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EXECUTIVE SUMMARY (FOR INTERNSHIP)

The efficient management of energy consumption in buildings is crucial for reducing
environmental impact and optimizing resource utilization. In this project, we explore the
application of machine learning techniques for predicting building energy consumption.
Leveraging a dataset containing various features such as building characteristics, weather
data, and historical energy usage, our goal is to develop accurate predictive models that can

forecast future energy consumption patterns.

The project begins with exploratory data analysis to gain insights into the relationships
between different variables and their impact on energy consumption. Feature engineering
techniques are employed to extract relevant information from the dataset, including time-

series analysis of historical energy usage and weather patterns.

We then implement and evaluate several machines learning algorithms, including linear
regression, random forest, and gradient boosting, to predict energy consumption. Model
performance is assessed using metrics such as Root Mean Squared Error (RMSE), and

coefficient of determination (R-squared).

Our results demonstrate the effectiveness of machine learning approaches in accurately
predicting building energy consumption. The developed models provide valuable insights into
the factors influencing energy usage and can be utilized for energy-efficient building

management and policy-making initiatives.

Overall, this project highlights the importance of data-driven approaches in addressing energy
challenges and underscores the potential of machine learning in optimizing energy efficiency
in buildings.
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CHAPTER 1: INTRODUCTION

Energy consumption in buildings constitutes a significant portion of overall energy usage,
making it a key focus area for sustainability efforts and cost optimization. The ability to
accurately predict building energy consumption can enable better resource management,
reduced environmental impact, and improved energy efficiency. In this project, we delve into
the realm of building energy prediction using machine learning techniques.

The project aims to develop predictive models that can forecast building energy consumption
based on various factors such as building characteristics, weather conditions, occupancy
patterns, and historical energy usage data. By leveraging a diverse dataset encompassing these
features, our objective is to harness the power of data-driven approaches to optimize energy

management strategies.

Through exploratory data analysis, feature engineering, and machine learning model
development, we seek to uncover insights into the complex relationships between different
variables and their influence on energy consumption patterns. By understanding these
relationships, we aim to create robust predictive models capable of accurately forecasting

future energy usage trends.

The outcomes of this project have the potential to revolutionize energy management practices
in buildings, offering stakeholders valuable insights and tools for making informed decisions
regarding energy efficiency initiatives, resource allocation, and sustainability goals. By
harnessing the predictive power of machine learning, we endeavor to pave the way towards a

more sustainable and energy-efficient future for buildings and communities.




CHAPTER 2: LITERATURE SURVEY

The prediction of building energy consumption has garnered significant attention in recent
years, driven by the increasing emphasis on sustainability, energy efficiency, and
environmental conservation. A review of the existing literature reveals a wealth of research
focusing on various aspects of building energy prediction, ranging from modeling techniques

to data sources and applications.

Modelling Techniques:

Several modelling techniques have been explored for building energy prediction, including
traditional statistical methods and machine learning algorithms. Linear regression models have
been commonly used for their simplicity and interpretability, but they may not capture the
complex nonlinear relationships inherent in building energy data. In contrast, machine learning
algorithms such as random forests, gradient boosting, and neural networks offer greater
flexibility and predictive power, allowing for more accurate and robust energy consumption

forecasts.

References:

1. Hong, T., & Lin, H. (2013). A review of building energy modeling for control and operation.
Renewable and Sustainable Energy Reviews, 22, 34-45.

2. Zhao, L., Magoulees, F., & Sicard, P. (2019). A review of building energy consumption
prediction models: Data-driven and hybrid approaches. Renewable and Sustainable Energy
Reviews, 104, 275-291.

Data Sources:

Building energy prediction models rely on a diverse range of data sources, including building
characteristics, weather data, occupancy patterns, and historical energy usage. The availability
and quality of these data sources significantly impact the accuracy and reliability of energy
consumption forecasts. Integration of advanced sensing technologies, loT devices, and
building management systems has enabled real-time data collection and enhanced model

performance.




References:

1. Kumar, S., & Wahab, M. A. (2020). A review of data-driven and machine learning
approaches for building energy consumption prediction. Applied Energy, 268, 115074.

2. Afshari, S., Mahyari, A., & Sayyaadi, H. (2018). Review of prediction models for building

energy consumption. Renewable and Sustainable Energy Reviews, 82, 110-124.

Applications:

Predictive models for building energy consumption have diverse applications across various
sectors, including commercial buildings, residential complexes, educational institutions, and
healthcare facilities. These models are utilized for energy management, demand response,
optimization of HVAC systems, and decision-making support for building operators and

policymakers.

References:

1.Jin, X., &Jin, Y. (2016). Review of building energy-use prediction models. Renewable and
Sustainable Energy Reviews, 56, 368-379.

2. Tsanas, A., Xifara, A., & Karamanos, K. (2020). A review of building energy consumption
prediction studies: From statistical models to machine learning algorithms. Energy and
Buildings, 225, 110365.

In summary, the literature review underscores the importance of building energy prediction as
a critical component of energy management and sustainability efforts. By leveraging advanced
modelling techniques and integrating diverse data sources, predictive models hold immense
potential for optimizing energy usage, reducing costs, and mitigating environmental impact in

buildings.



CHAPTER 3: COMPANY PROFILE

@ kloudspot

Ground Floor, IndiQube, Gamma 154, 172, Outer Ring Rd, Kadubeesanahalli, Marathahalli, Bengaluru,
Karnataka 560103

Kloudspot provides a platform for transforming physical locations with data. Enhancing
people's work experiences and customer connections is the company's aim. The goal of

Kloudspot's platform is to establish secure, interesting, and cooperative work environments.

Location-based services, actionable insights, and real-time data and analytics are a few of
Kloudspot's capabilities. Additionally, Kloudspot may be linked with already-in-use corporate

software.

The post lists a number of advantages of utilizing Kloudspot, such as higher income, lower
costs, and better staff engagement. Numerous sectors, including retail, healthcare, and

transportation, use Kloudspot.

The platform developed by Kloudspot collects data from multiple sources, including Bluetooth
signals, Wi-Fi, temperature and humidity sensors, and even cameras that are connected. They
evaluate this data using Al, offering real-time insights on people's move about and

communicate in a physical area.

These observations are useful in addition to being instructive. Companies can use this data to
tailor employee and consumer experiences. Consider a retail establishment that uses Kloudspot
to provide customized promotions to a consumer's phone depending on where they are in the

store.



CHAPTER 4: PROBLEM FORMULATION

Building energy consumption represents a significant portion of overall energy usage and is
influenced by various factors such as building characteristics, weather conditions, occupancy
patterns, and operational practices. The ability to accurately predict building energy
consumption is crucial for optimizing energy management strategies, reducing environmental
impact, and achieving sustainability goals. However, building energy prediction poses several
challenges, including the complexity of energy usage patterns, the dynamic nature of building

environments, and the availability of diverse and heterogeneous data sources.

In this project, our primary objective is to develop predictive models that can forecast building
energy consumption with high accuracy and reliability. Specifically, we aim to address the

following key aspects:

1. Data Collection and Preprocessing: We will gather a comprehensive dataset containing
information on building characteristics, weather data, historical energy usage, and other
relevant factors. This dataset will be subjected to thorough preprocessing steps, including data

cleaning, normalization, and feature engineering, to ensure its suitability for model training.

2. Model Development: We will explore various machine learning algorithms, including
linear regression, random forest, gradient boosting, and neural networks, to develop predictive
models for building energy consumption. These models will be trained using historical energy
usage data and other relevant features to learn the underlying patterns and relationships.

3. Evaluation and Validation: The performance of the developed models will be evaluated
using appropriate metrics such as Root Mean Squared Error (RMSE) and coefficient of
determination (R-squared). We will conduct rigorous validation experiments to assess the

generalization ability of the models across different time periods and building types.

4. Insights and Interpretation: We will analyse the insights gained from the predictive
models to understand the key factors influencing building energy consumption. This analysis
will provide valuable information for optimizing energy management strategies, identifying

areas for efficiency improvements, and informing decision-making processes.




CHAPTER 5: PROPOSED METHODOLOGY

Building Energy Prediction

OVERVIEW

Building energy prediction and performance analytics offer significant opportunities to save
energy, reduce carbon emissions, and lower operating costs for building owners. Machine
learning and prediction techniques are essential in identifying energy-saving opportunities and
assessing the risks and benefits of implementing changes.

GoOALS

1.

Identifying the essential features for building energy prediction involves distinguishing
between hard-coded and optional features. Hard-coded features are those crucial for
accurate predictions, while optional features may provide additional insights but are not
strictly necessary

. Collecting and preparing data for prediction entails gathering relevant information such as

building characteristics, weather data, and historical energy usage.

. Applying various machine learning models for building energy prediction involves testing

different ml algorithms

Finally, analysing and presenting the predictions or results involves interpreting the model
outputs and identifying patterns or trends. These insights help stakeholders to understand
the implications of the predictions and make informed decisions about energy efficiency
measures.

HARD CORE & OPTIONAL FEATURES

Hard Core Features are essential features that directly impact energy consumption. They are
crucial for accurate energy predictions and are typically included in all models.

Optional Features provide additional insights but may not be essential for basic energy
predictions. Including these features can enhance the accuracy and granularity of predictions
but may require more data and computational resources



Hard Core Feature

—» Timestamp

—>» Site Location
— Building ID

—> Building Type
—» Meter Type

—>» Meter Reading
—>» Occupancy

—>» Gross Floor Area
—> latitude

—» Longitude

—» Air Temperature
—>» Dew Temperature
— Cloud Coverage

—» Precipitation

—>» Relative Humidity
— Building Age

—» Hour
—>» Day

—» Day of week
—» Month

Optional Feature

| Building
Features

| Weather
Features

Derived
Features

—» Energy Use Intensity (EUI)

DateTime
Features

—>» isHoliday

—» Floor Count
—» Year Built
, . Buildin

—» Lightning Type — Featurgs

—>» Glazing Type

—» Glazing Ratio

—» Wind speed

—>» Wind Direction Weather

—>» Sea Level Pressure Features

—» Solar Radiation

—» Year

—» IsDayTime DateTime
Features

—>» IsWeekEnd

—>» Season

Fig 1: Feature Summary
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DETAILS OF FEATURES

Timestamp: Date and time when the data was recorded.

Site Location: Physical location or site of the building.

Building ID: Unique identifier for each building in the dataset.

Building Type: Classification or type of the building (e.g., residential, office).
Meter Type: Type of meter used for measuring (e.g., electricity, water).
Meter Reading: Recorded measurement from the meter at a specific time.
Occupancy: Number of individuals occupying the building.

Gross Floor Area: Total floor area of building in square feets.

Latitude: Latitude of building location to city level.

. Longitude: Longitude of building location to city level.
. Floor count: Number of floors corresponding to building.

. Building Built: Year corresponding to when building was constructed, in the format

YYYY.

Building Age: Length of time since the building was constructed.
EUI: Energy Use Intensity of a building. (kWh/year/m2)

Lighting Type: Type of lighting system used in the building.
Glazing Type: Type of glazing material or glass used in windows.
Glazing Ratio: Ratio of window area to wall area.

Air Temperature: The temperature of the air in degrees Celsius (°C)

Dew Temperature: The dew point (the temperature to which a given parcel of air must
be cooled at constant pressure and water vapor content in order for saturation to occur) in
degrees Celsius (°C).

Cloud Coverage: Portion of the sky covered in clouds, in_oktas.

Precipitation: The depth of rain or snow precipitation that is measured over a one-hour
accumulation period (mm).

Relative Humidity: The amount of moisture presents in the air relative to the maximum
amount it can hold at a given temperature



https://en.wikipedia.org/wiki/Okta

23. Wind speed: The rate of horizontal travel of air past a fixed point (m/s).

24. Wind Direction: The angle, measured in a clockwise direction, between true north and
the direction from which the wind is blowing (degrees).

25. Sea Level Pressure: The air pressure relative to Mean Sea Level (MSL) (hPa).

26. Solar Radiation: The intensity of radiant energy emitted by the sun.

Site_id Building Type Meter Type Time Zone Lighting Type Glazing Type
1 Orlando FL residential chilledwater  Europe/Dublin CFL Single-pane
2 Cardiff UK education electricity Europe/London LED Double-pane
3 Salt Lake office gas US/Central Fluorescent Triple-pane
4  Dublin Ireland  entertainment hotwater US/Eastern Incandescent Low-emissivity coating
5 London Site1 retail irrigation US/Mountain Halogen Insulated
6 London Site2 parking solar US/Pacific  Solar-powered LED Laminated
7 London Site3 public services steam other Tempered
8 Tempe AZ storage water Reflective
9 Washington DC food Vacuum insulated
10 Berkeley CA religion
11 Princeton NJ healthcare
12 Austin TX utility
13 Ottawa Site1 science
14 Ottawa Site2 other
15 Saint Paul
16 Cornell NY

Table 1: Categorical Features Description




CHAPTER 6: DATASET DETAIL

The entire dataset contains 3,053 energy meters from 1,636 buildings with a range of two full
years (2016 and 2017) at an hourly frequency. These meters were collected from 19 sites across
North America and Europe, with one or more meters per building measuring whole building
electrical, heating and cooling water, steam, and solar energy as well as water and irrigation

meters. The entire dataset after preprocessing has 4,34,90,402 rows and 21 columns.

A sample of a single site (Salt Lake) is taken from the entire dataset for prediction. This site
consists of 10 buildings belonging to 5 different types: Residential, Office, Educational,
Entertainment, and Other. Two-meter types, electricity, and water, are used for prediction. The

sample dataset contains 3,31,834 records and 21 features.

S. No. Site Kaggle Actual Site Name Location Buildings Meters
1 Panther 0 Univ. of Central Florida (UCF) Orlando, FL 136 299
2 Robin 1 Univ. College London (UCL) London, UK 52 67
3 Fox 2 Arizona State Univ. (ASU) Tempe, AZ 137 306
4 Rat 3 Washington DC - City Buildings Washington DC 305 305
5 Bear 4 Univ. of California - Berkeley Berkeley, CA 92 92
6 Lamb 5 Cardiff - City Buildings Cardiff, UK 147 265
7 Eagle 6 Anonymous N/A 47 106
8 Moose 7 Ottawa - City Buildings Ottawa, Ontario 15 43
9 Gator 8 Anonymous N/A 74 74

10 Bull 9 Univ. of Texas - Austin Austin, TX 124 308
11 Bobcat 10 Anonymous Salt Lake 36 116
12 Crow 1 Carleton Univ. Ottawa, Ontario 5 15
13 Wolf 12 Univ. College Dublin (UCD)  Dublin, Ireland 36 66
14 Hog 13 Anonymous Anonymous 163 336
15 Peacock 14 Princeton University Princeton, NJ 106 298
16 Cockatoo 15 Cornell University Cornell, NY 124 282
17 Shrew — UK Parliment London, UK 9 13
18 Swan — Anonymous N/A 21 55
19 Mouse — Ormand Street Hospital London, UK 7 7

Table 2: Dataset Summary

10



Fig 2: Site Geographical Location

Correlation with Target Variable

The correlation heatmap reveals the relationships
between various features and the target variable,
‘meter_reading’. Features like “meter (0.18061),
“occupants’ (0.17648), and “sqft’ (0.13337) have the
highest positive correlations with meter readings,
indicating these factors significantly impact energy
consumption. “Primary_use’ (0.08414) and
“airTemperature™  (0.07485) also show positive
correlations but are less influential.

Conversely, “building_id (-0.14771) and
“relative_humidity” (-0.06815) have negative
correlations, meaning certain buildings and higher
humidity levels tend to lower meter readings. Features
such as ‘timestamp’, ‘"hour’, ‘day, “month’,
“precipDepth1HR", “windDirection’, and “windSpeed
show near-zero correlations, indicating they have
minimal impact on meter readings. This analysis
highlights the most relevant factors for predicting energy
usage, aiding in the development of effective predictive
models.

11

Features

© OpenStreetMap contributors

Correlation with Target Column(Meter_reading)

timestamp
building_id
primary_use
meter

sqft

floor_count
occupants

hour

day

month
dayofweek
airfemperature
relative_humidity
cloudCoverage
sealvlPressure
precipDepth1HR
windDirection

windSpeed

-0.00466

-O 14771

0.08414 0.15

0.18061
0.13337

-0.04252

0.17648

0.04962 0.05

0.10

-0.00754

-0.02142 0.00
-0.02106

0.07485

-0.06815 0.05
-0.01133

-0.00860 -0.10
-0.00478

0.01714

-0.00006

meter_reading

Fig 3: Correlation Heatmap
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CHAPTER 7: EXPLORATORY DATA ANALYSIS (EDA)

In the exploratory data analysis (EDA) for our building energy prediction project, we examined
the correlations between various features and the target variable, "'meter_reading’. The analysis
revealed that “meter” type, number of “occupants’, and building “sgft™ are the most influential
factors, showing significant positive correlations with energy consumption. As we see in the
Fig 6 the meter reading is highly skewed so we that log meter reading for our model training.
These insights will guide the development of more accurate predictive models for building

energy usage.

—— chilledwater
—— electricity .
— gas electricity
hotwater
—— irrigation
—— solar
—— steam
—— water

water

chilledwater

steam

0.0 2.5 5.0 7.5 10.0 12.5 15.0
meter_reading

Fig 4: Meter Reading Distribution Fig 5: Meter Reading Pie chart

sitewise average consumption
2500

2000

g

1500

meter_readin

=
(=]
[=]
(=]

) . .
0 -_- -—-. .
~J

site_id

Fig 6: Site Wise Energy Consumption
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Meter readings through the day
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Fig 9: Energy Trend Through the year




Cloud Coverage
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CHAPTER 8: PYCARET RESULT ANALYSIS

Descrlptlon Value . . B .
. po— coro The Pycar_et_analy5|s reveals valuable |ns_|ghts into
! the predictive models for our project. We
1 Target meter_reading i i i
) conducted regression analysis on the dataset with
2 Target type Regression . . L
. a target variable of "meter reading. After training
3 Original data shape (331834, 11) o ] )
P ———TE the data, we will |dent|fy the best-performing
5 Transiomed train sel shape (232283, 13) model that demonstrates high performance.
6 Transformed test set shape (99551, 13) The Random Forest exhibits the lowest Mean
7 Numeric features ° Absolute Error (MAE) and highest R-squared
8 Date fealures ! (R2) wvalues, indicating better performance
° Preprocess True compared to other models.
10 Imputation type simple
11 Numeric imputation mean Ensemble methods such as Gradient Boosting and
12 Categorical imputation mode AdaBoost Regressors show moderate
13 Fold Generator KFold performance but may benefit from further
14 Fold Number 2 optimization or feature engineering.
15 CPU Jobs -1
Based on these results, we recommend
16 Use GPU False } ) o
_ considering Random Forest for our predictive
17 Log Experiment False . } . i
_ modelling tasks, owing to their superior
18 Experl ment Name reg-default-name .
performance metrics.
19 usli 740c
Table 3: Pycaret Parameters
Model MAE MSE RMSE R2 RMSLE MAPE TT (Sec)
rf Random Forest Regressor 108.4571 147616.2278 384.2086 0.6295 2.0852 0.5063 35.0700
et Extra Trees Regressor 106.7494 152649.4887 390.7038 0.6169 2.0064 0.4893 22.4900
lightgbm Light Gradient Boosting Machine 128.2970 159327.1853 399.1581 0.6001 24501 8.0738 2.2800
xgboost Extreme Gradient Boosting 137.7266 185653.6719 430.8754 0.5341 24756 122764 2.0600
knn K Neighbors Regressor 128.8314 202746.4219 4502737 0.4912 21463 0.7926 1.7700
dt Decision Tree Regressor 122.9288 242998.9021 4929492 03902 2.0209 0.5200 3.2300
gbr Gradient Boosting Regressor 177.5836 270163.9248 519.7730 0.3220 2.7358 21.5874 52.4600
Ir Linear Regression 206.5672 364914.3593 604.0814 0.0842 3.3017 105.5956 0.4400
lasso Lasso Regression 255.6671 364931.2534 604.0954 0.0842 3.3002 105.5690 0.5200
ridge Ridge Regression 256.5667 364914.3632 604.0814 00842 3.3017 1055953 0.4000
lar Least Angle Regression 256.5672 364914.3593 604.0814 00842 3.3017 1055956 0.4000

Table 4: Pycaret Result
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CHAPTER 9: ML TRAINING RESULT
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Electricity 2017-11-25 to 28
[building_1d, primary_use, meter, meter_reading, hour, month, dayofweek, ]

Bobcat_assembly Billy (entertainment)

Actual

Combine R2:0.853
MeterWise R2:0.818
BuildingType R2: 0.818

11-25 00 112512 11-26 00 11-26 12 11-27 00 11-27 12 11-28 00 11-28 12 11-29 00
Bobcat_education Rosalva (education)

Actual

Combine R2:0.956

MeterWise R2:0.984
BuildingType R2: 0.976

11-25 00 11-2512 11-26 00 11-26 12 11-27 00 11-27 12 11-28 0O 11-28 12 11-29 00

Bobcat_lodging_Melaine (residential)

— Combine R2:0.212
— MeterWise R2:0.206
——— BuildingType R2: -1.265

11-25 00 11-25 12 11-26 00 11-26 12 11-27 00 11-27 12 11-28 00 11-28 12 11-29 00
Bobcat_office_Justine (office)

Actual

Combine R2:0.545
MeterWise R2.0.622
BuildingType R2: 0.628

11-25 00 11-25 12 11-26 00 11-26 12 11-27 00 11-27 12 11-28 0O 11-28 12 11-29 00
Bobcat_other_Timothy (other)

= Combine R2:0.479
— MeterWise R2:0.572
—— BuildingType R2: 0.596

11-25 00 11-2512 11-26 00 11-26 12 11-27 00 11-27 12 11-28 0O 11-28 12 11-239 00

Fig 12: Model Training Result without Weather Features for Electricity
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Water 2017-11-25 to 28
[building_id, primary_use, meter, meter_reading, hour, month, dayofweek, ]

Bobcat_assembly Billy (entertainment)

— Actual
— Combine R2:0379
— MeterWise Rp].366

BuildingType

11-2500 11-25 12 11-26 00 11-26 12 11-27 00 11-27 12 11-28 00 11-28 12 11-29 00

Bobcat_education_Rosalva (education)

Actual

Combine R2:0.743
MeterWise R2:0.671
BuildingType R2: 0.621

11-25 00 112512 11-26 00 11-26 12 11-27 00 11-27 12 11-28 00 11-28 12 11-29 00
Bobcat_lodging_Melaine (residential)

Actual

Combine R2:0.306

MeterWise R2:0.337
BuildingType RE- 0.331

11-25 00 112512 11-26 00 1126 12 11-27 00 1127 12 11-28 00 112812 11-29 00
Bobcat_office_.Justine (office)

—— Actual

— Combine R2:0.544
— MeterWise R2:0.445
——— BuildingType R2: 0.424

S | S

11-25 00 11-25 12 11-26 00O 11-26 12 11-27 00 11-27 12 11-28 00 11-28 12 11-29 00

Bobcat_other_Timothy (other)

Actual

Combine R2:0.427
MeterWise R2:0.398
BuildingType R2: 0.383

o o~

11-25 00 11-25 12 11-26 00 11-26 12 11-27 00 11-27 12 11-28 00 11-28 12 11-23 00

Fig 13: Model Training Result without Weather Features for Water




Electricity 2017-11-25 to 28

[building_id, primary_use, meter, hour, month, dayofweek, airTemperature, relative_humidity, cloudCoverage, precipDepth1HR]
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11-25 00

Bobcat_assembly_Billy (entertainment)

11-2512 11-26 00 11-26 12 11-27 00

Combine R2:0.848
—_— MeterWise R2:0.819
——— BuildingType R2: 0.745

11-27 12 11-28 00 11-28 12 11-29 00

Bobcat_education_Rosalva (education)

Actual

Combine R2:0.951
MeterWise R2:0.977
BuildingType R2: 0.964

11-25 00 11-2512 11-26 00 11-26 12 11-27 00

11-27 12 11-28 00 1-2812 11-29 00

Bobcat_lodging_Melaine (residential)

— Actual

11-25 00 11-2512 11-26 00 11-26 12 11-27 00

= Combine R2:0.742
— MeterWise R2:0.755
—— BuildingType R2: 0.686

11-27 12 11-28 00 11-28 12 11-29 00

Bobcat_office_Justine (office)

Actual

Combine R2:0.555
MeterWise R2:0.598
BuildingType R2: 0.565

11-25 00 11-2512 11-26 00 11-26 12 11-27 00
Bobcat_other_Timothy (other)

11-25 00 11-2512 11-26 00 11-26 12 11-27 00

11-27 12 11-28 00 11-28 12 11-29 00

Actual
= Combine R2:0.57
— MeterWise R2:0.698
——— BuildingType R2: 0.645

11-27 12 11-28 00 11-28 12 11-29 00

Fig 14: Model Training Result with Weather Features for Electricity




Water 2017-11-25 to 28

[building_id, primary_use, meter, hour, month, dayofweek, airTemperature, relative_humidity, cloudCoverage, precipDepth1HR]
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Bobcat_assembly_Billy (entertainment)

11-25 00 11-25 12 11-26 00 11-26 12 11-27 00 1-27 12 11-28 00 11-28 12 11-29 00
Bobcat_education_Rosalva (education)

= Actual

w—  Combine R2:0.721
— MeterWise R2:0.705
- BuildingType R2: 0.544

11-25 00 11-2512 11-26 00 11-26 12 11-27 00 1-27 12 11-28 00 11-28 12 11-29 00
Bobcat_lodging_Melaine (residential)

—  Actual

= Combine R2:0.218
- MeterWise R2:0.275
—— BuildingType RR: 0.163

11-25 00 11-25 12 11-26 00 11-26 12 11-27 00 11-27 12 11-28 00 11-28 12 11-29 00
Bobcat_office_Justine (office)
=  Actual
= Combine R2:0.599

- MeterWise R2:0.575
~— BuildingType R2: 0.472

11-25 00 11-25 12 11-26 00 11-26 12 11-27 00 11-27 12 11-28 00 11-28 12 11-29 00

Bobcat_other_Timothy (other)

= Actual

e Combine R2:0.342
— MeterWise R2:0.372
~— BuildingType R2: 0.373

11-25 00 11-25 12 11-26 00 11-26 12 11-27 00 11-27 12 11-28 00 11-28 12 11-29 00

Fig 15: Model Training Result with Weather Features for Water




CHAPTER 10: ANN MODEL RESULT

Pl

R2 Score

Model: “"sequential”

Layer (type) Output Shape Param #
dense (Dense) (None, 64) 704
dense 1 (Dense) (None, 128) 8,320
dense 2 (Dense) (None, 256) 33,024
dense_3 (Dense) (None, 128) 32,896 o
dense 4 (Dense) (None, 64) 8,256
dense 5 (Dense) (None, 1) 65

Total params: 83,265 (325.25 KB)

Trainable params: 83,265 (325.25 KB)

Non-trainable params: 0 (0.00 B)
Table 5: ANN Model Summary
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Epoch
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—— Validation R2 Score

125 15.0 17.5

Fig 16: ANN Training Summary




Electricity 2017-11-21 to 21

[building_id, primary_use, meter, hour, month, dayofweek, airfTemperature, relative_humidity, cloudCoverage, precipDepth1HR]
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Meter Reading
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Bobcat_assembly_Billy (entertainment)

Actual

Combine R2:0.838
ANN R2:0.851
MeterWise R2:0.833
BuildingType R2: 0.77

0O oL 02 03 04 05 06 O7 08 09 10 11 12 18 14 15 16 17 18 19 20 21 22 23
Bobcat_education_Rosalva (education)

Actual

Combine R2:0.942
ANN R2:0.868
MeterWise R2:0.956
BuildingType R2: 0.943

00 oL o2 w3 04 [+:5] 05 a7 o] 9 10 11 12 13 14 15 16 17 13 19 20 21 22 23

Bobcat_lodging_Melaine (residential)

Actual

Combine R2:-0.284
ANN R2:-0.413
MeterWise R2:-0.38
BuildingType R2: -0.448

00 oL 02 053 04 05 05 o7 [+ o] 10 11 12 13 14 15 16 17 1a 19 20 21 22 23

Bobcat_office_Justine (office)

Actual

Combine R2:0.632
ANN R2:0.315
MeterWise R2:0.69
BuildingType R2: 0.68

00 oL o2 053 04 o5 05 a7 a8 o] 10 11 12 13 14 15 16 17 1a 19 20 21 22 23
Bobcat_other_Timothy (other)

Actual
Combine R2:0.645
ANN R2:0.316
MeterWise R2:0.67
BuildingType R2: 0.704

oL o2 o3 04 4] 06 o7 o8 o9 10 11 12 13 14 15 16 17 13 12 20 21 22 23

Fig 17: ANN Model Training Result for Electricity




Water 2017-11-21
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o1 o2 03 [ 05 06 o7 o8 o9 10 1 1z 13 14 15 16 17 18 19 20 21 22 23
Bobcat_education_Rosalva (education)

— Actual
—— Combine R2:0.732
= ANN R2:0.621

MeterWise R2:0.723
BuildingType R2: 0.523

o 0z a3 04 o 06 o7 08 o9 10 11 12 13 14 15 16 17 18 19 20 21 2 23

Bobcat lodging Melaine (residential)

Actual

Combine R2:0.424
ANN R2:0.197
MeterWise R2:0.427
Building Type R2: 0.369

01 -3 02 o 05 06 o7 08 o 10 1 12 13 14 15 16 17 18 19 0 21 2 23
Bobcat_office_Justine (office)

— Actual

= Combine R2:0.453
s ANN R2:0.434

— MeterWise R2:0.433
= BuildingType R2: 0.395

o1 02 a3 [+ 05 06 o7 08 (o] 10 11 1z 13 14 15 16 17 18 19 20 21 22 23

Bobcat_other_Timothy (other)

— Actual

= Combine R2:0.319
= ANN R2:-0.135

— MeterWise R2:0.325
—— BuildingType R2: 0.296

v ———— e

o1 0z a3 o4 o 06 o7 08 o9 10 11 1z 13 14 15 16 17 18 19 20 21 2 23

Fig 18: ANN Model Training Result for Water




CHAPTER 11: DAILY MODEL TRAINING RESULT

Electricity 2017-11-25 to 28
[building_id, primary_use, meter, meter_reading, sqft, floor_count, dayofweek, month, year, airfemperature, cloudCoverage, relative_humidity, precipDepth1HR, ]

Bohcat_assembly_Billy (entertainment)

3500
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2500
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Meter Reading

g.

1000

500

Bohcat_education_Rosalva (education)

. Actual
2000 WM Combine R2:0.24
BN MeterWise R2:0.821
-
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Fig 19: Daily Model Training Result for Electricity




Water 2017-11-25 to 28
[building_id, primary_use, meter, meter_reading, sqft, floor_count, dayofweek, month, year, airfemperature, cloudCoverage, relative_humidity, precipDepth1HR, ]
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Fig 20: Daily Model Training Result for Water
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ANNEXURE-1
LEARNING OUTCOMES

During my internship focused on building energy prediction using machine learning, | achieved

several key learning outcomes:

1.

Data Preprocessing and Cleaning: | gained hands-on experience in preparing large datasets
for analysis, including handling missing values, normalizing data, and encoding categorical
variables.

Exploratory Data Analysis (EDA): | developed skills in conducting comprehensive EDA
to uncover patterns and relationships within the data, such as identifying key features that
influence energy consumption.

Feature Engineering: | learned how to create new features and select the most relevant ones
to improve model performance, based on insights from the correlation analysis and domain
knowledge.

Model Selection and Evaluation: | became proficient in selecting appropriate machine
learning algorithms for regression tasks, including linear regression, decision trees, and
ensemble methods. I also learned how to evaluate model performance using metrics such as
RMSE, MAE, and R2,

Hyperparameter Tuning: | practiced optimizing model performance by tuning
hyperparameters using techniques like grid search and random search, enhancing the
accuracy and efficiency of the predictive models.

Visualization and Reporting: | improved my ability to visualize data and model results
using tools like Matplotlib and Seaborn, and effectively communicated findings and insights
through clear, concise reports and presentations.

Collaboration and Communication: | experienced the collaborative nature of data science
projects, working with team members to share insights, troubleshoot issues, and integrate

feedback into the modelling process.

These outcomes have equipped me with a solid foundation in machine learning and data analysis,

preparing me for future challenges in the field of predictive modelling and beyond.
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ANNEXURE-2

DAILY DIARY

Week

Duration
Start date — End date
(DD/MMI/YY) - (DD/IMM/YY

Progress of Internship/Project

Week 1

01/01/24 - 07/01/24

Introduction and Orientation
Introduction to the team and project
Overview of project goals and timelines.

Set up development environment and tools.

Week 2

08/01/24 - 14/01/24

Data Collection and Initial Analysis
Collect initial datasets for analysis
Perform data cleaning and preprocessing.

Begin exploratory data analysis (EDA).

Week 3

15/01/24 - 21/01/24

Deep Dive into EDA
Conduct detailed exploratory data analysis.
Identify key features and correlations.

Document findings and initial insights.

Week 4

22/01/24 - 28/01/24

Feature Engineering
Create new features based on EDA insights.
Select relevant features for modelling.

Begin preliminary feature selection.

Week 5

29/01/24 - 04/02/24

Model Selection

Research and select appropriate machine learning
models.

Set up baseline models for comparison.

Evaluate initial model performance.

Week 6

05/02/24 - 11/02/24

Model Training
Train multiple machine learning models.
Implement cross-validation techniques.

Analyse and compare model performance metrics.

28




Week 7

12/02/24 - 18/02/24

Hyperparameter Tuning
Conduct hyperparameter tuning for selected models.
Use grid search and random search techniques.

Optimize model parameters.

Week 8

19/02/24 - 25/02/24

Model Evaluation

Evaluate tuned models on validation datasets.

Compare performance using RMSE, MAE, and R?
metrics.

Select the best performing model.

Week 9

26/02/24 - 03/03/24

Deployment Preparation
Prepare the final model for deployment.
Document the model pipeline and workflow.

Develop scripts for model deployment.

Week 10

04/03/24 - 10/03/24

Model Deployment
Deploy the model in a test environment.
Monitor model performance and outputs.

Debug and refine deployment scripts as needed.

Week 11

11/03/24 - 17/03/24

Performance Monitoring
Continuously monitor deployed model.
Collect performance data and user feedback.

Make necessary adjustments and improvements.

Week 12

18/03/24 - 24/03/24

Final Adjustments and Documentation

Implement final adjustments based on feedback.
Thoroughly document the project process and
outcomes.

Prepare final report.

Week 13

25/03/24 - 31/03/24

Presentation and Wrap-Up
Prepare presentation of the project.
Present findings and outcomes to the team.

Reflect on learning outcomes and experiences.
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THE END



