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ABSTRACT 

Collecting data for providing energy analytics services has closely been dependent on Building Management Systems 

(BMSs). A BMS connected to a set of sensors and other electronic devices aims at observing a collection of rooms in terms 

of temperature, humidity, and other energy related metrics with the goal of maximining user comfort while preserving 

energy consumption. The tasks of collecting, preprocessing, storing and querying data on a BMS faces the same challenges 

with those of querying big data in terms of scalability, data heterogeneity, and integration. This paper presents a framework 

that addresses the problem of collecting sensor data in one enriched data warehouse which follows a common ontology 

model. Data from various data sources is homogenized by appropriate data preprocessing and feature extraction techniques. 

The framework allows timeseries-oriented querying with the target outcome of providing stakeholders high detailed 

analytics services for decision making on energy consumption optimization, building renovation and financing. 
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1. INTRODUCTION 

Managing data on the energy sector is of significant importance since the building sector accounts for almost 

one fourth of the energy consumed worldwide (International Energy Outlook 2016), for electric lighting (Yun 

et al., 2012) and appliances (Ridi et al., 2014). The problem becomes even greater when it comes down to CO2 

emissions as the building sector is responsible for almost 40% of the global CO2 emissions (Hu, 2022). The 

rapid rise in the energy demand of the building sector comes along with the exponential growth of networking 

capabilities including the Internet of Things (IoT) (Marinakis & Doukas, 2018), which has led to an outburst 

of data collected by sensors in large scale networks. Thus, efficient management on the building sector is of 

crucial importance for preserving energy consumption and further reducing environmental harm. Big data 

querying frameworks try to leverage the problem of collecting, processing, and providing data analytics 

services. Many approaches have integrated big data analytics methods for efficient data management on the 

building sector and will be analyzed thoroughly in the next sections. 

The problem of handling data from buildings addresses a number of challenges as mentioned in 

 (Pau et al., 2022). Firstly, the problem of automated data integration, as data is collected from various data 

sources and includes both real time and historical data. Secondly, the problem of data scaling, as sensors 

produce densely populated data on a high rate leading to large quantity of data within a small-time frame. The 

data heterogeneity is another major concern, as data is stored in different formats between sensors which makes 

data preprocessing a complex task, so a common ontology model is needed to project data from various data 

sources onto a common dataspace. Finally advanced monitoring and querying both real time and historical data 

along with aggregations is a complex but essential task for supporting high level user driven services 

(Marinakis et al., 2020). 

The purpose of this paper is to present a framework for managing big data from the building sector. The 

proposed framework manages to efficiently deal with the aforementioned challenges. The steps of the 

framework are the following: Collecting data, to support efficient big data management and scalability the 

solution is built upon a data warehouse which receives real time streams of data from various sensors. 



Preprocessing data, with appropriate feature extraction, normalization, data harmonization techniques and 

ontology modelling. A common ontology model will be used to address the problem of data heterogeneity 

which not only reuses existing ontologies models like BRICK (Balaji et al., 2016) and SAREF (Daniele et al., 

2015) but is also FIWARE compliant (Rodriguez et al., 2018) to ensure data sovereignty and protection. Storing 

the processed data in a timeseries database that will allow high level time series querying thus allowing users 

to have a deeper understanding on how the energy consumption varies on different indoor and outdoor 

parameters.  

2. BACKGROUND 

As mentioned in (Minoli et al., 2017) a traditional BMS comprises of the following layers: The field layer, 

which consists of all the sensors installed on the building premises. The automation layer, which applies 

strategies derived from a set of rules. The management layer, that manages the functionality of a BMS. BMSs 

are often limited in storage capacity and act isolated from the entire network. In the same research a system for 

collecting building data is structured that uses the notion of virtual objects that can be mapped to a real sensor 

through an ID created by a specialized collector. Tokens are used to protect the data flow and a MySQL 

database is used to augment metadata with a virtual object and transmit it through Kafka messaging. However, 

the research later mentions that at the storage level the NoSQL databases are compromising between 

consistency, availability and partition tolerance known as the CAP theorem (Davoudian et al., 2019). Also, 

Kafka messaging is not suitable for computing time-based aggregations on streams (le Noac’h et al., 2017). 

Similarly, another big data system for analytics on the building sector is analyzed in (Pau et al., 2022) that 

firstly preprocesses data to remove incomplete or inaccurate data, and then uses Kafka for transmitting data 

because of its high throughput and latency but ignores its inefficiency for time-based aggregation on  

time-series streams. Data is then harmonized and projected onto a common data model. The enriched data is 

stored in a Mongo DB that acts as the enriched data warehouse. On top of the warehouse the Presto (Sethi et 

al., 2019) technology is used, a distributed query engine that provides high level of abstraction for querying 

different data sources. However, it should be mentioned that Presto is not tailor made for querying time series 

data in contrast to other databases like InfluxDB (Nasar & Kausar, 2019) which can query large scale time 

series data without extract, transform, load (ETL). 

Efficient management and monitoring of energy consumption data can benefit stakeholders in many ways. 

Analytics services can be built upon the upper layer of the proposed framework that will assist decision making 

for the following purposes: Monitoring the energy consumption, aimed at improving the building energy 

performance. Predicting, by using appropriate models, the energy demand towards minimizing energy 

consumption across different weather conditions (Karakolis et al., 2022). Designing and enhancing building 

infrastructure, aimed at assisting the design and development of building infrastructure, retrofitting and 

refurbishment actions. Designing climate resilient buildings that will ensure people comfort and well-being 

while preserving energy consumption (Yang et al., 2022). Creating green policies towards building 

sustainability, aimed at assisting policy making towards sustainable action plans, energy performance 

certificates, and assessing the impact of EU policies for buildings (El-Diraby et al., 2017). Decision making 

for energy efficient buildings, aimed at assisting in making accurate predictions on energy consumption, 

towards contributing to Energy performance contract conditions, EU financing institutions, and centralizing 

building stock data (Marinakis, 2020). 

3. ARCHITECTURE 

The proposed framework collects both building sensor and electricity consumption data and is depicted in 

Figure 1. The framework follows a modular architecture with every layer strongly interoperating with its 

previous and next one. 

BMS: The Building Management System is an embedded system that includes sensors, meters and 

actuators for measuring energy related data in the building rooms. Such data includes the humidity and the 

temperature of the monitored building, as well as electricity consumption data from lighting, A/C meters and 



ventilation. All the collected information is reported in CSV files every 5 minutes. The CSV files are 

transformed to ZIP files and are sent to the FTP Staging Area. 

Staging Area: The Staging Area uses the FTP (File Transfer Protocol) to send the collected data to the 

central data warehouse. The staging area authentication information and credentials should be declared in the 

BMS to transfer the measured data. The Staging Area is used as the intermediate layer of the framework where 

raw data is persisted and can further be analyzed by the next modules. 

 

Figure 1. Building data processing pipeline 

 

Data Processing Pipeline: The Data Processor is the module responsible for detecting the incoming raw 

information from the FTP Staging Area, scheduling and prioritizing data pipeline workers, pre-processing and 

cleaning raw data, modelling the processed information and finally storing it to an InfluxDB instance. More 

specifically each sub-module functionality is described below: 

 Data Processing Pipeline Scheduler: It is a software component implemented with Python 3.7. It 

uses the Celery Task Scheduling Framework that is triggered periodically every 1 hour and collects all new 

raw information from the Staging Area. By leveraging the functionalities of the Celery framework, the tasks 

and the computational load are distributed to machine threads. The information is then sent to the Task Queue 

to be processed from the Data Processing and Measurements Modelling sub-modules. 

 Task Queue: It is a RabbitMQ instance, connected to the Framework Scheduler that manages the 

collected data for processing and modelling. 

 Data Processing & Measurements Modelling: This module receives events to be processed and 

modelled from the Task Queue. It is implemented with Pandas DataFrame and InfluxDB Python drivers. It 

conducts the pre-processing steps (removing duplicates, handling null values, detecting outliers, transforming 

dates) to improve the data quality. The collected data is divided in smaller data collections according to the 

measured information. 

 InfluxDB Storage: It is the timeseries database that structures the stored information in measurements 

and tags. In the current design the metrics measured are the humidity, temperature and electricity consumption 

from lighting, ventilation, and air-conditioning. The tags are the device names that the measured information 

originates from. 

Visual Analytics: The Grafana visualization engine will be used for visualizing analytics. Grafana is a 

well-known opensource interactive visualization web platform that allows users to create customized 

dashboards, charts and graphs. Grafana is connected to the InfluxDB storage and will allow users to visualize 

analytics that will let them further explore and infer logical relations between data coming from various data 

sources. 

In order to define a data model to project various data sources onto a common dataspace, the ontology 

development 101 (Pullmann et al., 2017) is being followed which defines the steps needed for that purpose. 

The FIWARE smart data model offers data models for modeling many domains including the building and 

energy domains, since it defines the properties and the facets of the slots, but it lacks hierarchy between smart 

cities domain (Kapsalis et al., 2022). The BRICK ontology can be used for representing relationships between 

buildings and sensors, but it lacks properties and facets. SAREF defines many recurring objects from different 

ontologies in the building domain which can provide features and assist less experienced modelers.  



However, control strategies over spaces are not included in all SAREF extensions. The EPC4EU models the 

energy performance certificate datasets in different geographical scales, however, the EPC4CEU doesn’t store 

information about sensors. Finally, the created ontology is translated to a data model by following the ontology 

development 101 method. The model is depicted in Figure 2. 

 

 

Figure 2. Constructed data model 

 

The constructed data model is aligned with the information stored in the Influx timeseries database. More 

specifically, the timeseries information includes the measured values of electricity consumption from lighting, 

ventilation, and air-conditioning functionalities of the room. A logical entity of the constructed ontology model 

is the “Building”, that has floors and rooms. The main entity of the conceptual Building data model is the 

“Room”, facilitating lighting, air conditioning and ventilation. The logical model “BMS” represents the 

temperature, the humidity of the room and its electricity consumption from lighting, ventilation, and  

air-conditioning. In our experiment we have established a first level of tags, the room IDs, and a second level 

of tags, the source types that produce the recorded information (lights, ventilation system, air-conditioning). 

4. CONCLUSION & FUTURE OUTLOOK 

The framework presented in this research collects, analyzes, and homogenizes data coming from various 

energy sources to monitor the energy consumption of buildings. The power market to stay competitive needs 

to predict the electrical power consumption in both short and long term. Load forecasting aims at predicting 

the demand of energy consumption towards efficient power distribution construction and planning 

 (Fekri et al., 2021). The proposed framework can be used in forecasting the energy consumption of buildings. 

By adding weather data such as the wind speed, solar radiation and by applying Deep Learning (DL) 

techniques, models can be trained to predict the energy consumption on different weather conditions and further 

assist building administrators in efficient energy planning. Deep learning techniques can handle big data by 

capturing the inherent non-linear features through automatic feature extraction methods. This work will be 

expanded by adding an offline training stage where data captured by the framework will be used to train robust 

predictive models, such as RNNs, LSTMs, for both short- and long-term energy consumption. 
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