real operating conditions.
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