
 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

 

 

 

www.i-nergy.eu 

Deliverable 4.1: I-NERGY Analytics 

Applications (1st technology release) 

I-NERGY  project has received funding from the 
European Union's Horizon 2020 Research and 
Innovation programme under grant agreement 
No 101016508 

 

6th September 2021 

Lead: ICCS 

Version: 1.00 

Classification: Public 

 

Ref. Ares(2021)5480795 - 06/09/2021



 

 

 

 

 

 

 

 

Disclaimer 

The sole responsibility for the content of this publication lies with the authors. It does not necessarily 

reflect the opinion of the European Union. The European Commission is responsible for any use that 

may be made of the information contained therein. 

 

 

 

 

 

 

  

I-NERGY project has received funding 
from the European Union's Horizon 

2020 Research and Innovation 
programme under grant agreement 

No 101016508 

 



  

 

3 

Deliverable 4.1: I-NERGY Analytics Applications (1st technology release) 

I-NERGY - Deliverable 4.1: I-NERGY Analytics Applications (1st technology release) 

 

 

 

 

Work Package: WP4 – Cross-stakeholder Cross-over Domain AI Energy Analytics 

Services 

Deliverable Leader: ICCS 

Authors (Organisation) Vagelis Karakolis(ICCS), Sotiris Pelekis(ICCS), George 

Lampropoulos(ICCS), George Korbakis(ICCS), Spiros Mouzakitis(ICCS), 

John Psarras(ICCS), Leandro Lombardo(ENG), Ghassen Nakti(RWTH), 

Jan Dinkelbach(RWTH), Christos Stefanatos(PARITY) 

Internal Reviewers: Marco Antonio Bucarelli (ASM), Federico Carere (ASM), Marina 

Bartolomé Lorenzo (VEOLIA) 

[Internal Reviewer 1]([Organisation]), [Internal Reviewer 

2]([Organisation]) 
Status: Final 

Date of Delivery: 6th September 2021 

Version: 1.00 

Classification: Public 

 

  

Grant Agreement No.: 101016508 

Acronym: I-NERGY 

Title: Artificial Intelligence for Next Generation Energy 

Type: Innovation Action (IA) 

URL: https://i-nergy.eu/ 

Start Date: 01/01/2021 

Duration: 36 months 

I-NERGY Project Profile 

 

 

 

 



  

 

4 

Deliverable 4.1: I-NERGY Analytics Applications (1st technology release) 

I-NERGY - Deliverable 4.1: I-NERGY Analytics Applications (1st technology release) 

Document History 

Version Date Author (Partner) Remarks 

0.10 26/05/2021 Vagelis Karakolis (ICCS) ToC 

0.20 12/07/2021 Leandro Lombardo (ENG) Section 5 

0.30 28/7/2021 Ghassen Nakti, Jan Dinkelbach (RWTH) Section 2.1 

0.40 30/7/2021 George Korbakis, Vagelis Karakolis 

(ICCS) 

Section 7 

0.50 23/8/2021 Vagelis Karakolis, Sotiris Pelekis (ICCS) Section 3 

0.60 24/8/2021 George Lampropoulos, Sotiris Pelekis 

(ICCS) 

Section 6 

0.70 24/8/2021 Christos Stefanatos (PARITY) Section 2.2, Section 4 

0.80 24/8/2021 Vagelis Karakolis (ICCS) Section 1, Section 8 

0.90 1/9/2021 Marina Bartolomé Lorenzo (VEOLIA), 

Marco Antonio Bucarelli, Federico Carere 

(ASM) 

Internal quality review 

0.91 3/9/2021 Vagelis Karakolis (ICCS), Ghassen Nakti 

(RWTH), Christos Stefanatos (PARITY) 

Addressed review 

comments 

1.00 6/9/2021 Spiros Mouzakitis (ICCS), John Psarras 

(ICCS) 

Final review 

 

  



  

 

5 

Deliverable 4.1: I-NERGY Analytics Applications (1st technology release) 

I-NERGY - Deliverable 4.1: I-NERGY Analytics Applications (1st technology release) 

Partners 

 
Participant Name 

Short 
Name 

Country 

Code 
Logo 

1 
INSTITUTE OF COMMUNICATION AND COMPUTER 

SYSTEMS 
ICCS GR 

 

2 ENGINEERING – INGEGNERIA INFORMATICA SPA ENG IT  

3 
RHEINISCH-WESTFAELISCHE TECHNISCHE 

HOCHSCHULE AACHEN 
RWTH DE 

 

4 COMSENSUS, KOMUNIKACIJE IN SENZORIKA, DOO COMS SL 
 

5 FUNDACION CARTIF CARTIF ES 
 

6 
DEUTSCHES FORSCHUNGSZENTRUM FUR 

KUNSTLICHE INTELLIGENZ GMBH 
DFKI DE  

7 
PARITY PLATFORM IDIOTIKI KEFALAIOUXIKI 

ETAIREIA 
PARITY DE  

8 FUNDINGBOX ACCELERATOR SP ZOO FBA PL 
 

9 
CENTRO DE INVESTIGACAO EM ENERGIA REN - 

STATE GRID SA 

R&D 

NESTER 
PT 

 

10 ASM TERNI SPA ASM IT 
 

11 SONCE ENERGIJA D. O. O. SONCE SI  

12 IRON THERMOILEKTRIKI ANONYMI ETAIREIA HERON GR 
 

13 ZELENA ENERGETSKA ZADRUGA ZA USLUGE ZEZ HR 
 

14 
STUDIO TECNICO BFP SOCIETA A RESPONSABILITA 

LIMITATA 
BFP IT  

15 
VEOLIA SERVICIOS LECAM SOCIEDAD ANONIMA 

UNIPERSONAL 
VEOLIA ES 

 

16 RIGA MUNICIPAL AGENCY "RIGA ENERGY AGENCY" REA LV 
 

17 FUNDACION ASTURIANA DE LA ENERGIA FAEN ES 
 



  

 

6 

Deliverable 4.1: I-NERGY Analytics Applications (1st technology release) 

I-NERGY - Deliverable 4.1: I-NERGY Analytics Applications (1st technology release) 

 

Acronyms and Abbreviation 

Terms Definition 

AI Artificial Intelligence 

AIaaS Artificial Intelligence as a Service 

API Application Programming Interface 

AR Auto Regressive 

CDF Cumulative Distribution Functions 

CIM Common Information Model 

DB DataBase 

DER Distributed Energy Resources 

DSO Distribution System Operator 

DT Digital Twin 

ESCO Energy Service Company 

EV Electrical Vehicle 

GA Grant Agreement 

IoT Internet of Things 

MA Moving Average 

MAPE Mean Absolute Percentage Error 

ML Machine Learning 

MNA Modified Nodal Analysis 

MSE Mean Squared Error 

PaaS Platform as a Service 

PDF Probability Distribution Function 

PV PhotoVoltaic 



  

 

7 

Deliverable 4.1: I-NERGY Analytics Applications (1st technology release) 

I-NERGY - Deliverable 4.1: I-NERGY Analytics Applications (1st technology release) 

RES Renewable Energy Sources 

RMSE Root Mean Squared Error 

SFA Shifted Frequency Analysis 

SME Small and Medium-sized Enterprise 

TSO Transmission System Operator 

UI User Interface 

WP Work Package 

 

  



  

 

8 

Deliverable 4.1: I-NERGY Analytics Applications (1st technology release) 

I-NERGY - Deliverable 4.1: I-NERGY Analytics Applications (1st technology release) 

Executive Summary 

This deliverable is an accompanying document of the Energy Analytics applications that were 

designed in accordance with the outcomes of the requirements elicitation phase, as presented in the 

deliverable D2.1 “I-NERGY Technology Requirements & User Stories”. The document demonstrates the 

first version of the developed Ι-NERGY Energy Analytics services, along with a brief overview of the 

upcoming services that are currently under development. These services are: 

• Digital Twins for Distributed Energy Resources (DER) Coordination 

• Digital Twins for Consumers and Electrical and Thermal Communities 

• Energy and Flexibility Forecasting Services 

• I-NERGY Visual Analytics Service 

• I-NERGY Marketplace / Toolbox 

Moreover, this deliverable provides an overview and guidelines for the interconnection and publication 

of the Energy Analytic Services to the AI4EU platform by showcasing a real, hands-on scenario using 

the developed forecasting models.  

Finally, the document proposes the best practices for the development of Energy Analytics services 

and the testing approach that will be followed for delivering reliable, stable, and useful Energy 

Analytics services that will be in accordance with the pilot requirements. 
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1 Introduction 

1.1 Purpose & Scope 

This deliverable is the first of four versions for the project’s Energy Analytics Applications, 

reporting on project developments in WP4. This version includes the first prototype of some 

Energy Analytics services, along with their underlying methodology. It also includes a brief 

overview and the methodology that will be followed for services that are envisaged to be 

developed in the near future. Moreover, the interconnection with AI4EU is presented in brief, 

alongside a real hands-on scenario of deploying a service to the AI4EU Experiments. Finally, 

some best practices and a testing approach for building Energy Analytics services is presented. 

1.2 Structure of the deliverable 

This deliverable is structured as follows: 

• Section 1 provides the introduction, explaining the scope of the document, its structure 

and its relation to other WPs and tasks. 

• Section 2 presents the work that has been realised so far for the Digital Twin applications 

focusing on Distributed Energy Resources (DER) coordination, and on consumers, 

electrical and thermal communities. 

• Section 3 demonstrates the energy load forecasting models that have been developed, 

the dataset that has been used and their performance. Moreover, the envisaged Flexibility 

Forecasting services that are not yet developed, are presented in brief. 

• Section 4 presents the Visual Analytics service and its functionalities that have been 

developed so far. 

• Section 5 presents the I-NERGY Marketplace/Toolbox, in terms of its architecture, data 

and services along with some screenshots that demonstrate its functionalities. 

• Section 6 presents the interconnection with AI4EU, as well as an example of deploying a 

service to the latter. 

• Section 7 discusses the best practices that will be followed for the development of 

Energy Analytics applications, along with the testing approach that will be followed.  

• Section 8 provides the conclusions of this deliverable, as well as the next steps that will 

be followed for the improvement of Energy Analytics Applications. 

1.3 Relation to other WPs and tasks 

As the first version of Energy Analytics Applications, D4.1 presents a prototype of some services, 

and the methodology that will be followed in other services. It is built on the outcomes of the 

requirements elicitation task and deliverable (D2.1 and T2.1), and the conceptual architecture 

deliverable and task (D2.3 and T2.3) (D2.3 and T2.3 are still in progress). Moreover, concerning 

the interconnection with AI4EU, this deliverable follows the developments of T2.4 and the 

deliverable D2.4 that are dealing with Specifications of the I-NERGY - AI4EU Cross-Fertilisation, 

Synergies and Alignment. The next versions of the current deliverable will be provided in the 
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deliverables D4.2, D4.3 and D4.4 that will demonstrate more mature versions of the presented 

services. 
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2 Digital Twin Applications  

2.1 Digital Twins for Distributed Energy Resources 

(DER) coordination 

2.1.1 Software Architecture of the Digital Twin 

According to general definitions, a Digital Twin (DT) is a digital replica of a real-world physical 

system. One common application of DTs is the modelling and simulation of the digital replica 

under real world conditions. Within the scope of I-NERGY, at the AI-as-a-Service (AIaaS) level of 

the Energy Analytics Application, DT models for distributed energy resources (DER) provide a 

virtual replica of modern electrical power systems for simulation. In addition, they incorporate 

through Machine Learning (ML) and Big Data a prediction layer derived from the developed and 

trained models of the AI Services Layer. Figure 1depicts the corresponding overview of the target 

architecture of the DT software solution and presents the associated main software components. 

 

Figure 1 - System architecture of digital twin for distributed energy resources 

The DT software architecture implements a modular approach by means of microservices in 

contrast to a monolithic software solution. Each microservice fulfills well-defined tasks that can 

be developed and run independently. The microservices interact with each other via a 

communication layer to accomplish the overall purpose of the DT software. A similar 

microservice based architecture is proposed by the Linux Foundation Energy project SOGNO1, 

which aims at implementing a modular grid automation software platform.    

 
1 https://www.lfenergy.org/projects/sogno/ 

https://www.lfenergy.org/projects/sogno/
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As seen in Figure 1, the DT is composed of a simulation core as one microservice, which will 

perform the simulation. A data gateway handles the data traffic of the DT. It will serve to integrate 

live and historical measurements, as well as AI services output into the simulator. Additionally, it 

can be used to retrieve simulation results to support further analysis in combination with other AI 

services. Finally, the DT can be expanded with an additional component for data persistency and 

visualization. In the following, the DT components and their functionalities are described in detail. 

DPsim as Simulation Core: 

The simulation core consists of the open-source simulator DPsim2. The core is written in the 

high-performance and storage efficient C++ language. This allows DPsim to support real-time 

(online) simulation, in addition to offline simulation. Furthermore, both dynamic and power flow 

studies can be performed, depending on the goal of the simulation. A general overview of the 

DPsim program flow is shown in Figure 2. 

 

Figure 2 - DPsim program flow 

In the context of AIaaS, DPsim is used to simulate and analyse system-level conditions for 

specific scenarios predicted by the AI service. This enables to carry out grid analysis for 

evaluating the impacts on the grid and the DER assets, when planning to introduce new solutions. 

It allows to identify the operational constraints of the real-world physical system at both asset 

and system level. Within DPsim, a power flow solver enables to solve the nonlinear power flow 

equations with the Newton-Raphson method. Besides, to obtain a greater level of detail in terms 

of occurring grid dynamics, DPsim supports the usage of models based on dynamic phasors (DP) 

according to the Shifted Frequency Analysis (SFA). DPsim solves these models during simulation 

by means of the Modified Nodal Analysis (MNA). According to the requirements of the specific 

use case, the user can switch easily between the two solvers. 

Common Information Model for Grid Representation: 

In order to perform a simulation, the use case’s associated network topology is used to establish 

a system-level model (digital replica of the grid). For this purpose, the characteristics of the grid 

components as well as information on the components’ interconnection, i.e. the grid topology, are 

required. This information is represented by means of the IEC61970 Common Information Model 

(CIM). The CIM models are stored persistently as XML/RDF documents that are imported and 

 
2 https://www.fein-aachen.org/en/projects/dpsim/ 

https://www.fein-aachen.org/en/projects/dpsim/
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converted into C++ classes at simulation start time, using the open-source library CIM++3. 

Furthermore, the data obtained from the AI service is used to additionally initialise and configure 

the model for the use case related simulation. Next, DPsim enables to obtain the grid conditions 

either through power flow or SFA based dynamic simulation.  As a result, relevant grid variables, 

such as bus voltage magnitude and phase, are obtained. Further analysis can be derived from 

these simulation results. 

Data Gateway:  

The data gateway can be seen as a generic component, which enables several communication 

paths for data exchange between the DT components. It may include parts of the data service 

and the AI service layer. The associated software components and data formats will be identified 

and developed during the next stage of the project. At the current stage, the necessary 

communication paths of the DT are clearly defined. 

First, in the I-NERGY data service layer, data from real measurement units will be made available 

to be used by the AI service layer to train the models. 

Second, the data output of the AI service layer will be exchanged with the DPsim simulator. For 

this, there are two possible solutions depending on the type of simulation. In case of offline 

simulations, the AI service output can be directly communicated to the simulation core. In case of 

real time simulations, the DPsim simulator should be able to access the AI service output within a 

fixed time limit. This is made possible by the Villasnode4 application, which can be used to 

directly interface input data with the simulation core. VILLASnode is a flexible gateway for co-

simulation interface data, which allow an exchange of values for every simulation time step in 

real-time. The communication with the DPsim simulator is possible via a shared memory region. 

Furthermore, the same path can provide the AI service layer with DPsim simulation results for 

further analysis. 

Finally, depending on the application an additional potential path can be implemented to 

communicate the raw data from the real measurement units directly to DPsim. Similarly, 

VILLASnode can be used to allow real time simulation in this case. 

2.1.2 Initial Use Cases 

The development of the DT is closely related to the needs and requirements of the pilots’ use 

cases. So far, we identified two initial use cases where the DT for DER can be adopted. The initial 

use cases serve as a starting point to apply the DT for DER, in order to get first findings and to 

potentially improve the DT. Therefore, the proposed DT solution can be further adapted for other 

use cases, dealing with a different network topology and AI services as well as study purposes. 

RDN/REN Use Case 2: AI for network loads and demand forecasting towards efficient operational 

planning 

In this use case, the DT will allow the determination of the grid state resulting from a forecasted 

operating condition. The considered network model is a portion of the Portuguese transmission 

system. It is located in the north of the country with wind and water power plants as main 

 
3 https://www.fein-aachen.org/en/projects/cimpp/ 
4 https://fein-aachen.org/en/projects/villas-node/ 

https://www.fein-aachen.org/en/projects/cimpp/
https://fein-aachen.org/en/projects/villas-node/
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Renewable Energy Sources (RES). New operating points of system components, such as the 

active and reactive power consumption of loads, are obtained from the load and demand forecast 

AI service.  

As a first step, the RDN network model available in the PSSE model format will be converted to 

the CIM format and integrated into the DPsim simulation core. 

Information on RES generation according to the prevalent weather condition will be incorporated 

by means of historical or standard power profiles. Based on simulation, potential congestions are 

identified in a day-ahead manner, which supports the efficient network operation planning. To 

resolve occurring congestions, potential measures of DER coordination scenarios, such as wind 

power curtailment can be investigated. 

ASM Use Case 7: AI-based consumption and flexibility prediction for local community optimal 

aggregation and flexibility trading 

In this use case, the DT deployment will support the flexibility assessment. The underlying 

simulation model is a representation of an industrial area district of the ASM Terni power 

distribution grid. It is a portion of the MV/LV grid, which consists of 7 medium voltage feeders, 9 

low voltage feeders and 5 MV/LV substations. As RES, two PV power plants and a storage unit 

are present. Besides, several measurement devices are connected to the grid.  

As a first step, the ASM network model available in the MATPOWER case format will be 

converted to the CIM format in order to be successfully integrated into the DPsim simulation 

core. 

The AI service layer provides the DT with a flexibility schedule resulting from load and generation 

forecasts, optimization of flexibility matching and forecasting of client behavior. The flexibility 

schedule is mapped in the simulation core to the network topology and a corresponding 

simulation is carried out in order to identify the grid constraints resulting from the new operating 

conditions. 

2.2 Digital Twins for Consumers and Electrical and 

Thermal Communities 

2.2.1 Service Scope 

The service enables owners of charging stations and building administrators to monitor 

electricity consumption of their assets in real time. Furthermore, the service enables owners of 

charging stations to remotely control charging station hardware.  

Visualization and Monitoring element 

The service receives data related to demand centres indirectly via appropriate webhooks or 

directly via WebSocket connection to the IoT device. Through a front-end dashboard (Visual 

Analytics Service explained below) building administrators and owners of charging stations can 

identify their assets on the map and receive information concisely through icons and colour 

grading that update in real time to match the status of the asset.  They can quickly review data 

across the range of their assets through the map environment or aggregated list. Detailed 

information is available through asset specific dashboards. 
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Remote control and transaction clearing features  

Owners of charging stations can remotely initiate, stop and authorize new charging sessions and 

reservations. Pricing and availability of charging stations during specific time intervals can be 

modified remotely by charging stations owners. Historical data can also be accessed per 

charging station. Data related to upcoming charging reservations in specific charging stations are 

also visualized in the dashboards. Troubleshooting commands to the hardware devices via the 

digital service such as resetting the device, unlocking the type 2 EV charging connector, etc. 

 

Dynamic pricing of energy supplied 

The service also draws wholesale price data in hourly intervals from Heron SA webhook. Based 

on these inputs, the service also proposes pricing changes to the charging station owner in hourly 

intervals. For example, for hourly intervals with low wholesale energy price and low projected 

station occupancy, significant price reduction in cost per kWh will be proposed to the charging 

station owner to attract EV drivers. 

2.2.2 Development Progress 

Back-end Data connections 

Infrastructure to enable web socket connection to charging station assets has been deployed 

successfully. Assets provide status information. Status update intervals can be modified by users 

for each asset separately. 

 

Visualization tool 

First version of front-end environment for the DT tools has been deployed and successfully 

connected with the back end. 

 

Testing 

Web socket connections have been successfully tested with multiple charging stations. Front end 

environment is also functional but additional data elements need to be added in the next release. 

 

Front end screenshots 

Screenshots have been generated from the alpha version of the digital twins’ platform and 

showcase different modules. 

 

Figure 3 - Asset page summarizing status of selected assetFigure 3 showcases the asset 

dashboard that provides details about the asset’s location, capacity and type. Asset managers 

can turn assets on and off and monitor consumption in real time. 

Figure 4 showcases the transaction history dashboard. This module applies to owners of public 

charging stations that collect revenue from charge session fees. Similar module will be replicated 

for other types of assets where total consumption and energy cost based on existing billing 

scheme will be visualized. 
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Figure 3 - Asset page summarizing status of selected asset 

 

 

Figure 4 - Historical transaction graphs 

 

 

Table 1 - Digital Twin for consumers and electrical and thermal communities service 
specifications 

Type of service - implementation specifics 

Online/offline Online 

Execution frequency • Real time status updates 
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  • Hourly pricing proposals 

Developing language Python Django, React, Redux 

Connections Specify ALL internal and external connections: 

• Connection to DB of EV charging 

stations (EV Loader application) 

PostgreSQL 

• Connecting to external service (grid 

related data such as wholesale price 

provided by Heron SA) 
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3 Energy and Flexibility Forecasting Services 
In this section, the energy forecasting services that have been developed are presented in detail, 

along with a brief overview of flexibility forecasting services that are envisaged to be developed in 

the next iteration of services. 

3.1 Energy (electrical load) Forecasting 

Although several datasets were provided by the pilot partners, VEOLIA’s dataset for the city of 

Burgos in Spain was chosen as basis for the model development, as it was the most sufficient in 

terms of both quantity and quality, in order to facilitate a complete analysis and as a result 

accurate AI/ML energy load forecasting models. 

3.1.1 Data Exploration 

The examined dataset consists of 36 variables that are measured in a quarterly basis (15 min 

resolution) from November 2020 till June 2021 (June is included in the dataset). The variables as 

provided by VEOLIA are the following: 

• TEMPERATURA EXTERIOR (15 minuto) 

• CONTADOR GAS CALDERA 1 (15 minuto) 

• CONTADOR GAS CALDERA 2 (15 minuto) 

• Energía Caldera 1 (15 minuto) 

• Caudal Caldera 1 (15 minuto) 

• TEMPERATURA COLECTOR IMPULSION (15 minuto) 

• Volumen Caldera 1 (15 minuto) 

• Potencia Caldera 1 (15 minuto) 

• Temper Impulsion Caldera 1 (15 minuto) 

• Temper Retorno Caldera 1 (15 minuto) 

• Energía Caldera 2 (15 minuto) 

• Caudal Caldera 2 (15 minuto) 

• Volumen Caldera 2 (15 minuto) 

• Potencia Caldera 2 (15 minuto) 

• Temper Impulsion Caldera 2 (15 minuto) 

• Temper Retorno Caldera 2 (15 minuto) 

• TEMPERATUR COLECTOR RETORNO (15 minuto) 

• Energía Primario ACS (15 minuto) 

• Caudal Primario ACS (15 minuto) 

• Volumen Primario ACS (15 minuto) 

• Potencia Primario ACS (15 minuto) 

• Temper Impulsion Primario ACS (15 minuto) 

• Temper Retorno Primario ACS (15 minuto) 

• Energía Consumo ACS (15 minuto) 

• Caudal Consumo ACS (15 minuto) 

• Volumen Consumo ACS (15 minuto) 

• Potencia Consumo ACS (15 minuto) 

• TEMPERATURA IMPULSION CALEFACC (15 minuto) 

• Temper Impulsion Consumo ACS (15 minuto) 

• Temper Retorno Consumo ACS (15 minuto) 

• Energia Activa Total (15 minuto)' 
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• TEMPERATURA DEPOSITO 1 ACS (15 minuto)' 

• TEMPERATURA DEPOSITO 2 ACS (15 minuto)' 

• DEMANDA CALEFACCIÓN (15 minuto)' 

• DEMANDA ACS (15 minuto)' 

• DEMANDA QUEMADORES (15 minuto) 

Since most of the variables have missing values before the 14th of May 2021 and the time interval 

until the end of June is not sufficient to capture seasonality and build accurate models, new 

variables were created based on the available ones that cover the entire time interval of the 

dataset. 

Regarding missing or erroneous values, it is observed that on 2021-03-19 10:15:00 all energy 

meters have some erroneous measurements. These values were firstly replaced by NaN and then 

by middle steps of the previous and next values. 

Since the main focus of the AI models of this section is electrical load forecasting, the examined 

variables are the energy load ones. As energy load variables are only available from May till the 

end of June new load variables were created by differentiating the time series of the available 

cumulative energy variables (synthetic load variables). The resulted time series variables are the 

new mean power time series that are available for all six months and are more useful for 

forecasts. These time series lack in terms of precision as the smallest decimal point refers to 

1/100 MWh which leads to a precision of 10 kW, in contrast to pure power meters that offer 

precision of 0,01 kW. However, in terms of total active energy (Energia Activa Total), which will be 

our main target, there is no problem as it is originally recorded in kWh.  

In order to avoid large variance and unwanted detail as well as conform to the granularity 

recommendations proposed in D2.2 - AI related Ethical Guidelines and Recommendations [1],  

load datasets were resampled with timesteps of 30 and 60 minutes. As a result, the synthetic 

load profiles are more similar to true loads. Hourly energies and loads are cumulative, while the 

rest of measurements are calculated as the average hourly measurement. 

As a next step, auxiliary info for all unique dates that appear in the core dataset are added. 

Moreover, holidays are extracted for the province of Burgos using the holiday -es5 python 

package. An example of the calendar information is depicted in the figure below: 

 datetime Year month day hour minute second weekday weekend Holiday 

0 2020-11-01 00:00:00 2020 11 1 0 0 0 6 True False 

1 2020-11-01 00:15:00 2020 11 1 0 15 0 6 True False 

2 2020-11-01 00:30:00 2020 11 1 0 30 0 6 True False 

3 2020-11-01 00:45:00 2020 11 1 0 45 0 6 True False 

 
5 https://pypi.org/project/holidays-es/ 
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 datetime Year month day hour minute second weekday weekend Holiday 

4 2020-11-01 01:00:00 2020 11 1 1 0 0 6 True False 

Figure 5 - Calendar information example 

In the following figures the Probability Distribution Functions (PDFs) (Figure 6) and the 

Cumulative Distribution Functions (CDFs) (Figure 7) for all variables are illustrated. 
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Figure 6 - PDFs for all variables of the examined dataset 
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Figure 7 - CDFs for all variables of the examined dataset 

In Figure 8, the true load variables are depicted. 
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Figure 8 - True load variables over time 

On the other hand, the synthetic load variables (15 min resolution) are illustrated in Figure 9. 

 

Figure 9 - Created load variables over time (15 min resolution) 

Finally, in Figure 10, the synthetic load variables in a 60-minute resolution are illustrated. 

 

Figure 10 - Created load variables over time (60 min resolution) 

The variable that should be predicted is the total active power. Concerning the relation of the 

latter with calendar information, it is illustrated in Figure 11:  

 

Figure 11 - Total active power relation with calendar information 

It can be observed that: 
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• Load peaks are observed mainly during the afternoon until 21.00. 

• Wednesdays, Fridays, and Saturdays exhibit the highest of loads. 

• The total loads are much higher during the winter months. June has the lowest mean 

value (July to October are not valid as there is no data for these months). 

• Holidays weekends and working days do not affect much the mean values of the total 

load. 

Another interesting issue that should be explored, is the correlation among all the variables. 

For this reason, the following correlation diagram (correlogram) was created: 

 

Figure 12 - Correlations among all variables 

In brief, it is observed that: 

• High correlations are observed amongst the column of our interest (Total active load 

/ Diff Load Activa Total) and the demand variables (DEMANDA QUEMADORES, 

DEMANDA CALEFACCION, DEMANDA ACS). 

• Similarly, positive but lower correlations are also present between the total active 

load and the Diff Load variables which is expected if we suppose that the total load is 

additively built by these variables (ACS diff load is excluded). Similar correlation can 

be observed with other variables that are proportional to these loads (e.g Caudal 

Caldera x, TEMPERATURA COLLECTOR IMPULSION). 

• Total load seems to be slightly negatively correlated to all energy variables (Energía) 

which is a behaviour that probably has occurred due to the differentiation in order to 

obtain loads. 
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• The external temperature (TEMPERATURA EXTERIOR) seems to be negatively 

correlated with all load variables. ACS consumed power (True Load Consumo ACS) is 

also negatively correlated which is more than expected as ACS (Agua Caliente 

Sanitario) refers to DHW (Domestic Hot Water). 

• As expected, True (mean power converted to energy demand) and Diff loads 

(differentiated total energy) also have high positive correlations as ideally, they would 

be the same variable if precision of measurements was the same. 

• Of course, gas meters are totally positively correlated with respective energy meters. 

In general, for the created datasets, we end up in the following observations: 

• Diff load time series are valid from 2021-11-06 and later. 

• All newly added variables (e.g., true loads, temperature flows) are valid from 2021-05-15 

and later. 

• Hourly time series will be analysed aiming to provide 1 hour ahead load forecasts. 

3.1.2 Time Series Forecasting Models 

Although the dataset includes data for less than a year, seasonality and trend can be observed as 

shown in the figure below: 

 

Figure 13 - Diff load time series, trend, seasonality and residuals 

 

Moreover, significant autocorrelation and partial autocorrelation are observed, as illustrated in 

Figure 14: 
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Figure 14 - Autocorrelation and Partial Autocorrelation plots for Diff load timeseries 

Therefore, time series models are suitable for this specific dataset. One-day ahead forecasting 

models have been created as baselines along with multi day ahead models (11 days specifically) 

to offer more realistic results. 

3.1.2.1 One Day-Ahead Forecasts 

A variety of time series models along with the dedicated python packages were used to produce 

one day ahead forecasts. Models were trained on all data from 2020-11-5 to 2021-19-6 and were 

evaluated on 2021-20-6 (24 hourly timesteps). 

Automated time series solutions 

At first, automated ARIMA models were utilised, in order to fit the energy load, using the TBATS6 

python package. As ARIMA predictions depend heavily on the previous values, the dataset was 

split to train and test set, where the test set includes the last 11 days of the whole dataset, and 

the train set includes the rest. 

Two ARIMA models configured for daily and weekly seasonality were trained. The first one, which 

is simpler is an ARIMA(4,2) model with seasonal periods of (24, 168) aka daily and weekly, 

without trend, while the second model was more complex, including a [2]  and trend factors, while 

its result was a bit worse than the first. The results of the two models in terms of Mean Absolute 

Percentage Error (MAPE), Mean Squared Error (MSE) and Root Mean Squared Error, are 

illustrated in Table 2. 

Table 2 - 1 day-ahead forecast ARIMA models results (TBATS) 

Simple model Complex model 

 
6 https://pypi.org/project/tbats/ 
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MAPE: 0.1726 MAPE: 0.1736 

MSE: 0.1761 MSE: 0.1772 

RMSE: 0.4197 RMSE: 0.421 

Also, the predictions of both models in comparison to the actual values are illustrated in Figure 

15. 

 

Figure 15 - ARIMA models predictions in test set (1 day ahead) 

As we observe, the results of the simple ARIMA model are slightly closer to the actual values of 

energy load. 

Prophet 

As a next step, a package for automated time series analysis named Prophet7 was used. 

However, the results were much worse than the results of TBATS models (MAPE: 0.2032 MSE: 

0.251 RMSE: 0.5), as depicted in Figure 16. 

 
7 https://facebook.github.io/prophet/  

https://facebook.github.io/prophet/


  

32 

 

Deliverable 4.1: I-NERGY Analytics Applications (1st technology release) 

I-NERGY - Deliverable 4.1: I-NERGY Analytics Applications (1st technology release) 

 

Figure 16 - Prophet auto ARIMA model predictions in the test set (1 day ahead) 

It is important to mention here that both TBATS and Prophet provided insufficient forecasting 

results as the Naïve mean absolute percentage error scores a MAPE of 0.101 on one day-ahead 

forecasts for this specific time series. The Naïve forecasting method is a simple (dummy) 

method that simply produces the value of the current timestep as a forecast for the next one 

forming a rough baseline for time series forecasting models. Therefore, these models were not 

analysed further. 

SARIMA  

Following, a SARIMA (Seasonal ARIMA) model was also trained on the load time series. The 

SARIMAX class of python statsmodels8 package was used without external variables in this case. 

Gridsearch was performed (based on the minimum AIC [3]) resulting to a SARIMA (AR=4, MA=1, 

DIFF=1) with seasonal terms (AR=1, MA=1, DIFF=1, SEASONAL_PERIOD=24). However, the 

seasonal autoregressive terms have been explicitly limited to 1 in order to avoid too large and 

computationally intensive models as the seasonal period was set to 24 hourly timesteps to 

discover correlations with values of the same timesteps in previous days.  

In the following figures, the autocorrelation and partial autocorrelation plots of the residuals are 

presented. As observed the result is good, as we cannot reject the null hypothesis of non-

correlated residuals, according to the Ljung-Box methodology [4]. 

 
8 https://www.statsmodels.org/stable/index.html  
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Figure 17 - Autocorrelation and Partial Autocorrelation for the residuals of the SARIMA model 

The 1 day ahead forecast with the trained SARIMA model provided much better results than the 

previous time series models as illustrated in Table 3. 

Table 3 - 1 day ahead forecasting errors of the SARIMA model 

MAPE: 0.1032 

MSE: 0.1031 

RMSE: 0.3212 

Even this model does not manage to provide a better MAPE than the Naïve method. However, this 

can always be a result of the randomness of the specific test data. Additionally, having to predict 

24 hourly timesteps ahead is not an easy task as error propagates from forecast to forecast. It is 

interesting to mention here that the SARIMA model heavily outperformed the Naïve method until 

a forecasting horizon of 9 hourly timesteps as shown in Table 5. This is expected as after this 
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point the propagation of forecasting errors heavily affects the model's performance. However, in 

realistic conditions 1 to 9 hour ahead forecasts can be very useful which makes this model 

powerful.Generally, it can be observed that the SARIMAX model is more effective for full day-

ahead forecasts (all 24 timesteps forecasted at once) while the SARIMA model without external 

variables is powerful at predicting smaller forecasting horizons of 2 to 9 hourly timesteps. 

Table 5  

SARIMAX 

Following, external variables (weather) were also incorporated in the SARIMA model leading to a 

SARIMAX approach. The chosen external variables are weather data for the city of Burgos that 

were acquired from OpenWeatherMap9 along with time variables concerning weekend (True / 

False), holiday (True/False), weekday (0-6), hour of the day (0-23). The weather data were 

analysed, curated and transformed keeping only useful ones such as temperature, "feels like", 

minimum temperature, maximum temperature, pressure, humidity, wind speed, wind direction, 

rain 1h, rain 3h, snow 1h, clouds and weather id. Results have significantly improved compared to 

the SARIMA model regarding the full day-ahead forecast. The SARIMAX model also seemed to 

maintain robustness for the full forecasting horizons of 1 day (24 steps) performing much better 

than Naïve in short (2-9 forecasting steps) and daily horizons (24 forecasting steps). 

Table 5 illustrates this performance characteristics. 

The results of the SARIMAX models for the 1 day-ahead forecast are shown in Table 4. 

Table 4 - 1 day ahead forecasting errors of the SARIMAX model 

MAPE: 0.0935 

MSE: 0.0752 

RMSE: 0.2742 

 

Generally, it can be observed that the SARIMAX model is more effective for full day-ahead 

forecasts (all 24 timesteps forecasted at once) while the SARIMA model without external 

variables is powerful at predicting smaller forecasting horizons of 2 to 9 hourly timesteps. 

Table 5 - SARIMA and SARIMAX vs naive for increasing forecasting horizons of 2021-06-21. 
(Observations: lower is better, green is better than naïve, red is worse than naive) 

Forecasting horizon 

(hourly timesteps) 

MAPE (SARIMA) MAPE 

(SARIMAX) 

MAPE (naive) 

1 0.1123 0.1069 0.1053 

2 0.0659 0.0704 0.1185 

 
9 https://openweathermap.org 
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3 0.0572 0.0588 0.0965 

4 0.044 0.047 0.084 

5 0.0374 0.0397 0.068 

6 0.0385 0.0402 0.0617 

7 0.0333 0.0352 0.0611 

8 0.0351 0.0372 0.0550 

9 0.0411 0.0425 0.0502 

10 0.0538 0.0533 0.0469 

11 0.0541 0.0596 0.0448 

12 0.0702 0.0562 0.049 

24 0.1032 0.0935 0.1011 

 

3.1.2.2 Multi Day-Ahead Forecasts 

As evaluation for one day only can be unstable and error prone due to the test day's randomness 

it was decided to also produce multi day ahead forecasts in order to examine a longer-term 

effectiveness of the models. The same SARIMA and SARIMAX models were utilised again, but 

this time were used to predict all of the remaining 11 days of the dataset aka 2021/06/20 - 

2021/06/30. At this point, it is important to mention that the Naïve method scores a MAPE of 

0.1293 for this 11 day-ahead forecast. 

SARIMA 

The results of the 11-day ahead forecast are demonstrated in Table 6 and Figure 18 - SARIMA 11 

day-ahead forecasts. 

Table 6 - Results of the SARIMA model for the 11 day-ahead forecast 

MAPE: 0.1221 

MSE: 0.0985 

RMSE: 0.314 
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Figure 18 - SARIMA 11 day-ahead forecasts 

Observing this longer term forecast it becomes obvious that the model produces similar 

forecasts for each of the eleven days and that is expected as the later forecasts do not receive 

any feedback / updates regarding the past ground truth values of the time series. This is an issue 

to be discussed in the following section, where an alternative evaluation framework is presented. 

Nonetheless, the results seem reasonable and the MAPE remains below that of the Naïve 

method. Something to note here is that the model fails to capture the fluctuations of the inter-day 

variance of the load as all spikes (especially downward ones) cannot be forecasted effectively. 

This is due to the condition of constant variance in ARIMA models. 

SARIMAX 

The SARIMAX model, as already discussed, incorporates the weather variables as external 

regressors. Its results are demonstrated in Table 7 and Figure 19. 

Table 7 - Results of the SARIMAX model for the 11 day-ahead forecast 

MAPE: 0.1141 

MSE: 0.0823 

RMSE: 0.2881 

 

Figure 19 - SARIMAX 11 day ahead forecasts 

It can be observed that the SARIMAX model performs slightly better, outperforming both the 

Naïve method and the SARIMA model. It is also obvious that forecasts change from day to day 

due to the presence of external variables (weather and time) that modify the forecasts even if the 

autoregressive part of the model does not get updated from forecast to forecast. 
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3.1.2.3 Proposed Evaluation Framework 

Studying the performance and behaviour of SARIMA models for multi-day ahead forecasts along 

with the business needs for load forecasting applications it became obvious that there is a need 

for common and robust model evaluation framework that will allow the evaluation and 

comparison of models on a common basis.  

At this point, it is necessary to take into account that it is rational for load forecasts to be 

provided with the form of hourly timesteps at a daily basis so that the grid and energy market 

stakeholders (producers, prosumers, TSOs, DSO, ESCOs) can operate normally. Forecasts can be 

possibly extended to more than one day, however at the end of each day day-ahead decisions can 

be remade (e.g. day-ahead market). This means that models can be fed with ground truth values 

of the past day in order to feed them as input for the following forecasts. From this perspective, 

there is no point of letting a model produce a continuous more than one day-ahead forecast (like 

the 11 day-ahead forecast in the presented use case) as there is an obvious problem of 

transferring errors from prediction to prediction as the following ones use the already produced 

forecasts as past timestep inputs to produce the following one which is what is presented in 

Section 3.1.2.2. On the contrary, it is wiser to deploy models that every day update their history 

with the observed load values of the previous day before proceeding to forecasts. Regarding 

training, it would be normally prohibitive to retrain models every day, hence this process could 

take place rarely when it is observed that a model or data drift starts to appear leading to 

inaccurate forecasts therefore requiring retraining.  

As a hands-on demonstration of this proposed evaluation method, the SARIMA model was used 

once more to provide the 11 day ahead forecast, however this time everyday ground truth values 

of the previous one are appended to the model's history using the 

statsmodels.tsa.statespace.sarimax.SARIMAXResults.append method. The results of this 

alternative evaluation method are presented in Table 8 and Figure 20. 

Table 8 - Results of the SARIMA model for the 11 day-ahead forecast 

MAPE: 0.1204 

MSE: 0.0907 

RMSE: 0.3012 

 

Figure 20 - SARIMA advanced 11 day-ahead forecasts 

Results are better than the simple 11-day ahead forecast of SARIMA and it can be observed that 

forecasts are no more invariant to the behaviour of historical days but, on the contrary, adapt to 
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the fluctuations that are introduced by every one of them and that are appended to the model 

history. Because of its robustness and flexibility, a configurable version of this model - regarding 

the lengths of the history to be appended and the forecasting horizon - was also used for 

interconnecting the load forecasting service with the AI4EU platform10 by onboarding it on AI4EU 

Experiments11 and then deploying it locally as Kubernetes application, as demonstrated in 

Section 6.  

3.1.3 Machine Learning Regression Models 

It is obvious that except time, the total load is also influenced by other factors, with the most 

significant one to be outside temperature. In the provided dataset, there were some temperature 

variables available, however they were not available for the whole period that should be predicted. 

Therefore, in order to provide more accurate predictions that take into consideration weather 

information, the weather data for the city of Burgos was used. The acquired data include several 

variables both numerical and qualitative. 

For the developed regression models, temperature, wind speed, pressure and humidity were used, 

as they were identified as valuable predictors. On the other hand, time related data that have been 

used for the predictions are month, weekday and hour. 

Moreover, in order to take advantage of the timeseries characteristics and the seasonality of the 

timeseries data, the four previous values of load, as well as the load of the previous day at the 

same time were used as prediction features, as well. 

The first ML regression model that was trained was a Decision Tree regression model to be used 

as a baseline. The MAPE of the Decision Tree regression model in the test dataset is 13.7% for 11 

days ahead forecasts which is slightly worse than the baseline that was set in the timeseries 

models (predicting the load equal to its previous value). The results from the test set compared 

to the actual values can be observed in Table 9 and Figure 21. 

Table 9 - Decision Tree regression results 

 

 
10 https://www.ai4europe.eu/ 
11 https://acumos-int-fhg.ai4eu.eu/#/home  

MAPE: 0.1369 

MSE: 0.1609 

RMSE: 0.4011 
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Figure 21 - Decision tree regression 11 day ahead forecasts 

The second ML regression model that was trained was a simple Support Vector regression 

model. The result is much better than the previous baselines as well as the SARIMA and 

SARIMAX models in terms of MAPE (9.84%). The 11-day ahead forecast compared to the actual 

values is illustrated in Table 10 and Figure 22. 

Table 10 – Support Vector regression result 

 

Figure 22 – Support Vector regression 11 day ahead forecasts 

The third ML regression model that was trained was a Random Forest regression model. The 

MAPE of the latter in the test dataset is 9.19% which is better than all the models presented so 

far. The results from the test set compared to the actual values can be observed in Table 11 and 

Figure 23 – Random Forest regression 11 day ahead forecasts. 

Table 11 - Random Forest regression results 

MAPE: 0.0919 

MSE: 0.0685 

RMSE: 0.2618 

 

MAPE: 0.0984 

MSE: 0.0704 

RMSE: 0.2653 
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Figure 23 – Random Forest regression 11 day ahead forecasts 

The fifth ML regression model that was trained was an Extreme Gradient Boosting (XGBoost) 

regression model. The MAPE of the XGBoost regression model in the test dataset is 9.07% which 

is the most accurate model. The results from the test set compared to the actual values can be 

observed in Table 12 and Figure 24: 

Table 12 - XGBoost regression results 

MAPE: 0.0907 

MSE: 0.0696 

RMSE: 0.2638 

 

 

Figure 24 - XGBoost regression 11 day ahead forecasts 

The best ML regression models in terms of accuracy of predictions are the Random Forest 

Regression model and the XGBoost regression model. 

3.1.4 Deep Learning models 

Even though the developed load forecasting models (both regression and timeseries) appear to 

be very accurate, it is expected that AI models that combine regression with timeseries analysis 

can be more accurate. 

For this reason, as an initial step, a well-known deep neural network architecture has been used 

for energy load forecasting. The architecture in mention is N-Beats [5] and a specific 



  

41 

 

Deliverable 4.1: I-NERGY Analytics Applications (1st technology release) 

I-NERGY - Deliverable 4.1: I-NERGY Analytics Applications (1st technology release) 

implementation from the python package pytorch-forecasting12 was used. N-Beats is a pure time 

series deep neural network forecaster, that solely depends on the time series and no external 

variables while it does not contain any recurrent components. The N-BEATS model approximately 

consists of 2.5 million parameters. The training sessions duration was about 5 seconds per 

epoch (for batch size 128) with the optimal number of epochs ranging from 20 to 60 training 

epochs until convergence (early stopping and checkpoint methodology was followed) depending 

on the selected hyperparameters for the neural network. The hardware used to train the deep 

learning model was a laptop with an AMD Ryzen 4900H CPU, 24gb RAM and an NVIDIA GeForce 

RTX2060 graphics card that was also used for the training computations. After much 

experimentation with different hyperparameter values it was decided to use an architecture of 4 

layers of widths 256, 512, 1024, 256 respectively. An optimization process was followed to select 

the optimal learning rate that resulted to 0.2. 

It is important here that a slightly different training procedure was followed in this case as neural 

networks need to be tuned (have its hyperparameter values optimised) on a validation set which 

however needs to be different from the test set. Therefore, we defined the split of Table 13. 

Table 13 - Train / Validation / Test split for N-BEATS deep neural forecasting model 

Training set: 2020/11/05 - 2021/06/09 

Validation set: 2021/06/09 - 2021/06/19 (11 days) 

Test set: 2021/06/20 - 2021/06/30 (11 days) 

 

However, the results were worse than the ones obtained by both timeseries and regression 

models for the 11 day-ahead forecast, as shown in Table 14 and Figure 25. 

Table 14 - Results of the N-Beats model for the 11 day-ahead forecast 

MAPE: 0.1433 

MSE: 0.1253 

RMSE: 0.354 

 

Figure 25 - 11 day ahead forecast with N-BEATS Deep Learning model 

 
12 https://github.com/jdb78/pytorch-forecasting  
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As observed, the results are not very satisfactory as the model seems to heavily underfit the data. 

Nevertheless, it is important to take into account the big length of the forecasting horizon 

combined with the absence of regular updates to the input of the model with recent ground 

truths. Additionally, the size of the dataset along with the fact that the neural networks require 

more data to be trained properly is a crucial factor to prevent good fitting. Therefore, deep neural 

network forecasting models will be employed on bigger datasets, once they will be available in 

the project. 

3.2 Flexibility Forecasting  

Energy flexibility refers to the ability of a power system to adjust energy demand to the available 

generated power [6]. In the literature, there are different approaches for predicting energy 

flexibility, from classifying buildings according to their ability to adjust their energy demand [6], to 

quantifying and predicting flexibility alongside energy demand  [7]. Moreover, incentives were 

proposed to be provided to consumers to limit their consumption at time intervals when system 

peak demand is forecasted [8]. 

Flexibility forecasting is a service that is required mostly by Pilot 3 and Use Cases 7 and 8. 

However, the data for energy demand that have been provided so far are insufficient in terms of 

quantity, and therefore the Flexibility Forecasting service’s prototype has not been developed so 

far. Of course, the requirements and the technical specifications of flexibility services can be 

found on the deliverable D2.1 [9]. 
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4 Visual Analytics Service 
The service provides a visual dashboard for data related to electricity consumption centres such 

as EV charging stations and buildings.   

Scope: 

Present real time data related to electricity demand in building and EV charging stations in user 

friendly way. Focus is placed on spatial representation. Demand centres are represented as 

points on a map and user can access data through cards on the map and demand centre specific 

dashboards. 

Development Progress 

The visual analytics engine has been used in DTs for Electrical Communities deployment as 

described in 2.2 

The technology stack used for the Visual analytics engine is the following: 

• Python Django back-end 

• WebSocket connection protocol:  

Connection between visual analytics server and the IoT energy consumption devices 

such as smart meters and EV charging stations is realized via WebSocket protocol. 

Each IoT device needs to be initialized with a placeholder file on server side before 

connection. After the initialization has completed on server side, connection url is 

inputted using the device firmware app. The name of the placeholder file on the server 

must also be provided for security reasons. On successful connection the device starts 

transmitting “heartbeat” data to the server indicating its current status on customizable 

time intervals.  

• PostgreSQL + PostGIS database to handle special data from assets 

• NextJS front-end 

Alpha version for the visual analytics engine has been deployed. More than 40 energy 

consumption assets (predominantly EV charging stations) have connected via Web Socket 

protocol and provide data to the engine. 

Visual analytics engine features a historical data page where users can review and export 

datasets related to the asset operation, these datasets will be used in energy consumption 

forecast models that are essential for deliverable 4.2 Digital Twins for Energy communities 

Table 15 - Functional Characteristics of the Visual Analytics Engine 

Type of service - implementation specifics 

Online/offline Online (Web app) 

Execution frequency 

  

Can be defined by station owners. 5 min 

interval between status updates on average 

Developing language Python Django, React, Redux 
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Connections • Connection to building administrator 

(BMS) , energy provider of charge 

point operator web hooks 

• Connecting to directly to IoT devices 

via Websocket protocol.  

 

 

Data requirements 

Input data 1. Data from building smart meters 

a. 10 min update intervals 

b. Timestamp 

c. Device status (available, operating, offline, fault) 

d. Capacity (in kW) 

e. KWh in current session. 

f. Device type 

g. location 

2. Historical data 

a. On request via online platform by specifying date and 

asset 

b. Duration and kWh per past session 

c. End reason for past sessions 

 

Output data 

  

1. Spatial representation of energy demand centres in dynamic 

map with relevant visual information (status, capacity level) 

2. Real time status dashboard in web environment for each asset 

3. Past session visualization and data set exports 
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Screenshots 

 

Figure 26 - Front end enabling station owners to navigate to single asset page 
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5 I-NERGY Marketplace/toolbox 
In the context of the I-NERGY project at the PaaS level (Platform as a Service level), a toolbox 

called I-NERGY Marketplace will offer a set of tools dedicated for SMEs, potential innovators and 

developers to design and develop potential new services at scale in the field of the energy sector. 

The I-NERGY Marketplace at this aim will provide a sort of virtual workbench with an easy to use 

and user-friendly web User Interface to facilitate the activities of the final user in creating new 

services together with a unique access point for a set of project datasets collected during the 

ingestion phase in the Data Service layer and a set of ML models created within the context of the 

project and shared to the platform thanks to the I-NERGY ML models library. 

I-NERGY envisions the following functionalities/tools provided at the I-NERGY Marketplace level 

that will be better described in section Error! Reference source not found. and section 5.3: 

• Energy Data & Services Innovation Hub: This tool will provide SMEs, developers and 

potential innovators a graphical UI to develop in scale new applications on the base of 

the project and not only data sets and the available library of the developed and trained 

models being produced by I-NERGY. 

• Model/Resources Selection Cockpit: This component will provide to the Marketplace a 

library/catalogue of reusable AI-based ML models developed within the I-NERGY project. 

It will be possible to select the specific algorithms/models among a set of available ones 

(classification via ML, correlation, feature extraction) and the type of analytic to be 

executed (descriptive, predictive, prescriptive). Marketplace thanks to this catalogue will 

promote quick adaptation and reuse of ML models in different contexts. 

During the first project phase evaluating the solution requirements, as from GA the Knowage 

suite13 has been analysed and chosen as the candidate for the creation of the needed 

functionalities thanks to its already existing features to be customized and updated and the 

possibility to extend the existing ones with the missing. In particular, the Knowage suite offers 

several functionalities to meet all the management and analysis of different data sources, already 

trained ML models, with the business intelligence suite. Besides the possibility to select data and 

ML models and develop specific functions on these, the Knowage suite will allow the user to 

visualize the results of the elaboration via dedicated dynamic widgets like tables and charts and 

so on.  

At this stage of the project, to evaluate the Knowage suite functionalities and identify the new 

ones to be developed, the last available software version has been installed using a dedicated VM 

on-premise. Knowage suite offers different approaches for the installation that are described in 

the official documentation14. Our choice according to the main followed project deployment 

approach was to adopt Docker technologies. 

 
13 Knowage official web site: https://www.knowage-suite.com/site/ 
14 Knowage installation manual: https://knowage-suite.readthedocs.io/en/7.4/installation-
guide/index.html 
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5.1  I-NERGY Marketplace/toolbox conceptual 

architecture 

The I-NERGY Marketplace is placed into the I-NERGY conceptual architecture within the Energy 

Analytics Application layer and is part of the PaaS module. It will provide a platform to simulate 

and develop potential new services in the context of the energy sector for SMEs and developers 

interested in it. 

 

Figure 27 - I-NERGY conceptual architecture 
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The next image shows the architecture of the I-NERGY Marketplace and the interaction between 

the different modules and layers. This module is connected to the Data service and AI Trained 

Models layers via the project data sets and the ML models library that will share the already 

trained model within the I-NERGY project and the AI4EU Marketplace. 

 

 

Figure 28 - I-NERGY Marketplace conceptual architecture 

5.2 Energy Data & Services Innovation Hub 

 

This tool will provide SMEs, developers and potential innovators a graphical interface to facilitate 

the development and deployment of new applications on the basis of the existing data sets and 

the available set of the developed and trained models being produced by I-NERGY.  

The main functionalities that will be made available within this module are: 

• The data sources and data sets catalogue that will provide specific functionalities to 

configure the access to the project DB and create specific datasets from the available 

ones into the DB. It will also be possible to define other data sets that are not included in 

the database through the creation of datasets from CSV files or writing ad-hock Python 

scripts. In this first phase of the project, the DB has not been yet defined so will be used 

Python scripts or imported CSV files to test the first basic functionalities.  
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Figure 29 - Data sets catalogue example from Knowage suite documentation 

• The services/function catalogue that will offer a UI to create new services/functions 

writing specific scripts and accessing directly both to the datasets and relative structure;  

data defined into the data sets catalogue and to the ML models/resources catalogue that 

will be developed within the Model/Resources Selection Cockpit described into the 

section 5.3. This functionality will give the possibility to the developers to immediately 

test the written code having an internal Python engine to run the function and modify the 

code accordingly with the desired result.  

 

Figure 30 - Function catalogue example from Knowage suite documentation 

5.3 Model/Resources Selection Cockpit 

This component will allow the selection of the specific algorithms/models among a set of 

available ones (classification via ML, correlation, feature extraction) and the type of analytic to be 

executed (descriptive, predictive, prescriptive). The component will provide access to the Training 

Models Library and will ease the model configuration and calibration by providing estimation on 

their accuracy and performance. The library of reusable AI-based ML models will be made 

available to the Marketplace with a view to promote quick adaptation and reuse of ML models 

along with different contexts. 

The ML model/Resources catalogue will provide a view of the ML models available within the I-

NERGY Marketplace hierarchically organised. The UI will show information about the 

characteristics of each single ML model organised with specific attributes and metadata to 

highlight the main features and characteristics such as the usage of the model, input and output 
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data format, type, short description, accuracy and performance. All this information will assist the 

developers to choose the most appropriate ML model to reach the desired goals and work with it 

correctly and in an efficient way. This function will allow the user to load new ML models, remove 

obsolete ones and see where the ML model is used within the Energy data & Services Innovation 

Hub functionalities. 

At this stage of the project, the design and subsequent development of these components are 

ongoing, and the first functionality will be made available during the second project phase.  
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6 Interconnection with AI4EU platform 
Aiming at strengthening European-wise Research and Innovation on AI, interconnection with 

AI4EU platform and contribution to its offerings are central to the vision and the objectives of I-

NERGY project. In this respect, a dedicated deliverable [10] is prepared. Deliverable 2.4 provides 

an analysis of the AI4EU platform vision, goals and offerings as well as of the I-NERGY strategy 

for alignment and synergies with the AI4EU platform. 

Regarding the AI4EU platform offerings, the analysis contains, among others, the AI Catalog 

along with its asset types, the AI Community and the AI4EU Experiments Platform and its 

components, including the Marketplace and the Design Studio. The requirements and 

specifications for developing, on-boarding and publishing AI services to the AI4EU Experiments 

platform were examined in detail to clarify the process of uploading I-NERGY services to AI4EU 

Experiments Platform. On top of the uploading process, the procedure of composing pipelines 

utilising available assets within the Marketplace and using the Design Studio along with the 

process of downloading and deploying these solutions were described within D2.4, providing also 

relevant examples.  

Concerning the synergies between I-NERGY and AI4EU, D2.4 provides the I-NERGY approach to 

contributing to AI4EU, both involving AI assets but also in community and events level. In 

addition, within D2.4, I-NERGY use cases are mapped where possible with AI4EU resources that 

could be useful in the development phase of their services.  

6.1 Scenario involving a load forecasting service 

In the context of this deliverable, one of the developed forecasting models was selected in order 

to form the basis for the corresponding service which is developed according to AI4EU 

Experiments Platform specifications. In this section the whole process from the development to 

the deployment using the AI4EU Experiments platform is described.   

6.1.1 Development 

The forecasting model used to create the I-NERGY service in mention is the S(1, 1, 1, 24)ARIMA(4, 

1, 1, 1) model that has been described, in terms of performance in Section  3.1. The development 

procedure of this model was initially started using the stats package of R language performing a 

grid search based on the minimization of AIC. The best model was decided to be an S(2, 1, 1, 

24)ARIMA(4, 1, 1, 1) that was later downgraded for computational intensiveness purposes. The 

Python code for later fitting the model in Python is the following: 

sarima = sm.tsa.statespace.SARIMAX(endog=train, order=(4, 1, 1), 

 seasonal_order=(1, 1, 1, 24)).fit(max_iter=50, method='powell') 

The results of this model have already been presented in section 3.1 regarding various forecast 

types. This model was selected to be deployed, due to the flexibility offered by the statsmodels 

package, to update it with new ground truth values that can be appended to the model's memory 

as new occurrences of the time series that happen after its initial training period. However, no 

retraining is performed, allowing for up to-date albeit fast inference. 
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The abovementioned model was deserialised and stored in the pickle format. The next step was 

to create a model server capable of responding to client requests for forecasts. Additionally, the 

design studio requires gRPC framework to allow the deployment of services along with the 

connection amongst different pipeline modules. 

The developed gRPC service uses the protocol buffers language to define its interface and as the 

underlying message interchange format. The structure of the messages as well as the service 

interface is defined in a proto file as shown below. 

syntax = "proto3"; 

message Input { 

  int32 days_to_append = 1;  

  int32 days_ahead = 2; 

  int32 daily_steps = 3; 

  repeated double news = 4;  

} 

message Prediction { 

  repeated double load = 1;   

  repeated double datetime = 2; 

} 

service PredictLoad { 

  rpc GetLoadPrediction(Input) returns (Prediction); 

} 

Following the definition of the proto file, the protocol buffer compiler protoc is used to generate 

the request and response classes as well as the server and client classes. The gRPC service 

receives the client’s request message and generates the required input for the forecasting model. 

Upon receiving the prediction, the server generates the response message and sends it back to 

the client. The Python code for the service is shown below. 

from concurrent import futures 

import yaml 

import logging 

import grpc 

import load_prediction_pb2 

import load_prediction_pb2_grpc 

import predict_total_load as pr 

 

class PredictLoadServicer(load_prediction_pb2_grpc.PredictLoadServicer): 

    def GetLoadPrediction(self, request, context): 
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        logging.info(f'GetLoadPrediction service called with request {re

quest}') 

        # hold input in required format by model 

        model_input = {}  

 

        try: 

            model_input["days_to_append"]=request.days_to_append 

            model_input["days_ahead"]=request.days_ahead 

            model_input["daily_steps"]=request.daily_steps 

            model_input["news"]=request.news 

        except Exception as e: 

            logging.error('error occured while accessing request',e) 

            context.set_details('please verify that input is valid') 

            context.set_code(grpc.StatusCode.INVALID_ARGUMENT) 

            return load_prediction_pb2.Prediction() 

 

        response = pr.predict_load(model_input) 

        return load_prediction_pb2.Prediction(load = response.values, da

tetime = response.index.values ) 

 

def serve(): 

    server = grpc.server(futures.ThreadPoolExecutor(max_workers=10)) 

    load_prediction_pb2_grpc.add_PredictLoadServicer_to_server(PredictLo

adServicer(), server) 

    server.add_insecure_port(('{}:{}').format(config['server']['host'], 

config['server']['port'])) 

    server.start() 

    logging.info('load_predict server starts listening at {}:{}'.format(

config['server']['host'], config['server']['port'])) 

    server.wait_for_termination() 

 

if __name__ == '__main__': 

    logging.basicConfig(level=logging.DEBUG) 

    with open("config.yml", "r") as ymlfile: 

        config = yaml.safe_load(ymlfile) 

    serve() 
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The following Python code acts as a wrapper method of the developed forecasting model that is 

utilised by the gRPC service for the calculation of the prediction. 

import statsmodels 

import statsmodels.api as sm 

 

def predict_load(input_dict, model_path='/models/tal_sarima.pkl'): 

    sarima = statsmodels.tsa.statespace.sarimax.SARIMAXResults.load('mod

els/tal_sarima.pkl') 

    news = input_dict['news'] 

    sarima = sarima.append(news) 

    predictions = sarima.forecast(input_dict['days_ahead'] * input_dict[

'daily_steps']) 

    print(predictions) 

    return predictions 

 

6.1.2 Onboarding on AI4EU experiments 

In order to onboard the developed solution on AI4EU experiments platform the application shall 

be at first dockerised and the docker image shall be uploaded on an image repository. For the 

needs of the project, a repository on DockerHub15 was used. Then the onboarding form of the 

AI4EU experiments platform shall be filled.  

 
15 https://hub.docker.com/ 
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Figure 31: Onboarding form filled 

6.1.3 Deployment 

Following the onboarding process the solution has been downloaded through the deploy to local 

option of the AI4EU experiments platform. For the local deployment a minikube cluster was used. 

The deployment process is summarized in the following steps: 

• Extract downloaded solution. 

• Create kubernetes namespace for the solution. 

o kubectl create ns <namespace_name> 

• Inside solution’s folder locate and run the setup script. 

o python .\kubernetes-client-script.py -n <namespace_name> 

• Verify the status of the created pods. 

o kubectl get pods –n <namespace_name> 

6.1.4 Service Demonstrator 

The service in mention will be an inference server serving load forecasts trained on the total load 

data from 2020-11-05 to 2021-06-19. The server accepts client requests of the structure that is 

demonstrated in the client code snipped below, and specifically assigned to the variable 

SAMPLE_DATA. 

That means that the client needs to form a gRPC query against the server containing a sequence 

of new ground truth values (y_news) of configurable length (by the variable days_to_append) that 

will extend the served model and ask for a specific forecasting horizon of future values (length 

configured by days_ahead). Undoubtedly, it is very useful that the service allows, for a 

configurable forecasting horizon as from what it was shown in Section 3.1.2.1 different 
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forecasting horizons resulted to entirely different performances for the SARIMA forecasts with 

those between 2 and 10 timesteps being the most accurate. Another configurable parameter of 

the request is the "daily_steps" parameter which allows for shorter / longer than 24 hours long 

forecasts before updating the model's ground truth depending on the specific use case. This final 

request is delivered as a gRPC call through the stub.GetLoadPrediction Python method. 

The implementation of a python client is demonstrated in the following python code snippet. 

import grpc 

import yaml 

import logging 

import load_prediction_pb2 

import load_prediction_pb2_grpc 

import numpy as np 

import pandas as pd 

 

SAMPLE_DATA = { 

    "days_to_append": 6, 

    "days_ahead": 1, 

    "daily_steps": 24, 

    "news": np.random.normal(2.3, 30, 6 * 24), #size parameter = days_to

_append * daily_steps 

} 

 

def get_load_prediction(stub): 

    return stub.GetLoadPrediction( 

        load_prediction_pb2.Input( 

            days_to_append=SAMPLE_DATA["days_to_append"], 

            days_ahead=SAMPLE_DATA["days_ahead"], 

            daily_steps=SAMPLE_DATA["daily_steps"], 

            news=SAMPLE_DATA["news"], 

        ) 

    ) 

 

def run(): 

    with grpc.insecure_channel( 

        ("{}:{}").format(config["client"]["host"], config["client"]["por

t"]) 
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    ) as channel: 

        stub = load_prediction_pb2_grpc.PredictLoadStub(channel) 

        try: 

            response = get_load_prediction(stub) 

        except grpc.RpcError as e: 

            print(f"grpc error occured:{e.details()} , {e.code().name}") 

        except Exception as e: 

            print(f"error occured: {e}") 

        else: 

            df = pd.DataFrame( 

                {"Forecasted Load (kWh)": list(response.load)}, 

                index=pd.to_datetime((list(response.datetime))), 

            ) 

            df.index.name = "Datetime" 

            print(df) 

 

if __name__ == "__main__": 

    logging.basicConfig(level=logging.DEBUG) 

    with open("config.yml", "r") as ymlfile: 

        config = yaml.safe_load(ymlfile) 

    run() 

The gRPC channel, which provides the connection to the developed gRPC service, shall be 

configured with the appropriate values of the server’s host and port. To locate these values, the 

details of the kubernetes service for the running applications should be located along with the 

public IP address of the node where the application is running16. In case of minikube local cluster, 

the command, minikube service --url <service-name> –n <namespace_name>, can 

be used to fetch the minikube IP and NodePort of the desired service, and will create also the 

network route between the host and the service in case that it does not exist depending on the 

minikube configuration. The values of the host and port were configured in a separate yaml file 

as following, without that to be a requirement. 

server: 

  host: '[::]' 

  port: 8061 

client: 

 
16https://kubernetes.io/docs/tasks/access-application-cluster/service-access-application-cluster/ 

https://kubernetes.io/docs/tasks/access-application-cluster/service-access-application-cluster/
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  host: 127.0.0.1 

  port: 54131 

The results of a simple client request are shown below: 

Datetime    Forecasted Load (kWh) 

2021-06-26 00:00:00      2.399 

2021-06-26 01:00:00      2.371 

2021-06-26 02:00:00      2.375 

2021-06-26 03:00:00      2.364 

2021-06-26 04:00:00      2.370 

2021-06-26 05:00:00      2.385 

2021-06-26 06:00:00      2.400 

2021-06-26 07:00:00      2.329 

2021-06-26 08:00:00      2.264 

2021-06-26 09:00:00      2.178 

2021-06-26 10:00:00      2.160 

2021-06-26 11:00:00      2.168 

2021-06-26 12:00:00      2.072 

2021-06-26 13:00:00      2.116 

2021-06-26 14:00:00      2.190 

2021-06-26 15:00:00      2.244 

2021-06-26 16:00:00      2.044 

2021-06-26 17:00:00      2.095 

2021-06-26 18:00:00      2.155 

2021-06-26 19:00:00      2.202 

2021-06-26 20:00:00      2.219 

2021-06-26 21:00:00      2.278 

2021-06-26 22:00:00      2.371 

2021-06-26 23:00:00      2.397  
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7 Best Practices for Energy Analytics Services 
and Testing Plan 

7.1 Software Quality Assurance 

In modern software development, software quality is of increasing importance. In every project, 

an effective way of measuring the quality and the progress accomplished is needed, especially in 

those where different teams, consisted of a lot of developers, are involved. Thus, during the 

whole software application development, it is necessary to specify a process that certifies the 

software application for its quality. This process is called Software Quality Assurance. 

Consequently, a software assurance plan was composed, in order to provide a single point of 

reference on the software quality that will be followed during the course of the project. This 

software quality assurance plan includes the standards, processes and procedures that are 

adopted during the project, as well as the monitoring mechanisms for their execution and 

improvement. 

The software structural quality characteristics have been clearly defined by the Consortium and 

were based on the IT Software Quality17 (CISQ), an independent organisation founded by the 

Software Engineering Institute at Carnegie Mellon University.  

CISQ has defined 5 major desirable quality characteristics of a piece of software that need to be 

achieved: 

 Reliability: An attribute of resiliency and structural solidity. Reliability measures the level of 

risk and the likelihood of potential application failures. It also measures the defects injected 

due to modifications made to the software (its “stability” as termed by ISO).  

 Efficiency: The source code and software architecture attributes are the elements that 

ensure high performance once the application is in run-time mode. Efficiency is especially 

important for applications in high execution speed environments such as algorithmic or 

transactional processing where performance and scalability are paramount.  

 Security: A measure of the likelihood of potential security breaches due to poor coding 

practices and architecture. This quantifies the risk of encountering critical vulnerabilities that 

damage the business. 

 Maintainability: Maintainability includes the notion of adaptability, portability and 

transferability (from one development team to another).  

 Size: The sizing of source code is a software characteristic that obviously impacts 

maintainability. 

Regarding the Integration and Testing plan, the methodology that has been followed in I-NERGY 

project is based on the Systematic Test and Evaluation process (STEP) approach [11]. The main 

concept of this approach is that an overall testing plan is designed in detail, taking into account 

that testing in the first stages of the development will eliminate errors and bugs. Thus, most of 

 
17 http://it-cisq.org/ 
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the issues can be resolved prior to their occurrence during the initial testing stages. Therefore, 

the fundamental guideline of this approach is the design of the testing framework as well as the 

corresponding test use cases to take place as early as possible. The design of the testing 

framework will be based on the specific objectives and requirements of the project, without 

anticipating the software design process to be completed or the first release of the software. 

Specifically, the testing of individual components (unit testing) will be implemented in the early 

stages of the project. After the unit testing, the integration tests will be realised.  

7.2 Source Code Management 

7.2.1 Git 

The source code management is crucial for the successful development of the necessary tools 

for every project. Effective source code management can help the developers save time and 

effort by avoiding errors, bugs and back and forth interactions that could arise because of them. 

Thus, the selection of a fitting source code management tool is very important, as it can affect 

the whole project. Additionally, it is preferable that the decision is made during the first steps of 

the project, since the migration of the code can be a dangerous process. 

Git is a free and open-source distributed version control system designed to handle everything 

from small to very large projects with speed and efficiency18. 

The Git feature that really makes it stand apart from nearly every other SCM out there is its 

branching model. Git allows and encourages the developers to have multiple local branches that 

can be entirely independent of each other. The creation, merging and deletion of those lines of 

development takes seconds. 

In this way, a list of capabilities is available: 

 Frictionless Context Switching. Create a branch to try out an idea, commit a few times, 

switch back to where you branched from, apply a patch, switch back to where you are 

experimenting, and merge it in. 

 Role-Based Codelines. Have a branch that always contains only what goes to production, 

another that you merge work into for testing, and several smaller ones for day-to-day work. 

 Feature Based Workflow. Create new branches for each new feature you're working on so 

you can seamlessly switch back and forth between them, then delete each branch when that 

feature gets merged into your main line. 

 Disposable Experimentation. Create a branch to experiment in, realize it's not going to work, 

and just delete it - abandoning the work—with nobody else ever seeing it (even if you've 

pushed other branches in the meantime). 

There is a variety of open-source tools that can work using the git technology. Some of them are 

GitHub19, GitLab20, Gitea21, etc. 

 
18 https://git-scm.com/ 
19 https://github.com/ 

https://github.com/
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7.2.2 Git Branching Methodology 

There are several reasons to use a methodology or workflow: 

 It allows releasing new features quickly and often. 

 It separates the work in progress without affecting software stability in the integration 

process. 

 It promotes agility and the developers do not waste time resolving unneeded conflicts. 

The Git Branching Methodology is helpful in order to comply with the following goals: 

 Code conflicts and integration problems are discovered as soon as possible. It is definitely 

better to fix small features or bugfix often and receiving feedback than to fix large problems 

less often. 

 The whole technical team uses this scheme in a daily basis, so the workflow must be clear. 

simple and easy to apply. 

The GIT branching model proposed is the GitFlow workflow22 which is based on keeping the 

master branch flawless after passing the integration tests. 

Instead of a single main branch, this workflow uses two (or more) branches to record the history 

of the project. The Main (master) branch stores the official release history, and the Develop 

branch(es) serves as an integration branch for features. It's also convenient to tag all commits in 

the main branch with a version number. 

The GitFlow branching model is based in creating a Develop branch in order to integrate all the 

features implemented during the development cycle. All the issues extracted generate a new 

branch starting from the develop branch with the name “feature-number-issue-DoesThis” (two 

words description). Consequently, all the merges are done in the develop branch. 

The integration process can be done via Merge requests. The changes are made on the Develop 

branch and, after assuring their quality and functionality, the Develop branch is merged with the 

Master branch. As a result, the latter includes all the latest changes that are functional. It is 

preferrable to work in small features and integrate to the Master branch often. In this way, it is 

possible to face the conflicts that could arise in advance. Consequently, it is feasible to generate 

releases from the master branch at any given time.  

In order to fulfil this objective, the Main branch is only updated from the Develop branch by the 

administrator, who has the responsibility to manually merge the two branches, using the tools 

that GitLab provides. The result must be a fully clean merge, with quality code which passes all 

the tests that have been specified. 

 

 

 

 

 

20 https://about.gitlab.com/ 
21 https://gitea.io/en-us/ 
22 https://about.gitlab.com/topics/version-control/what-is-git-workflow/ 
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Figure 32: GitFlow Workflow schema23 

7.2.3 Features and Repository branches 

The process to create a new branch is the following:  

 Once a new feature or issue in GitLab is created, it is assigned to one of the developers, the 

person assigned synchronizes his/her develop branch accordingly and creates a new branch 

from develop, following the naming convention feature-99-DoesThis 

 In order to create a branch, firstly the develop branch is synchronized: 

o git checkout develop 

o git pull 

o git checkout -b feature-99-DoesThis 

o git push -u origin feature-99-DoesThis 

 In order to access in the local to the branch previously created by someone: 

o git fetch 

o git branch -r 

o git checkout feature-XX-DoesThis 

7.2.4 Code Commits 

It is very useful for the developers to commit the applied changes often and to accompany the 

commits with clear and explanatory messages.  

In this way, it is ensured that once a merge request is raised, the code review process will be easy 

and straight-forward, since the commits will be clear and detailed.  

 
23 https://www.atlassian.com/fr/git/tutorials/comparing-workflows/gitflow-workflow 
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The commit messages must be aligned with the following rules: 

 Separate subject from body with a blank line. 

 Limit the subject line to 50 characters. 

 Capitalize the subject line. 

 Do not end the subject line with a period. 

 Use the imperative mood in the subject line. 

 Wrap the body at 72 characters. 

 Use the body to explain what and why VS how. 

 In the commit message, a solved issue is marked by using the character “#”, with keywords 

like “Fix”, “Resolve” or “Close”. 

7.2.5 Merge Requests 

Merge requests allow to exchange source code changes and the collaboration with other 

developers on the same project. The process of Merge Requests of I-NERGY project is as follows. 

 The developer creates a branch with the name of the feature that must be developed:  

• git checkout -b feature-XX-DoesThis 

 The developer begins the development of the corresponding feature, commits the changes 

often, accompanies the code updates with clear messages about the feature that was 

developed and the new functionalities that have been added: 

• git commit -m “My feature is ready” 

 The developer pushes the branch to the remote branch: 

• git push origin feature-XX-DoesThis 

 The developer reviews the code on commits page to check if it is functional. 

 The developer creates a Merge Request clearly describing the functionality/pending issues. 

 The administrator reviews the code, comments, and discusses it if needed and finally merges 

it to the develop branch. 

7.3 Testing Plan 

7.3.1 Unit Testing 

The main objective of this sub-section is to briefly describe the approach that will be applied 

regarding unit tests in the I-NERGY project. This description cannot be exhaustive, given the fact 

that the software development is still in progress.  

Unit tests are the tool to examine the functionality of individual components across the platform. 

In the case of this project, the quality of each component/layer developed in the corresponding 

work package/task will be guaranteed by unit tests.  
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An appropriate unit test is applied to each part of code and each component, having no 

dependencies with other parts of code. Thus, the developer of each layer is testing the 

functionality of each component before its final integration into the platform.  

7.3.2 Integration Testing 

Testing is still the primary means for quality assurance nowadays. A lot of testing techniques that 

have been proposed in the past, mainly focus on module testing. However, in practice, integration 

testing is often the most time consuming and expensive part of the testing [12]. 

Once the development of all the individual components is finished, they are ready to be integrated 

into one system which will then be tested in order to check if it works seamlessly and if it meets 

the specifications that have been set. 

This kind of testing is referred to as Integration Testing24, as it tests the integration of the 

separate units into the overall system. Specifically, Integration Testing’s aim is to diagnose 

design errors of the system or the system’s units’ specifications, as well as the interaction and 

the interfacing between them. 

As long as the different units of the system are tested in combinations, eventually all the units 

comprising a process, will be tested together. The discovered errors during the integration testing 

are mainly related to the interfaces between them, as all units have already been tested 

separately during the unit testing portion of the testing process. 

There are various strategies to perform Integration Testing. The most common of them are listed 

and briefly explained below:  

 The Top-Down approach (Figure 33) achieves step-by-step verification of the interfaces 

among components that operate under a common control strategy. This control strategy 

dictates the order of development, integration and testing. Top-down integration interleaves 

component scope testing and integration of a system of components. 

 
24 “Integration Testing: What is, Types, Top Down & Bottom Up Example.” https://www.guru99.com/integration-
testing.html (accessed Jul. 08, 2021). 



  

65 

 

Deliverable 4.1: I-NERGY Analytics Applications (1st technology release) 

I-NERGY - Deliverable 4.1: I-NERGY Analytics Applications (1st technology release) 

 

Figure 33: Top-Down approach for Integration Testing 

Table 16: Advantages & Disadvantages of the Top-Down Approach 

Advantages Disadvantages 

Fault localization is easier Modules at a lower level are tested inadequately 

Possibility to obtain an early prototype  

Critical Modules are tested on priority; 

major design flaws could be found and 

fixed first. 

 

 

 The Bottom-Up approach (Figure 34) achieves step-by-step verification of the interfaces 

between tightly coupled components. It interleaves component scope testing and integration 

of system components. Components with the lowest number of dependencies are tested 

first. 
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Figure 34: Bottom-Up approach for Integration Testing 

Table 17: Advantages & Disadvantages of Bottom-UP approach 

Advantages Disadvantages 

Fault localization is easier 

Critical modules (at the top level of software 

architecture) which control the flow of 

application are tested last and may be prone to 

defects 

No time is wasted waiting for all modules to be 

developed 
An early prototype is not possible 

 

 The hybrid approach (Figure 35) uses a combination of the top-down and the bottom-up 

approach and performs testing with functional data along with control flow paths. Firstly, the 

inputs for functions are integrated in the bottom-up pattern discussed above. The outputs for 

each function are then integrated in the top-down manner. 
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Figure 35: Hybrid approach for Integration Testing 

For this project, the hybrid approach was chosen, as it allows multitarget testing to occur in 

parallel. This approach may require potential software components and subcomponents to be 

simulated for the sake of testing before they become operational, but overall allows for a greater 

test coverage of the overall framework. 

7.3.3 User Acceptance Testing 

Errors in requirements’ specifications have been identified as a major contributor to costly 

software project failures. Consequently, it would be highly beneficial if information systems’ 

developers could verify requirements by predicting workplace acceptance of a new system based 

on user evaluations of its specifications measured during the earliest stages of the development 

project, ideally before building a working prototype [13].  

Acceptance tests are high-level tests created by business customers, ideally in collaboration with 

analysts, end users, developers and testers.  

Acceptance cards are created before the development so that the developers can understand 

clearly what they have to develop. Furthermore, acceptance cards can be created during the 

iteration planning. It is often the case that acceptance tests include more than one story (not 

implemented in the same iteration) and there are plenty of ways to test them. A well-known 

approach is to simulate the case in which external interfaces or data from other stories, with low 

probability to happen in the same iteration (since these stories have lower business priority), are 

co-existing. It goes without saying that a user story is considered completed after all the 

acceptance tests have passed. 

Regarding the I-NERGY project, the needs of user acceptance that will be implemented will derive 

from the needs of the Use Cases described in D2.1 - I-NERGY Technology Requirements & User 

Stories. 
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7.3.4 Requirement Coverage 

The Integration and Testing plan is also taking into account the coverage of the requirements of 

the I-NERGY project. These requirements have been shaped based on the Use Case scenarios, 

which have already been finalized and presented in D2.1 - I-NERGY Technology Requirements & 

User Stories. For that reason they will not be mentioned in detail here. 

Effort will be put towards ensuring the requirements are satisfied, considering the main principles 

of Software Quality. In short, this entails the following: 

 Functional Sustainability 

o Functional Completeness 

o Functional Correctness 

o Functional Appropriateness 

 Performance Efficiency 

o Time Behaviour 

o Resource Utilisation 

o Capacity 

 Compatibility 

o Co-existence 

o Interoperability 

 Usability 

o Learnability 

o Operability 

o User Error Protection 

o User Interface Aesthetics 

o Accessibility 

 Reliability 

o Maturity 

o Availability 

o Fault Tolerance 

o Recoverability 

 Security 

o Confidentiality 

o Integrity 

o Non-repudiation 

o Authenticity 
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o Accountability 

 Maintainability 

o Modularity 

o Reusability 

o Analysability 

o Modifiability 

o Testability 

 Portability 

o Modafiability 

o Installability 

o Replaceability 

Adhering to all these principles, with an individual focus on the requirements, as expressed 

through the use case scenarios, the resulting platform will guarantee the quality of its individual 

components and the set itself. 
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8 Conclusion and next steps 
This deliverable demonstrates the first prototype of several Energy Analytics Applications and the 

methodology that will be followed for the rest of the envisaged Energy Analytics Applications. 

Furthermore, it demonstrates with examples the interconnection with the AI4EU, and finally, 

provides the best practices and the testing approach, that will be followed for the Energy 

Analytics Applications in order to be reliable and compliant with the requirements that have been 

defined by the pilot partners. 

The next steps for Energy Analytics Applications include the development of the first version of 

the services for which the prototype is not yet implemented, as well as the improvement of the 

developed applications, based on the feedback received from pilot partners and using more 

extensive and complex datasets, once they will be available. Moreover, the developed services 

will be tested in terms of functionalities, reliability and efficiency and will be updated accordingly. 

Finally, for some services an intuitive user interface will be built, in order to facilitate their usage 

by non-technical users. 
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