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ABSTRACT

This article evaluates the relevance of Advanced Metering Infrastructure (AMI) as an essential tool for understanding real consumption
profiles, particularly in mixed-use buildings with high operational variability. The study focuses on Building 225 Rogelio Salmona af the
Bogotd campus of the National University of Colombia. Results obtained through a load census are compared with hourly consump-
fion data collected via AMI. The analysis includes the construction of average load curves, heat maps, and variability metrics. Findings
show that AMI, combined with data science tools, enables more accurate identification of consumption patterns, detection of critical
operating periods, and the generation of more robust inputs for energy efficiency decision-making.

Keywords: [Advanced Metering Infrastructure] [energy efficiency] [university campus] [load profiles] [variability analysis] [energy
data science]

RESUMEN

Este articulo evalla la pertinencia de una infraestructura de Medicién Avanzada (AMI) como herramienta imprescindible para com-
prender los perfiles reales de consumo, especialmente en edificios de uso mixo y con alta variabilidad operativa. Se foma como caso
de estudio el edificio Rogelio Salmona del campus Sede Bogotd de la Universidad Nacional de Colombia. Se comparan los resultados
obtenidos a partir de un censo de cargas con los datos horarios de telemedicion registrados por un sistema AMI. El andlisis incluye la
construccién de curvas de carga promedio, mapas de calor y métricas de variabilidad. Los resultados evidencias que la AMI, com-
binada con herramientas de ciencias de datos, permite capturar patrones de consumo con mayor fidelidad, identificar franjas criticas
de operacién y generar insumos mds robustos para la toma de decisiones en materia de eficiencia energética.

Palabras clave: [Infraestructura de Medicién Avanzadal, [Eficiencia energétical, [Campus universitario], [Perfiles de carga] [Andlisis
de variabilidad] [Ciencia de datos energéticos]
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Introduction

Efficient energy management in university contexts represents a
growing challenge, especially in institutions that house buildings
with multiple functions, changing dynamics, and variable occupancy
patterns. Given the institutional commitment to sustainability, ac-
curately understanding the energy behavior of these spaces be-
comes essential for designing sustainability and efficiency strategies
aligned with operational realities.

Historically, energy analysis in university buildings has relied on
traditional methods such as load surveys, estimation of hours of
use, and classification of equipment by end use. Although these
approaches have been useful for characterizing electrical loads and
establishing theoretical consumption, their ability to capture the
actual dynamics of daily and weekly consumption is limited, partic-
ularly in contexts where hourly variability is significant.

In this context, Advanced Metering Infrastructure (AMI) offers a
powerful alternative by enabling continuous, hourly recording of
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consumption, as well as the generation of real load profiles. This
technology has been employed in various studies for purposes
such as characterizing consumption patterns, formulating demand
management strategies, identifying non-technical losses, and eval-
uating energy performance in institutional buildings. However,
many of these efforts have assumed that having digital records is
equivalent to having smart metering. It is important to note that
the mere existence of digital meters or measuring devices does
not in itself constitute an AMI; for this infrastructure to fulfill its
function, it must integrate metering devices with communication,
storage, analysis, and interoperability systems that allow data to
be transformed into useful knowledge for decision-making.

Background

End-use applications of electrical energy are gradually being mod-
ified by the incorporation of new technologies, such as advanced
meters, which add value to service delivery and consumption char-
acterization. They also enable addressing new challenges such as
energy demand management, the development of energy efficiency
strategies, and the optimization of energy performance [I][2][3].

Advanced Metering Infrastructure (AMI) systems integrate hard-
ware and software elements to create, based on a smart meter, a
comprehensive communications infrastructure that allows real-
time bidirectional exchanges of information and records between
users and system operators [4]. This infrastructure makes it pos-
sible to identify losses, analyze dynamic loads, and develop smart
energy efficiency schemes adapted to the Colombian context.
Moreover, current energy markets seek for the end user, sup-
ported by information, to actively participate in managing their
consumption. This contrasts with traditional meters, where resi-
dential users only know the total monthly value of the energy con-
sumed, without the frequency of records needed to enable de-
mand response programs aimed at ensuring electricity supply avail-
ability [5].

Technological transformation requires infrastructure that pro-
vides disaggregated, timely, and useful information for decision-
making, both in residential and institutional contexts.

The large volumes of information associated with advanced me-
tering processes require new areas of knowledge, such as data
science, to transform these records into useful inputs for decision-
making. Energy data science has emerged as a tool that not only
enables the interpretation of large amounts of information gener-
ated by AMI systems, but also helps to identify consumption pat-
terns, evaluate energy efficiency, and propose evidence-based op-
timization strategies [6][7][8].

Since universities function as centers for technological develop-
ment and transfer, they are increasingly focused on becoming sus-
tainable campuses. They also seek to achieve high scores in the
GreenMetric ranking, an initiative that publishes the results of an
online survey regarding the current condition and sustainable cam-
pus policies of universities worldwide. In Colombia, the Pontificia
Universidad Javeriana de Cali stands out for developing a strategic
plan for sustainable campus management, which includes subpro-
grams for energy efficiency, solar energy generation, and demand-
side management [9]. Universidad ICESI is recognized for its anal-
ysis of the gaps between the university’s current energy manage-
ment practices and the requirements of ISO 50001 [10]. Univer-
sidad Autéonoma de Occidente has been certified as a Carbon
Neutral organization by Icontec, highlighting its focus on energy
efficiency through both the use of renewable energies and the op-
timization of consumption in classrooms and buildings [| 1]. Within

SICEL XII

this framework of sustainable campuses, there are also pilot pro-
jects of smart metering [12][13], where different functionalities of
these systems are tested and energy consumption data are ana-
lyzed for multiple purposes.

In the particular case of the Bogota campus of the National Uni-
versity of Colombia, a pilot communications and advanced meter-
ing network has been implemented to collect energy consumption
data from different buildings. Based on this, functions have been
developed such as analysis of historical energy consumption data,
demand-side management, and improvement of energy perfor-
mance under the guidelines of NTC ISO 50001 [12][2]. This infra-
structure has enabled progress in the energy characterization of
some campus spaces and has opened the possibility of having de-
tailed records for different types of analyses, such as load curve
analysis for energy efficiency purposes.

It is important to recognize that electrical load profiles are highly
complex structures that depend on a multiplicity of factors: occu-
pancy patterns, consumption habits, climatic conditions, institu-
tional schedules, levels of automation, among others [14]. This
complexity generates significant variability in energy behavior that
cannot be adequately captured by estimates based on daily aver-
ages, assumptions of continuous load, or static characterizations.

Therefore, it is necessary to assess the extent to which the imple-
mentation of AMI effectively improves the understanding of energy
consumption compared to traditional methodologies such as load
surveys. In this context, the present study proposes to analyze a
representative case within the university campus to contrast both
approaches and provide evidence of their differences and comple-
mentarities.

Methodology

Selection of the case study.
Rogelio Salmona Building
(UNAL Bogota Campus, mixed use)

Traditional measurement Smart metering
(load survey) (AMI)

Data science

Data analysis

. /-

Conclusions and
recommendations

Figure 1. General diagram of applied methodology.
Source: Authors’ elaboration



To compare energy use and consumption analysis based on tradi-
tional metering with that obtained through smart metering, a uni-
versity building with mixed-use characteristics was selected. For
the traditional analysis, a load inventory was conducted to esti-
mate disaggregated consumption by type of end use and to con-
struct theoretical daily load curves. For the smart metering analy-
sis, real consumption data were processed and analyzed, including
stages of data cleaning and filtering. Analytical tools such as heat
maps and additional visualization techniques were used to examine
the building’s consumption profile. Finally, both approaches were
contrasted, and key conclusions were drawn.

The scheme shown in Figure | summarizes the main stages from
case study definition and data acquisition to processing, compara-
tive analysis, and the generation of results and recommendations.

Building Categorization and Case Study Selection

It is important to note that the campus hosts buildings with diverse
activity types. Some buildings are dedicated exclusively to specific
functions, such as the Ledn de Greiff Auditorium or the Central
Library. Others are primarily administrative, while some house
classrooms, auditoriums, or laboratories. Many buildings combine
multiple uses throughout various schedules. All these factors in-
fluence their respective energy consumption profiles [2][|5].

For this study, the Rogelio Salmona Building (Building 225) was
selected. It has three floors and a total floor area of 11,000 m?,
distributed among classrooms, seminar rooms, auditoriums, a
reading room, cafeteria, administrative offices, and research cubi-
cles (7,500 m?), as well as parking areas (3,500 m?). This mixed-
use profile reflects the functional typology of many other campus
buildings that also integrate academic and administrative functions,
making it a representative case for studying energy consumption
patterns in university settings.

Load Inventory

Within the characterization of traditional energy consumption, a
survey is conducted to determine energy use based on an inven-
tory of existing loads, identifying and recording all electrical and
lighting equipment, as well as the rated power of each device along
with an estimate of daily hours of use, obtained through surveys
and observation. Subsequently, the loads are classified into end-
use categories, such as computing and peripherals, lighting, audio
equipment, among others.

This information was organized to estimate the monthly consump-
tion by category and to construct a theoretical hourly load curve,
under the assumption that all inventoried equipment is switched
on according to the reported schedules. It is important to note
that in university dynamics, the activity schedules from Monday to
Thursday are very similar and extend from 7 a.m. to 7 p.m., while
Fridays typically have academic activities only until 3 p.m., and Sat-
urdays only during the morning hours.

Smart Metering

Through the server set up for collecting data from the smart me-
ters, access was obtained to remote metering data of the selected
building; active power records were collected every fifteen
minutes. A database was obtained corresponding to a four-month
period of normal academic activity at the university, which served
as input for defining real load profiles of the building.

Data Processing and Analysis

This phase involved several steps to clean, organize, and analyze
the smart metering data:
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Outlier Detection and Filtering

Data were filtered using an interquartile range method to identify
and remove daily outliers corresponding to anomalous measure-
ment events. This step produced a more representative time se-
ries of the building's actual consumption behavior [16].

Hourly Aggregation and Day-Type Classification

The data, with a fifteen-minute timestamp, were aggregated by
hour and categorized according to the day of the week, and sub-
sequently classified into four groups by type of day: Monday to
Thursday, Friday, Saturday, and Sunday. These groupings were car-
ried out considering the similarity of the obtained load profiles and
were supported by best practices in data preparation and visuali-
zation applied to energy consumption profiles. [16].

Computation of Consumption Indicators

Average hourly load profiles were computed for each day type,
along with maximum hourly values and both daily and hourly
standard deviations, to characterize the building’s operational var-
iability.

Comparison with Theoretical Curve

The theoretical curves generated from the load inventory were
plotted and compared with the actual average hourly profiles, for
Monday to Thursday, obtained from the smart meters. This com-
parison focused on:

e  Curve shape

e  Peak hours

e Hour-by-hour relative differences

e  Effects of equipment simultaneity and real usage patterns
Variability Analysis

Beyond average consumption analysis, a quantitative assessment
of daily and hourly variability in electricity usage was conducted
using standard deviation metrics. This approach helped identify
patterns of operational instability, periods of high demand disper-
sion, and differences between typical and atypical days in terms of
regularity.

This methodological choice was motivated by the need to uncover
consumption dynamics that are not evident in average values—
particularly in buildings with mixed use and variable occupancy like
the one analyzed. Previous studies have shown that such analyses
significantly enhance the understanding of energy behavior in
buildings with high temporal variability [14].

Results.
Load Inventory

Based on the load inventory, the estimated monthly consumption
by type of end use was calculated by grouping equipment accord-
ing to its main function within the building. To obtain a more de-
tailed view, disaggregated consumption was analyzed for each
floor of the building. Figure 2 shows the percentage distribution of
monthly energy consumption by type of use and building level.
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Figure 2 2. Percentage distribution of monthly energy consumption by type of
use and floor.
Source: Authors’ elaboration.

Figure 2 shows which end uses account for the largest share of
the building’s consumption and the distribution of that consump-
tion across the floors. In particular, it can be observed that Com-
puting and peripherals, as well as Motor drive, represent the larg-
est total shares.

While this analysis provides a general characterization of the loads
present in the building, its results are limited. This information,
based on usage estimates and continuous operation assumptions,
does not accurately reflect real variations in energy consumption
throughout the day or between different days of the week. There-
fore, these theoretical values must be contrasted with real hourly
consumption measurements to assess how closely the estimated
behavior aligns with the building's actual operation.

Comparison Between Real and Theoretical Load Curves

From the load inventory and the estimated usage schedules, a the-
oretical hourly consumption curve was generated for typical Mon-
day-to-Thursday days. This curve represents expected behavior
according to reported and observed patterns during the inventory,
and was compared with the average real curve obtained from the
smart meter to evaluate the validity of the theoretical assumptions
and assess the level of agreement between estimated and actual
behavior. The comparison between both curves is shown in Figure

3.
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Figure 3 3. Comparison of theoretical and real power load curves (Monday to
Thursday).
Source: Authors’ elaboration.
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Figure 3 compares the curve estimated from the inventory and
load survey with the curve measured by AMI for working days
(Mon-Thu). It can be seen that although both present peaks at
similar hours, the theoretical curve overestimates the peaks and
underestimates the values during off-peak hours. For example, the
peak of the estimated curve (78.4 kW at hour 8) is 50.8% higher
than the peak of the actual curve (52 kW at hour |1). For the
estimated curve, the daily energy consumption is 788.87 kWh,
whereas for the actual curve the daily consumption is 854.33 kVVh,
representing a difference of 8.3% more energy consumed in the
real case compared to the estimated one.

Daily Average and Maximum Consumption Profile

Average and maximum hourly consumption values were calculated
for each day of the week based on smart meter data. Figure 4
displays these profiles, allowing for the observation of general be-
havioral patterns and days with relatively higher or lower demand.
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Figure 44. Daily electric consumption profile.
Source: Authors’ elaboration.

Figure 4 shows the average and maximum hourly consumption val-
ues for each day; it allows identifying the days with higher demand
and greater variations. It is observed that Wednesdays exhibit high
levels of average consumption, while weekends present signifi-
cantly lower values. The maximum energy consumption values
from Monday to Thursday are similar, with a maximum difference
of 2.5 kW, which represents 3.84%; whereas the maximum differ-
ence in average consumption from Monday to Thursday is 12.1
kW, equivalent to 28.88%.

Average Hourly Curves by Day Type

Figure 5 presents average hourly curves, broken down by day type,
to provide a more detailed view of internal consumption dynamics.
This analysis helps visualize at which times the demand peaks oc-
cur and how the curves vary between days with different levels of
activity.
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Figure 55. Average hourly consumption by day type.
Source: Authors’ elaboration.

This can be quantified using the standard deviation of each curve:
Monday to Thursday: | 1.51 kW, Friday: 9.56 kW, Saturday: 5.49
kW, and Sunday: 4.54 kW. A higher standard deviation value
(Monday to Thursday) represents a curve with more pronounced
differences between peak and off-peak values, whereas a lower
standard deviation is associated with a flatter curve (Sunday).

Hourly Consumption Heat Map

Figure 6 complements the hourly analysis with a heat map, enabling
visual identification of time periods with higher and lower con-
sumption for each type of day. This representation helps detect
critical time bands and characteristic consumption behaviors.
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Figure 66. Heat map of average hourly consumption.
Source: Authors’ elaboration.

The heatmap in Figure 6 facilitates the visualization of the time
slots with the highest consumption intensity by type of day. Criti-
cal high-intensity periods stand out in the morning (10 a.m. to 12
p-m.) and in the afternoon (2 p.m. to 4 p.m.) from Monday to
Thursday. The hours of highest energy demand in the morning also
coincide on Fridays; however, Friday afternoons do not show high
average consumption.

Daily Consumption Variability

Beyond average behavior, it is important to analyze consumption
variability, as it has implications for energy infrastructure planning
and the implementation of efficiency strategies. Figure 7 shows the
standard deviation of hourly consumption for each day of the
week.
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Figure 77. Standard deviation of consumption by day of the week.
Source: Authors’ elaboration.

Figure 7 presents the standard deviation of hourly consumption
aggregated for each day of the week. In this case, the entire daily
curve (24 hours) is considered, and the dispersion of power values
is measured across the different weeks corresponding to the same
weekday. A higher standard deviation indicates that, although the
overall trend may be similar, the actual consumption on that day
shows greater fluctuations between weeks. For instance, Mondays
and Tuesdays exhibit higher variability in demand, suggesting less
predictable behavior, whereas Sundays display lower dispersion
and thus reflect a more stable operation.

Hourly Variability by Day Type

Finally, Figure 8 shows the standard deviation by hour of the day,
categorized by day type. This graph helps identify the most unsta-
ble hours and assess consumption regularity, especially during crit-
ical operation periods.
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Figure 88. Standard deviation of consumption by hour of the day.
Source: Authors’ elaboration.

Figure 8 shows the standard deviation of consumption calculated
on an hourly basis, distinguishing between types of days (workdays,
Saturdays, and Sundays/holidays). Here, each point on the curve
corresponds to the dispersion of all available records at that spe-
cific hour. For example, the value at 7:00 a.m. on workdays reflects
how similar or different consumption has been at 7:00 a.m. across
all workdays in the analyzed period. In this way, the graph makes
it possible to precisely identify the moments of the day when de-
mand is more irregular. In particular, greater variations are



observed during the opening hours (around 7:00 a.m.) and in the
early afternoon, while nighttime and early morning consumption
appears more homogeneous.

Analysis
Average Daily Profiles and Curves
Daily Average and Maximum Profile:

Figure 4 provides an initial overview of the building's energy con-
sumption behavior throughout the week. It shows that consump-
tion patterns vary significantly between weekdays and weekends,
with Friday presenting an intermediate profile between typical
working days (Monday to Thursday) and the weekend.

Average Hourly Curves and Heat Map:

The load curve for each day type is essential for analyzing the
hourly distribution of consumption and identifying daily peaks, as
well as their behavior throughout the week.

On Monday to Thursday, a more extended and defined curve is
observed, with two main peaks: one in the morning and one in the
afternoon. This pattern is consistent with the typical operation of
academic buildings, where activities are concentrated during the
daytime and afternoon. As shown in Figure 5, these two peaks are
clearly visible on weekdays. In contrast, Fridays follow a similar
structure but show a notable reduction in the second half of the
day, reflecting lower institutional activity in the afternoon due to
fewer scheduled academic events.

Saturdays show a different pattern, with a single, lower-intensity
peak in the morning hours, suggesting limited academic activity.
Sundays display the lowest values and a relatively flat curve, with
slight increases in the early morning and evening, likely due to
lighting loads and systems operating continuously (e.g., communi-
cation networks). These patterns are visually reinforced in Figure
6, which shows the hourly heat map for each day type.

The heat map further reinforces previously identified patterns by
showing how average hourly consumption is distributed by day
type. The consistency of these patterns confirms that the building's
behavior is strongly tied to institutional academic and administra-
tive schedules.

Real vs. Theoretical Curve Comparison

The comparison between the theoretical consumption curve—
built from the load inventory and usage assumptions—and the real
average curve for Monday to Thursday reveals relevant coinci-
dences and discrepancies. In terms of shape, both curves show
two daily peaks at similar times, suggesting the general character-
ization of the building’s behavior is accurate. However, the magni-
tude differences are notable: the theoretical curve overestimates
peak consumption and underestimates the minimum values. Figure
3 clearly illustrates this mismatch, especially during peak and valley
hours.

This is mainly due to the simultaneity assumption in equipment
usage, which tends to inflate expected demand during peak times
and minimize residual consumption at night or early morning. Ad-
ditionally, the valley between the peaks (around midday) is less
pronounced in the real curve. This may be linked to usage habits
not initially considered, such as leaving equipment on during lunch
or increased use of appliances (e.g., microwaves, coffee machines)
during that period.
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Overall, these results suggest that while the estimated hourly dis-
tribution aligns with the building’s general dynamics, the assump-
tions used to construct the theoretical curve require adjustments
to better reflect actual operating conditions.

Heatmap

By visualizing the different levels of energy consumption intensity
throughout the hours of the day using colors, it is possible to bet-
ter understand usage patterns. Based on this, strategies can be im-
plemented to reduce consumption during peak hours or to shift it
to periods of lower demand, thereby increasing efficiency. The
time window between 10:00 a.m. and 1:00 p.m. from Monday to
Friday deserves particular attention for the implementation of de-
mand-side management strategies.

Variability

The daily standard deviation analysis identifies how constant or
dispersed energy consumption is throughout the week. Weekdays
(Monday to Friday) show greater variability compared to week-
ends, indicating more dynamic operation influenced by human and
organizational factors. This is evident in Figure 7, where Monday
and Tuesday present the highest dispersion.

Interestingly, VWednesday, the day with the highest average con-
sumption, exhibits the lowest variability. This suggests a more sta-
ble and predictable day, possibly due to regular activities with high
occupancy. In contrast, Monday shows the greatest variability, po-
tentially due to irregular start times or unsystematic early-week
activities.

On Saturdays and Sundays, variability decreases, indicating more
regular use. This aligns with expectations for days with low occu-
pancy and sporadic activities. Low dispersion implies that weekend
consumption follows established routines, possibly limited sched-
ules or specific uses such as cultural events.

The hourly standard deviation analysis by day type helps identify
periods with higher consumption instability and compare opera-
tional consistency across days. Figure 8 shows that the most vari-
able hours occur in the early morning and early afternoon on
weekdays. While Monday to Thursday were expected to show
controlled and stable variations due to structured academic sched-
ules, these days display the highest hourly variability—especially
around 7:00 a.m. and early afternoon. These peaks may be linked
to occupancy transitions and differentiated equipment use during
opening hours or post-lunch periods.

In contrast, Friday, Saturday, and Sunday show significantly lower
variability, suggesting more stable and predictable behavior. How-
ever, specific outlier events are noted: Friday around 4:00 p.m. and
Saturday around 2:00 p.m., likely associated with occasional aca-
demic, cultural, or outreach activities.

The consistent usage observed on Friday and Saturday mornings,
as well as most of Sunday, indicates a stable low-dispersion pat-
tern, likely due to reduced occupancy and the absence of intensive
academic activity.

Variability analysis not only complements average consumption
studies but also reveals operational dynamics hidden from conven-
tional indicators. Identifying time bands and days with high disper-
sion allows for the recognition of periods with greater demand
uncertainty—linked to less structured occupation patterns, shift
transitions, or sporadic equipment use. This type of insight is cru-
cial for designing energy efficiency strategies, maintenance sched-
uling, and estimating probable peak loads. Figures 7 and 8 are key



to characterizing not just how much energy is used, but how stable
it is and when it fluctuates. Thus, incorporating variability metrics
into analytical models becomes essential for a more predictive,
adaptive, and user-sensitive energy management approach.

AMI Relevance

The results of this study show that, although load inventories and
traditional measurement tools provide a useful basis for estimating
theoretical consumption and characterizing end uses, they are lim-
ited in capturing real, dynamic, and variable energy behavior.

This demonstrates that smart metering systems not only provide
access to detailed and continuous information, but also enable the
generation of more precise and robust indicators capable of cap-
turing actual operational patterns. However, the value of these
technologies lies not only in data availability but in their proper
processing and analysis. To transform data into actionable insights
for energy management, it is essential to apply data science tools,
statistical treatment, visualization, and interpretation—just as
done in this study.

Conclusions

e  The implementation of Advanced Metering Infrastruc-
ture (AMI) enables the acquisition of precise, disaggre-
gated, and continuous information on a building’s energy
consumption. This capability not only enhances the un-
derstanding of daily and weekly energy behavior but also
supports the development of strategies aimed at de-
mand-side management and the improvement of energy
performance.

e  The application of data science tools to the records gen-
erated by AMI systems is essential for transforming large
volumes of data into actionable knowledge. These tools
allow for the identification of patterns, quantification of
variability, and characterization of actual energy use ele-
ments that are difficult to capture through conventional
methods.

e Data preparation and filtering have a direct impact on
the final results of the analysis. Therefore, it is essential
to apply rigorous processes of data cleaning, validation,
and structuring before generating indicators, in order to
avoid misinterpretations and ensure the reliability of the
results.

e  Traditional load survey methods, although useful for an
initial characterization, show significant limitations in dy-
namic environments such as university campuses. These
approaches fail to adequately capture hourly variability
and fluctuations typical of buildings with mixed-use pro-
files and variable occupancy schedules.

e  The comparison between estimated load curves, based
on traditional surveys, and real curves obtained through
intelligent metering reveals significant discrepancies in
both shape and magnitude. Load profiles derived from
AMI data more accurately detect demand peaks, stable
consumption periods, and atypical behaviors, thus
demonstrating their value for a more precise and data-
driven energy management approach.

e  The case of the Humanities Graduate Building (Building
225) illustrates how the integration of advanced meter-
ing and detailed analysis enables the construction of
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more representative models of a university’s energy sys-
tem. This provides key inputs for informed decision-
making in campus energy planning, efficiency, and sus-
tainability. In conclusion, an AMI infrastructure, coupled
with adequate analytical methodologies, is essential for
advancing toward smart energy management in higher
education institutions.

Acknowledgements

The authors thank the Oficina de Gestion Ambiental (OGA) of the
Bogota campus of the National University of Colombia for provid-
ing the smart metering data used in this study. The authors also
acknowledge the administrative staff of Building 225 for their sup-
port in allowing the load survey to be carried out on their prem-
ises.

Author contributions

The authors’ contributions are presented according to the Con-
tributor Roles Taxonomy (CRediT):

e  Conceptualization: Sandra Téllez

e Methodology: Sandra Téllez, Diana Gomez

e  Data curation: Diana Gémez, Miller Rico

e Formal analysis: Sandra Téllez, Diana Gémez, Miller Rico
®  Investigation: Sandra Téllez

e  Visualization: Diana Gémez, Miller Rico

e Writing — original draft: Sandra Téllez, Miller Rico

e Writing — review & editing: Sandra Téllez, Diana Gémez,
Miller Rico

All authors have read and approved the final version of the manu-
script.

Conflicts of interest

The authors declare that they have no conflicts of interest relevant
to this work.

Data availability

The dataset used in this study includes AMI meter readings and
the load-inventory data. Raw AMI data are subject to institutional
restrictions and cannot be publicly shared in raw form. Aggregated
hourly data used for the analyses and the scripts/code to repro-
duce the figures and results are available from the corresponding
author upon reasonable request. Any data-sharing will comply
with institutional policies and privacy considerations.

References

[1] S. M. Téllez Gutiérrez, Planteamiento de estrategias para la
Gestion de la Demanda desde el usuario activo en una red
eléctrica inteligente, Ph.D. dissertation, Universidad Nacional de
Colombia, Bogotd, Colombia, 2022. [Online]. Available:
https://repositorio.unal.edu.co/items/1d4d2dba-baa3-4c99-
bc18-1a765ff5cb84. [Accessed: Apr. 28, 2025].

[2] P. A. Medina Wintaco, S. M. Téllez Gutiérrez, and O. F. Prias,
"End-use energy indicator approach to improve energy
performance at the National University of Colombia - Bogotd,
under the parameters of the ISO 50001 standard," Trans. Energy
Syst. Eng. Appl., vol. 3, no. 2, art. 460, 2022. [Online]. Available:



https://repositorio.unal.edu.co/items/1d4d2dba-baa3-4c99-bc18-1a765ff5cb84
https://repositorio.unal.edu.co/items/1d4d2dba-baa3-4c99-bc18-1a765ff5cb84

https://revistas.utb.edu.co/tesea/article/view/460. DOI:
10.32397/tesea.vol3.n2.460. [Accessed: Apr. 28, 2025].

[3] M. Pachén Herndndez, S. Carvajal Quintero, and J. Marin
Jiménez, "Esquemas de eficiencia energética usando
infraestructura de medicion avanzada en Colombia para
demanda concentrada," in Proc. XI Simposio Internacional de
Calidad de la Energia Eléctrica (SICEL), Valledupar, Colombia,
Nov. 2023. [Online]. Available:
https://www.researchgate.net/publication/382840628 Esquema
s de Eficiencia Energetica Usando Infraestructura de Medici
on_Avanzada en Colombia para Demanda Conce. DOl
10.15446/sicel.v11.110267. [Accessed: Apr. 28, 2025].

[4] S. M. Téllez Gutiérrez, J. Rosero Garcia, and R. Céspedes
Gandarillas, "Sistemas de medicién avanzada en Colombia:
beneficios, retos y oportunidades,” Ingenieria y Desarrollo, vol. 36,

no. 2, pp. 469-488, 2018. [Online]. Available:
https://www.scielo.org.co/scielo.php2pid=S0122-
34612018000200469&script=sci abstract&ting=es. [Accessed:

Apr. 28, 2025].

[5] M. Pachén Herndndez, Propuesta técnica para la
implementacion de la infraestructura de mediciéon avanzada en
Colombia a partir de los esquemas de eficiencia energética en
demanda concentrada, M.S. thesis, Facultad de Ingenieria y
Arquitectura, Universidad Nacional de Colombia, Manizales,
Colombia, 2024. [Online]. Available:
https://repositorio.unal.edu.co/handle/unal/86725. [Accessed:
Apr. 28, 2025].

[6] S. Téllez-Gutiérrez and O. Duarte-Velasco, "A Model for
Quantifying Expected Effects of Demand-Side Management
Strategies," TecnolLdgicas, vol. 25, no. 54, e2357, Jun. 2022.
[Online]. Available:
https://revistas.itm.edu.co/index.php/tecnologicas/article/view
/2357. DOI: 10.22430/22565337.2357. [Accessed: Apr. 28, 2025].

[7] M. R. Berthold, C. Borgelt, F. Hoppner, F. Klawonn, and R. Silipo,
Guide to Intelligent Data Science: How to Intelligently Make Use
of Real Data. Cham, Switzerland: Springer, 2020. [Online].
Available: https://link.springer.com/book/10.1007/978-3-030-
45574-3. [Accessed: Apr. 28, 2025].

[8] Colombia Inteligente, Datos para una Red Infeligente:
Referenciamiento, Dec. 2024. [Online]. Available:
https://colombiainteligente.org/producto/datos-para-una-red-
inteligente-referenciamiento/. [Accessed: Apr. 28, 2025].

[?] Pontificia Universidad Javeriana Cali, Informe de Sostenibilidad
2022. [Online]. Available:
https://www.javerianacali.edu.co/sites/default/files/2023-

SICEL XII

0%9/Informe_Gestion%20Ambiental 2022.pdf. [Accessed: Apr. 28,
2025].

[10] N. Virgen and P. Ramirez, Evaluacion de la gestion energética
en la Universidad ICESI, Project report, Universidad ICESI, Facultad
de Ingenieria, Programa de Ingenieria Industrial, Cali, Colombia,
2019. [Online]. Available:
https://repository.icesi.edu.co/biblioteca_digital/bitstream/1090
6/87587/1/1G03089.pdf. [Accessed: Apr. 28, 2025].

[11] F. Tenorio Diaz, Primera universidad del suroccidente
colombiano con un Campus certificado como Carbono Neutro,
Campus Sostenible, Nov. 6, 2024. [Online]. Available:
https://campussostenible.org/campus-sostenible-uao/primera-
universidad-del-suroccidente-colombiano-con-un-campus-
certificado-como-carbono-neutro/. [Accessed: Apr. 28, 2025].

[12] P. A. Medina Wintaco, Disefio y esfructuracion de indicadores

de desempeino energético y gestion de la demanda en
edificaciones universitarias: caso Universidad Nacional de
Colombia - Bogotd, M.S. thesis, Universidad Nacional de
Colombia, Bogotd, Colombia, 2022. [Online]. Available:
https://repositorio.unal.edu.co/items/8116674e-eaf0-4d26-97ea-
7672ad1fbé9f. [Accessed: Apr. 28, 2025].

[13] S. Forero Salcedo, Evaluacion del desempeno energético de
una edificacion universitaria con enfoque ambiental y cultural:
caso sede Palmira de la Universidad Nacional de Colombia, M.S.
thesis, Universidad Nacional de Colombia, Palmira, Colombia,
2024.

[14] S. Kéhler, R. Rongstock, M. Hein, and U. Eicker, "Similarity
measures and comparison methods for residential electricity
load profiles," Energy and Buildings, vol. 271, art. 112327, 2022.
[Online]. Available:
https://doi.org/10.1016/j.enbuild.2022.112327. [Accessed: Apr.
28, 2025].

[15] A. V. Araujo-Badiel, D. F. Mejia-Carmona, and L. O. Gonzdlez-
Salcedo, "Metodologias para la evaluacién de la eficiencia
energética en edificaciones universitarias: revisién literaria,"
Ingenieria y Competitividad, vol. 25, suppl., e-30313080, 2023.
DOI:  10.25100/iyc.v25isuplemento.13080. [Online]. Available:
https://revistaingenieria.univalle.edu.co/index.php/ingenieria_y
competitividad/article/view/13080. [Accessed: Apr. 28, 2025].

[16] O. G. Duarte, J. A. Rosero, and M. del C. Pegalgjar, "Data
preparation and visualization of electricity consumption for load
profiling," Energies, vol. 15, no. 20, art. 7557, 2022. [Online].
Available: https://www.mdpi.com/1996-1073/15/20/7557. DOI:
10.3390/en15207557. [Accessed: Apr. 28, 2025].



https://revistas.utb.edu.co/tesea/article/view/460
https://www.researchgate.net/publication/382840628_Esquemas_de_Eficiencia_Energetica_Usando_Infraestructura_de_Medicion_Avanzada_en_Colombia_para_Demanda_Conce
https://www.researchgate.net/publication/382840628_Esquemas_de_Eficiencia_Energetica_Usando_Infraestructura_de_Medicion_Avanzada_en_Colombia_para_Demanda_Conce
https://www.researchgate.net/publication/382840628_Esquemas_de_Eficiencia_Energetica_Usando_Infraestructura_de_Medicion_Avanzada_en_Colombia_para_Demanda_Conce
https://www.scielo.org.co/scielo.php?pid=S0122-34612018000200469&script=sci_abstract&tlng=es
https://www.scielo.org.co/scielo.php?pid=S0122-34612018000200469&script=sci_abstract&tlng=es
https://repositorio.unal.edu.co/handle/unal/86725
https://revistas.itm.edu.co/index.php/tecnologicas/article/view/2357
https://revistas.itm.edu.co/index.php/tecnologicas/article/view/2357
https://link.springer.com/book/10.1007/978-3-030-45574-3
https://link.springer.com/book/10.1007/978-3-030-45574-3
https://colombiainteligente.org/producto/datos-para-una-red-inteligente-referenciamiento/
https://colombiainteligente.org/producto/datos-para-una-red-inteligente-referenciamiento/
https://www.javerianacali.edu.co/sites/default/files/2023-09/Informe_Gestion%20Ambiental_2022.pdf
https://www.javerianacali.edu.co/sites/default/files/2023-09/Informe_Gestion%20Ambiental_2022.pdf
https://repository.icesi.edu.co/biblioteca_digital/bitstream/10906/87587/1/TG03089.pdf
https://repository.icesi.edu.co/biblioteca_digital/bitstream/10906/87587/1/TG03089.pdf
https://campussostenible.org/campus-sostenible-uao/primera-universidad-del-suroccidente-colombiano-con-un-campus-certificado-como-carbono-neutro/
https://campussostenible.org/campus-sostenible-uao/primera-universidad-del-suroccidente-colombiano-con-un-campus-certificado-como-carbono-neutro/
https://campussostenible.org/campus-sostenible-uao/primera-universidad-del-suroccidente-colombiano-con-un-campus-certificado-como-carbono-neutro/
https://repositorio.unal.edu.co/items/8116674e-eaf0-4d26-97ea-7672ad1fb69f
https://repositorio.unal.edu.co/items/8116674e-eaf0-4d26-97ea-7672ad1fb69f
https://doi.org/10.1016/j.enbuild.2022.112327
https://revistaingenieria.univalle.edu.co/index.php/ingenieria_y_competitividad/article/view/13080
https://revistaingenieria.univalle.edu.co/index.php/ingenieria_y_competitividad/article/view/13080
https://www.mdpi.com/1996-1073/15/20/7557

SICEL XII



